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Abstract—LiDAR and cameras are frequently used as sensors
for simultaneous localization and mapping (SLAM). However,
these sensors are prone to failure under low visibility (e.g.
smoke) or places with reflective surfaces (e.g. mirrors). On the
other hand, electromagnetic waves exhibit better penetration
properties when the wavelength increases, thus are not affected
by low visibility. Hence, this paper presents ultra-wideband
(UWB) radar as an alternative to the existing sensors. UWB
is generally known to be used in anchor-tag SLAM systems. One
or more anchors are installed in the environment and the tags
are attached to the robots. Although this method performs well
under low visibility, modifying the existing infrastructure is not
always feasible. UWB has also been used in peer-to-peer ranging
collaborative SLAM systems. However, this requires more than
a single robot and does not include mapping in the mentioned
environment like smoke. Therefore, the presented approach in
this paper solely depends on the UWB transceivers mounted on-
board. In addition, an extended Kalman filter (EKF) SLAM is
used to solve the SLAM problem at the back-end. Experiments
were conducted and demonstrated that the proposed UWB-based
radar SLAM is able to map natural point landmarks inside an
indoor environment while improving robot localization.

Index Terms—Range Sensing, SLAM.

I. INTRODUCTION

IMULTANEOUS localization and mapping (SLAM) is es-
S sential for a mobile robot to navigate through a previously
unexplored environment to accomplish a given task. SLAM
algorithms usually rely on the sensors attached to the robot.
Hence, it is of interest to explore new sensing technologies to
overcome the limitations of the existing methods.

At present, the most common exteroceptive sensors in
SLAM are light detection and ranging (LiDAR) and optical
camera systems [1], [2]. LIDAR uses laser beams to measure
distance using time-of-flight, thus ambient lighting conditions
do not affect its performance. LiDAR is widely used in state-
of-the-art SLAM systems due to high accuracy and high
sample density [3], [4]. Unlike LiDAR, typical visual cameras
can be used in well-lit surroundings only. Furthermore, the
light sources of both LiDAR and camera operate near the
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Fig. 1: (a) Popular sensors used in SLAM along the electromagnetic
spectrum and the appropriate wavelength should be utilized based on
the situation/environment. (b) A potential application of UWB radar
SLAM: a rescue robot trying to carry out operations in a vision denied
indoor environment.

visible frequency region in the electromagnetic spectrum (see
Fig. la). As a result, these optical measuring instruments
are prone to fail under low visibility. This critically affects
autonomous systems in adverse indoor conditions such as
smoke and mirrors [5]-[7].

Sound navigation and ranging (sonar) is a good alternative
to perform under low visibility, especially in underwater
environments [8], [9]. Sonar deploys acoustic waves to detect
objects. However, both optical and sonar systems suffer from
the refraction effect. This is a key issue while navigating in
high temperature environments, especially when it comes to
fire-rescue missions and operations inside mines.

Considering these facts, recently, there have been several
studies to exploit radio frequency (RF) bands instead of
dedicated sensors for SLAM. RF signals are not significantly
affected by temperature or low visibility weather [10]. Hence,
the robot can be localized by ubiquitous narrowband RF
systems such as Wi-Fi and Bluetooth which use received signal
strength indication (RSSI) with trilateration or comparing the
radio fingerprints [11], [12]. However, these systems depend
on the existing infrastructure such as Wi-Fi access points and
Bluetooth beacons. On the other hand, wideband RF sys-
tems such as mmWave frequency-modulated continuous wave
(FMCW) radar and pulse-modulated ultra-wideband (UWB)
radar are also used in SLAM systems [5], [13]-[16].
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Fig. 2: (a) X4M300 UWB radar sensor. (b) X4M300 functions as a
monostatic radar module.

This paper proposes a UWB radar-based system for a single
mobile robot (mono-agent) to solve the SLAM problem in a
vision denied indoor setting (see Fig. 1b) while generating
a landmark-based map and estimating the pose of the robot.
Most importantly, the proposed method entirely depends on the
onboard sensors of the robot. Furthermore, a simple outlier
filtering scheme has been proposed before fusing the radar
observations with odometry.

