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Abstract—The intrinsic geometric connections between millimeter-wave
(mmWave) signals and the propagation environment can be leveraged for si-
multaneous localization and mapping (SLAM) in 5G and beyond networks.
However, estimated channel parameters that are mismatched to the utilized
geometric model can cause the SLAM solution to degrade. In this paper, we
propose a robust snapshot radio SLAM algorithm for mixed line-of-sight
(LoS) and non-line-of-sight (NLoS) environments that can estimate the
unknown user equipment (UE) state, map of the environment as well as
the presence of the LoS path. The proposed method can accurately detect
outliers and the LoS path, enabling robust estimation in both LoS and NLoS
conditions. The proposed method is validated using 60 GHz experimental
data, indicating superior performance compared to the state-of-the-art.

Index Terms—5G, 6G, mmWave,
mapping, robust estimation.

simultaneous localization and

I. INTRODUCTION

The development of evolving 5G and future 6G networks provides
not only new opportunities for improving the quality and robustness
of communications, but also for facilitating high-accuracy localization
and sensing [1], [2]. This is enabled by increased temporal and angular
resolution due to the use of higher frequency bands and thus larger
bandwidths combined with larger antenna arrays. Extracting timely
and accurate location and situational awareness is, in general, a critical
asset in various applications such as vehicular systems and industrial
mobile work machines [3], [4].

Localization and sensing using downlink/uplink signals between
the base station (BS) and user equipment (UE) is often a two-stage
process [5], in which the channel parameters, thatis, the angle-of-arrival
(AoA), angle-of-departure (AoD) and time-of-arrival (ToA) of the
resolvable propagation paths are first estimated. Then, in the second
stage, the channel parameters are used for localization and sensing.
The resolvable non-line-of-sight (NLoS) paths provide information not
only about the UE position, but also regarding the incidence points of
single-bounce NLoS paths. While these incidence points are unknown,
the cardinality of the channel parameters can outweigh the unknowns,
enabling bistatic radio simultaneous localization and mapping (SLAM)
which aims to estimate the unknown UE state and landmark locations
using the channel estimates and the known BS state [6]. This is
illustrated conceptually in Fig. 1. It is important to note that bistatic
radio SLAM makes it possible to estimate the UE state with respect
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clutter

interaction points

Fig. 1. Illustration of the bistatic snapshot radio SLAM problem where the
UE jointly estimates its own state as well as state of the landmarks based on
ToA, AoA, and AoD measurements per path. Multi-bounce signals create outlier
measurements that have a mismatch to the utilized geometric model.

to a global reference system just from single snapshot observation as
presented in Section II, whereas conventional SLAM approaches (e.g.
based on a camera or LIDAR) typically solve the problem iteratively
over time in the local frame of the sensor.

The bistatic SLAM problem has gained widespread attention in
the 5G/6G research field since it improves localization accuracy [5],
enables localizing the UE in the absence of line-of-sight (LoS) [7], and
reduces the dependence on infrastructure thus enabling localization
even with a single BS [6]. To this end, two mainstream approaches
exist in literature:

1) filtering-based solutions that recursively estimate the joint state
of the UE and map by processing the observations sequentially
over time;

2) snapshot approaches that solve the SLAM problem for a single
UE location without any prior information nor kinematic models.

The main benefit of filtering approaches is that higher localization ac-
curacy is expected and state-of-the-art filters [8], [9], [10] can inherently
deal with many of the challenges faced in bistatic SLAM including false
detections generated by clutter and multi-bounce propagation paths. In
contrast, snapshot SLAM is fundamentally important as it serves as a
baseline for what can be done with radio signals alone [5], [7], [11],
[12] and the solution can be used to initialize and/or as input to filtering
approaches. A major limitation of existing snapshot approaches is that
they typically overlook outlier measurements that for example originate
from multi-bounce propagation paths and that have a mismatch to the
utilized geometric model [5], [7], [11], [12]. As a consequence, outliers
will cause localization performance degradation.