The contributions of this paper are summarized as follows.

o We present an UWB radar-based anchorless SLAM sys-
tem mobile robot which is capable of loop closure using
point landmarks identified inside indoor environments;

o We propose removal of detected false observations using
density-based spatial clustering of applications with noise
(DBSCAN) to detect point landmarks;

o Experiments were performed to evaluate the proposed
approach in different indoor environments;

The rest of the paper is organised as follows. Related work is
discussed in Section II. Section III gives an insight to UWB
including the radar sensor used in our approach. A detailed
explanation of the proposed approach is given in section
IV which covers all the key aspects: signal acquisition and
processing, trilateration, outlier removal using density-based
clustering, and EKF SLAM with unknown correspondences.
Section V validates the proposed approach in a real-world
scenario. Finally, Section VI concludes the paper.

II. RELATED WORK

Most UWB-based robot localization approaches use anchor-
tag sensor configurations. In such systems, a single or multiple
anchors are usually fixed to known locations in the environ-
ment and the tags are mounted on the robots. The anchors
are localizing the robot using two-way ranging (TWR)-based
trilateration or by employing both TWR and angle-of-arrival
information [19]-[21]. The predominant limitation of anchor-
tag approach is that the robot depends on the existing infras-
tructure (i.e. pre-installed anchors).

The other major approach towards anchorless collaborative
localization is by using peer-to-peer range measurements be-
tween multi-agents [22], [23]. In addition to localization, map
building has also been studied under adverse conditions using
UWB radar [10], [24].

There have been several studies which use a posteriori
knowledge of the environment to perform UWB radar SLAM
without anchors [15], [25]. These studies have been inspired
from BatSLAM [26] which is an adaptation of RatSLAM [27].
The basic idea is to mimic the rat’s brain where it gathers
experiences about the surrounding by remembering its pose
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Fig. 3: (a) X4M300 radiation pattern (max antenna gain: 5.915 dB)
(b) Azimuthal detection range of X4M300 [17], [18].

and distinct visual scenes. Nonetheless, this method keeps
a large dataset of previous observations (e.g. spectrograms
[15] or cochleograms [26]) and requires high computational
cost in order to compare the current place descriptor with the
database. The major limitation is that the radar observations
being susceptible to minor perturbations in the environment
due to multipath propagation.

Moreover, DeiB3ler et al. [28], [29] have used an onboard
Bat-type UWB radar to perform SLAM using the detected
features in the environment such as walls, points and corners.
They have mainly focused on evaluating mapping accuracy
using a precisely moving mechanical platform as well as
odometry. However, they have not performed loop closure
with their trajectory and the move-stop-rotation policy during
the observations is quite tedious in practice. Moreover, their
antenna setup takes a considerable footprint compared to off-
the-shelf UWB radar modules.

In contrast to the above methods, the proposed system uses
noisy odometry data along with the observations from oft-
the-shelf UWB radar modules to realize anchorless SLAM.
We have systematically evaluated both mapping and local-
izing performance of the proposed system inside indoor en-
vironments with loop closures. Leveraging on simplicity in
design and versatility, UWB radar SLAM systems generate
sufficiently accurate results, and is deemed to be low cost and
consume less power compared to FMCW radar [10].

III. BACKGROUND OF ULTRA-WIDEBAND

UWRB is referred to in radio technology as a -10dB band-
width that is larger or equal to 500 MHz or a fractional band-
width greater than 20%. This technology is generally used to
communicate between two devices and for indoor positioning
(i.e. TWR discussed earlier) [30]. However, this study mainly
focuses on utilizing UWB radar towards anchorless mobile
robot SLAM. UWB radar is deemed to have a high range
resolution and ability to distinguish multiple targets due to
high bandwidth and ultra-narrow pulses [31]. Hence, UWB
radar is also called impulse radar UWB (IR-UWB) and it is a
prominent sensing principle for vital sign detection [32]-[34].

There are two types of radar: pulsed and continuous waves
(CW) in which UWB falls under the pulsed category. More-
over, there are three types of radar systems based on an-
tenna arrangement. i) Monostatic (i.e. transmitter and receiver
collocated) ii) Bistatic (i.e. transmitter and the receiver are
distant), and iii) Multistatic (i.e. a combination of monostatic
and bistatic systems with a shared area of coverage) [35].
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Fig. 4: Proposed UWB anchorless SLAM approach.

The principle sensor of the proposed setup is XeThru
X4M300 by Novelda (see Fig. 2a). It is a monostatic IR-
UWB radar module with inbuilt directional antennas for the
transmitter and receiver (see Fig. 2b). Hence, this module is
capable of ranging on its own [10], unlike tag-to-tag systems
[36]. As shown in the radiation patterns in Fig. 3, the main
lobe has an opening angle of 65° in both azimuth and elevation
with a detection range up to 9.4 m and the back lobe effect is
inconsiderable [17], [18], [37].

As mentioned in Section I, the other popular technology
in the context of radar SLAM is mmWave (which belongs to
FMCW). However, UWB is deemed to have higher accuracy
and signal to noise ratio (SNR) compared to FMCW. In
addition, FMCW tends to attenuate more in indoor settings
[33], [38]. Considering these facts, UWB is proposed in this
study to achieve anchorless radar SLAM.

IV. SYSTEM OVERVIEW

This section explains all the building blocks of the proposed
radar SLAM system. As shown in Fig. 4, there are five
major building blocks in the proposed SLAM system: acquire
observations (radar signal acquisition) and preprocessing, then
trilaterating the detections and remove outliers to obtain clear
observations. Finally, those observations are combined with
the odometry motion model in EKF SLAM.

A. Radar Signal Acquisition

In this paper, four XeThru UWB radar modules are attached
to the either side of the robot as shown in Fig. 5. The minimum
requirement to proceed with trilateration is having at least
two sensors at one side. Hence, additional sensors can be
added if required to improve both accuracy and precision of
the observations via trilateration. The detection zone of each
module lies between 0.2 m and 9.4 m. Peak amplitudes in the
radar readings correspond to radar observations from obstacles
in its field of view (FOV) as shown in Fig. 6. The subsequent
sections will explain the procedure and limitations encountered
while acquiring the peak amplitudes.

By default, the XeThru X4M300 has downconverted its
range readings to baseband with 181 samples (bins) to ease
post-processing. As a result, the spatial resolution of the
baseband output is limited to 5.1 cm. In order to improve
the resolution, the default settings were neglected, and the
raw readings were taken into consideration (see Fig. 6). The
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Fig. 5: Proposed radar sensor arrangement on a nonholonomic robot.
(a) Side perspective view. (b) Plan view.

raw readings have 1431 bins, so that the range is sampled
at 6.4 mm intervals, which is much better than the baseband
output. However, the raw signal is very noisy as expected.
Thus, the next part explains the steps carried out to denoise
the signal in order to obtain the necessary observations.

B. Signal Processing

Two steps are proposed to smoothen the noisy signal and
they are as follows:

1) Basic statistical filter (all amplitudes under the mean

amplitude will be removed. i.e. equalled to 0)
2) Then use Savitzky-Golay (SG) filter (fits a polynomial
of order n in a given frame length m)

Initially, a basic statistical filter removes background white
noise with near-zero amplitude. As a result, only the signif-
icant data points are sent to the SG filter, thus reducing the
computational load. SG filter is a finite impulse response low-
pass filter which fits f_len number of noisy data points to a
polynomial of order n using least squares method. SG filter
can smoothen a noisy signal while preserving its shape and
peaks [39] and an example is illustrated in Fig. 6b.

After smoothing the signal, local maxima (peak amplitudes)
have to be found in order to obtain radar detections. There
are two hyper-parameters to be considered: minimum peak
height (min_ph) and minimum peak prominence (min_pp)
(i.e. how much the peak stands out relative to other peaks).
These parameters were adjusted using trial and error methods
so that radar detections with low radar cross-sections (RCS)
are omitted. As mentioned earlier, a peak corresponds to a
target. Thus, two peaks from two nearby radar sensors are
trilaterated to obtain 2D positional observations.

C. Trilateration

Trilateration is the fundamental principle behind most of
the metrology systems in both 2D and 3D domains [40].
The basic idea of trilateration is depicted in Fig. 7 using
a pair of UWB radar modules. After detecting the peaks
from each radar scan cycle, the corresponding ranges to the
obstacles can be calculated (i.e. I1,lo < L). Here, L is a
user defined constraint to omit observations beyond that range
(i.e. similar to laser_min_dist and laser_max_dist in Hector
SLAM). According to the Eqn. (1), v depends on the azimuthal
FOV (0 = 65°) of the sensor. d is the distance between two
radar sensor modules.

(r—0)

2

V= (D
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Fig. 6: Raw radar observations from XeThru X4M300. (a) Absolute values of the normalized aplitudes of UWB radar output. An object is
somewhere in the shaded region. (b) Processed smooth signal using SG filter. (c) The object is moved away from the sensor and observations
are taken at 1 cm intervals. As a result, the radar detections (i.e. identified peak amplitudes) are going away from the sensor.
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Fig. 7: Determining the landmark location based on trilateration.
(a) Geometric representation of the basic trilateration principle. (b)
Schematic diagram of the critical geometric parameters with respect
to the odom frame. This figure depicts only the left-side UWB radar
modules mounted on the robot.

It is important that the intersection point (i.e. target) belongs
to both radar sensors. Therefore, « and 3 angles are compared
with v and other intersections are omitted:

CB+dr-13 B+d?-12
- 2hd 2l5d

Radar readings to range r and bearing ¢ conversion can be
obtained via:

> and 3 = (2)

r= \/(ll cosa — 4/2) + (Iy sina + s)° 3)

“4)

These r and ¢ are observations (i.e. z{ = [ri ¢i]) used in EKF
SLAM together with the robot pose information [z; y; 67
from odometry data [41].

¢ = arctan2 (I; sina + s,y cos a — /2)

D. Outlier Filtering using DBSCAN

Although the preprocessing steps filter out the unnecessary
observations in Section IV-C, there still exist noisy sensory
data which lead to outliers after trilateration as depicted in
Fig. 8a. This figure shows known robot poses and correspond-
ing observations. Obviously, the expected observations still
have a certain uncertainty, but that will be handled by the
EKF SLAM algorithm later. In order to obtain a result similar
to Fig. 8b, this paper proposes density-based spatial clustering
of applications with noise (DBSCAN) to filter the outliers as
illustrated in Fig. 9. DBSCAN has been used in FMCW radar
to filter outliers in a point cloud [42]. We are following a
similar approach with UWB radar.

B * K %
S e e
* Observations * ﬁ* Y

(2) (b)

Fig. 8: Illustration of the observations before and after outlier
removal. The shaded stars are the omitted observations.

The proposed DBSCAN-based method maintains a provi-
sional observation list before they are sent to the EKF SLAM.
The provisional observation list is clustered using DBSCAN
and if a cluster is identified, its centroid is sent to EKF
SLAM as the observation (see Fig. 9c). This method has three
hyper-parameters: size of the list of provisional observations
(window_size), minimum number of points (i.e. observations)
per cluster (min_opc), and the search radius (search_rad).

window_size is used to determine the number of states
(with observations) of the robot to be collected before ap-
plying DBSCAN. A state is collected once the robot moves a
threshold distance or an angle (min_disp) which is similar to
map_update_distance_thresh and map_update_angle_thresh
in Hector SLAM. The robot motion is determined using
wheel odometry information. Hence, the higher the number of
states to be collected (i.e. window_size), the more odometry-
dependant the observations will be. On the other hand, the
window_size cannot be decreased to a small number. If the
window_size is reduced, there will be only a few observations,
thus there will not be much difference between outliers and
correct observations.

E. EKF SLAM

EKF SLAM is used in this study in order to demonstrate
the idea of UWB radar SLAM. EKF SLAM uses an extended
Kalman filter (EKF) to estimate the pose of the robot and
the positions of landmarks. When it comes to anchor-tag
systems where anchors are landmarks, the anchors can embed
unique identifications to inform the tag about the observation
origin (known correspondences). However, as discussed in the
previous sections, the final observation from the UWB radar
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Fig. 9: Proposed semi-online DBSCAN-based outlier filtering algorithm. The robot pose is in the bottom, the real landmark position is the
large star (black), and the observations are in small stars. (a) Robot observes a landmark in its FOV (current observation: blue star). (b)
Basic intuition behind the proposed method: collecting a few observations (orange stars) ahead of the current observation and cluster all the
observations using DBSCAN. (c) Assigned new observation (i.e. centroid of the clustered observations: green star) before and after clustering
with a large DBSCAN search radius. (d) Observation before and after clustering with a small DBSCAN search radius. (e) The robot moves

to the next EKF pose estimation and performs outlier removal again.

Algorithm 1 UWB radar SLAM
Input: motion uncertainty R, observation uncertainty
Q, window_size for outlier removal w, observation update
displacement threshold min_disp, EKF SLAM: initial mean
1, initial covariance 3, Mahalanobis distance threshold o,
Odometry data, Observations from UWB radar.
Output: robot pose and covariance.
1 s+ 1
i1

1 > id of the estimated state
2 > id of the current state
3: Obs[] < empty list of observations

4: Odom[] <— empty list of odometry

5. previous pose < read odometry > Odom[0] <— origin
6: while releop do > do while teleoperating the robot
7 new pose < read odometry
8 disp < new pose — previous pose
9 if disp > min_disp then

10: z; < observations from UWB radar modules
11: Obs[i] + z;
12: Odom[7] < new pose
13: 14 1+1
14: if > w then > executes after collecting initial
set of observations from w number of poses
15: filt_obs = DBSCAN(Obs[s : s +w — 1])
> filtered observations without outliers

16: u < odometry motion model

> calculated using Odom[s] and Odom[s — 1]
17: fi, ¥ < EKF prediction(u, X, u, R)
18: w, ¥ + EKF update(fi, ¥, Q, o, filt_obs)
19: s+ s+1
20: previous pose < new pose
21: return robot pose <— u,

does not contain any unique information about the landmark.
Therefore, unlike in anchor-tag systems, the proposed method
uses EKF SLAM with unknown correspondences algorithm.
The Mahalanobis distance is calculated between each pre-
viously predicted landmark and a new observation before
performing data association with respect to the threshold a.
The steps to be followed while obtaining trilaterated radar
observations are in Algorithm 1.

XeThru X4

Fig. 10: Experimental setup with the TurtleBot2 research robot and
the additional sensor modules. Note that the LiDAR is used to obtain
the ground truth using Hector SLAM.
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Fig. 11: Both Camera and LiDAR fail under low visibility environ-
ment. However, UWB radar can observe the environment regardless
of the visibility. Proposed DBSCAN-based outlier filtering method
further refines the observations.

V. EXPERIMENTS AND RESULTS

A TurtleBot2 research robot is used in the experiment
as shown in Fig. 10. RPLIDAR-A2 laser range scanner is
mounted on top of the robot and is used to perform Hector
SLAM in order to obtain the ground truth. The radar modules
are operating at a frequency of 5 Hz while the robot is moving
at 5 cm/s.
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TABLEI

IMPORTANT PARAMETERS USED IN THE PROPOSED RADAR SLAM

Parameter Range Remarks
f_len 2m+1 SG filter: The number of data points to
mezZt which the polynomial is fitted. Must be
flen =15 an odd number.
n n < f_len SG filter: Order of the polynomial to
n=>5 be fitted.
min_ph 5.5 x 1073 Minimum peak height.
min_pp 3 x 1073 Minimum peak prominence.
L 20 — 940 cm | User-defined upper bound of the radar
L =150 cm | range. Adjusted to detect only the
nearby targets.
0 65° Azimuth opening angle.
d 10 — 30 cm Distance between receiver antennas
d =20 cm (RX) of two radar modules. Depends
on the robot geometry. Higher is better.
s 5—30 cm Perpendicular distance from the radars
s =20 cm to the base footprint. Depends on the
robot geometry.
min_disp 5 mm or Updates the provisional observations
0.1 rad list and the SLAM once the robot
moves exceeding these predefined
minimum displacement thresholds.
window_size | 15 Size of the provisional observation list
to which DBSCAN is applied.
min_opc 9 Minimum observations per cluster for
DBSCAN-based outlier filtering.
search_rad 20 cm Search radius of clusters with min_opc.
R ) Motion uncertainty of the robot between
JOI :2 8 two poses. Depends on min_dist. Larger
0 0’” 2 the min_dist is, larger the uncertainty
o will be, and vice versa.
o9 =0.02rad | 14 experiment: o = oy = 0.1 mm
Classroom exp: 0z = 0y = 1 mm
Q ) Observation uncertainty. Large uncer-
["r 02] tainty due to inherent measurement
0 9 noise. o = 15 cm, o = 1 rad
r > 9¢
ot 0.5-3 Mahalanobis distance threshold.
Lab experiment: a1 = 0.6
Classroom exp: ag = 1.6

1) Smoke Experiments: In order to evaluate the performance
of UWB radar in a vision-denied environment, we partially
enclosed an indoor space with a point feature and performed
Hector SLAM while obtaining UWB radar observations in
clear visibility. After that, the space was filled with dense
smoke and same steps were followed. As shown in Fig. 11,
UWRB radar has performed the same regardless of visibility,
whereas LiDAR has performed poorly.

Meanwhile, we examined the influence of the proposed
filtering algorithm in Section IV-D using wheel odometry
as pose estimations. The filtered observations are more re-
fined and clustered around the expected point landmarks (see
Fig. 11). During SLAM, the filter collects observations from
window_size number of poses ahead of the current EKF pose
estimation. These provisional observations are collected using
only the odometry information. Hence, a small window_size
is preferred to avoid odometry dependency on the filtering
scheme. After collecting the provisional observations, there
should be at least min_opc set of observations inside a radius
of search_rad. Hence, it is preferred to have high min_opc
and low search_rad to achieve maximum filter performance
with minimum outliers. However, if these thresholds are ini-

)

Fig. 12: (a) Highly cluttered lab environment where the first experi-
ment was conducted (b) Spacious classroom environment where the
second experiment was conducted.

tialized beyond practical extremities anticipating a high filter
performance, the filter may end up omitting inliers as well.

The main objective in hyper-parameter tuning is to obtain
low-noise observations at the front-end. The detection range
upper bound L was chosen to detect only the nearby objects
in order to avoid distant detections which may have resulted
from multipath propagations, and to neglect the walls (i.e. line
features). Later, we tuned min_ph and min_pp in order to
identify prominent peaks from the UWB radar observations
within the selected detection range, thus we could detect
objects with large RCS.

Table I summarises the hyper-parameters used during the
experiments included in this paper. It is important to notice that
all these parameters are interrelated. If the proposed system
is to be recreated using different UWB radar modules or in
an environment consisting of objects with low RCS, all these
parameters may have to be retuned. However, the intuition
behind parameter selection is essential to improve the overall
performance of the proposed SLAM system.

2) SLAM Experiments: Two environments were selected to
evaluate the proposed UWB radar SLAM: a highly cluttered
lab environment and a classroom as shown in Fig. 12. These
environments consist of point features with large RCS, such
as vertical metal rods. Radar SLAM creates a landmark-
based map while estimating the robot pose, whereas Hector
SLAM creates a 2D occupancy grid map. The slam_out_pose
published by Hector SLAM was taken as the ground truth
reference. We evaluate the accuracy of the proposed system
with root mean squared (RMS) absolute trajectory error (ATE)
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Fig. 13: Experiment 1 in the lab environment (a) The robot was teleoperated in a square-shaped trajectory multiple times in both clockwise
and anticlockwise directions. The wheel odometry has a considerable drift compared to the ground truth. (b) The estimated robot poses and
the map constructed by the proposed UWB radar SLAM method. The error ellipses around the estimated landmarks illustrate uncertainties.

after aligning the estimated poses with ground truth using the
iterative closest point (ICP) algorithm.

In the first experiment, the robot was teleoperated in a
square-shaped trajectory inside a lab. The ground truth and
wheel odometry are superpositioned in Fig. 13a. Compared to
the ground truth, the odometry has shifted anticlockwise dur-
ing the experiment. Although the UWB radar SLAM initially
tends to follow the odometry, it finally identifies previously
known landmarks and corrects its pose. Both ground truth
and radar SLAM have started and stopped at almost the same
position (see Fig. 13b). Compared to the ground truth, the
estimated positions had a ATE of 12 mm.

Notice that the landmarks: #3-7, #10 and #12-15 were not
captured by Hector SLAM, but they were detected by radar
SLAM (see Fig. 13b). However, rest of the landmarks coincide
with their ground truth with a very small uncertainty. The
reason is that the RPLIDAR-A2 captures observations on a 2D
plane whereas the UWB radar antenna has a cone-shaped main
lobe in 3D space. As a result, the UWB radar has been able to
detect observations which were not visible to the 2D LiDAR.
This is one of the advantages of radar, despite unnecessary
targets can also be detected in its FOV.

The second experiment was conducted in a classroom where
study tables could be detected as landmarks. The carpeted
floor tends to drift the odometry more than in the lab floor.
Moreover, the landmarks were somewhat distant from each
other (> 1 m apart). Hence, Both motion uncertainty R and
the Mahalanobis distance threshold (as = 1.6) had to be
increased compared to the first experiment (o; = 0.6 < 1.6).
However, the results were quite satisfactory (see Fig. 14).
Similar to the first experiment, the radar SLAM initially tends
to follow odometry and after detecting a previously observed
landmark, it corrects its pose. Compared to the ground truth,
the estimated poses had a ATE of 62 mm.

Notice that in some instances, multiple landmarks are
assigned in close proximity despite being belonged to the
same landmark in the ground truth (see Fig. 14). This is
one of the issues in SLAM with unknown correspondences.
This is worse when it comes to high motion uncertainty due
to noisy odometry. It can be suggested to increase «, but
there will discrepancy with nearby landmarks after a certain

Odometry

Ground truth (GT) using Hector SLAM .
Pose estimations (PE) using the proposed method

®  Estimated landmarks using the proposed method
- & - T
- End (PEJ v

1 =« Start - o ®
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Fig. 14: Experiment 2 in the classroom - The estimated robot poses
and the map constructed by the proposed UWB radar SLAM system.
The error ellipses around the landmarks illustrate uncertainties.

limit. Hence, it is of interest to implement a suitable map
management or a feature matching methodology to identify
previously visited landmarks in the future.

VI. CONCLUSION

This paper presented an anchorless approach using UWB
radar for SLAM in an unknown environment. XeThru
X4M300 IR-UWB sensors were used to obtain radar ob-
servations. Instead of the default downconverted baseband
output with large range samples, filtered raw observations were
used with small range samples to improve spatial accuracy.
The proposed method trilaterates two radar observations to
identify the point landmarks in the environment. DBSCAN-
based algorithm is then proposed for further filtering before
applying EKF SLAM with unknown correspondences.

Experiments were carried out in a lab environment and
a classroom in order to validate the proposed method. The
results show that the robot has been able to mitigate the
odometry drift with sufficient accuracy while reconstructing
the map of the environment successfully. If higher accuracy
is desired, a radar sensor array can be used to improve
the observation accuracy. On the other hand, currently, the
proposed system is incapable of classifying the feature type

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



(i.e.

IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JUNE, 2023
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

point and line features). Hence, we intend to develop a

robust feature classification method in the future. Moreover,
we plan on applying machine learning to uniquely identify
landmarks using their inherent UWB radar signatures [43].
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