In this paper, we address the limitations of the state-of-the-art in [5],
[7], [11], [12] and develop a novel snapshot SLAM method to estimate
the UE state and map of the propagation environment using a single
downlink transmission from one BS, that is robust against outlier
measurements. The contributions can be summarized as follows:

® We propose a low-complexity processing pipeline for solving the

snapshot SLAM problem using measurements that are corrupted
by outliers—defined as measurements not originating from LoS
or single-bounce NLoS paths;

® In contrast to the methods presented in [7], [11] that always

assume NLoS condition when solving the SLAM problem, we
present a method to detect the LoS path and solve the problem in
mixed LoS/NLoS conditions;

® Using experimental data with off-the-shelf 60 GHz mmWave

MIMO radios, we demonstrate that the developed algorithm can

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/


https://orcid.org/0000-0002-9336-7703
https://orcid.org/0000-0002-2576-7078
https://orcid.org/0000-0001-7685-7666
https://orcid.org/0000-0003-1747-2664
https://orcid.org/0000-0002-1298-6159
https://orcid.org/0000-0003-0361-0800
mailto:ossi.kaltiokallio@tuni.fi

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 74, NO. 5, MAY 2025

Fig. 2. Problem geometry for an identifiable system with one LoS and one
single-bounce NLoS path. The dashed gray axes define the global coordinate
system (z, y),angles of the propagation paths are expressed in the local frame of
the BS (z/, v') and UE (2", y") and the notation is introduced in Section I1I-A2.

accurately recover the inliers resulting in superior accuracy with
respect to the state-of-the-art benchmark algorithms.!

In this paper, we adopt the following notations. Scalars are denoted
in italic (e.g. x), vectors in lowercase bold letters (e.g. x), matrices in
capital boldface letters (e.g. X) and unordered sets using calligraphic
letters (e.g. X'). Additionally, (-)" and (-)~! denote the transpose and
inverse, respectively; || - || the Euclidean norm; |X'| cardinality of set
X; I,, the n x n identity matrix; and X denotes an estimate of x. A
multivariate Gaussian distribution with mean m and covariance P is
denoted as V' (m, P).

II. PROBLEM FORMULATION AND MODELS

Considering the experimental setup in Section IV and to simplify the
presentation, we focus on describing the methods in the 2D/azimuth do-
main but extension to 3D is possible (conceptually similar to, e.g., [7]).
The BS state is represented by the position pgs € R? and orientation
ags € [—, 7. The ith landmark is represented by position p; € R?
which depicts the interaction point of the ¢th single-bounce propagation
path. The UE state, x, is described using the position pyg € R?,
orientation ayg and clock bias byg, that is, the difference between the
BS and UE clocks.

A. System Model

The problem geometry is illustrated in Fig. 2, considering the BS
as transmitter and the UE as receiver. The BS and UE are equipped
with antenna arrays and we consider beam-based orthogonal frequency-
division multiplexing (OFDM) transmission utilizing beam sweeping at
both the BS and UE. Assuming coarse timing information for obtaining
OFDM symbols within an applicable time window, under which the
channel is assumed constant, the received sample of the /th OFDM-
symbol and kth subcarrier with mth BS beam and nth UE beam can be
described as [13]

m,n

—|—wk,l S

N
Ui =D GG ()Gl (0;)e PR T (1)
=0

where Af is the subcarrier spacing and wal’" denotes noise after
applying the UE beam. In addition, &;, 7;, ¢;, 6; are the complex path

'We provide the channel estimates for the experimental data as well as Matlab
code for the presented algorithms, both available at: https://github.com/okaltiok/
Robust-snapshot-radio-SLAM
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coefficient, ToA, AoD, and AoA for the ith propagation path, respec-
tively. Element ¢+ = O is reserved for the LoS path (if such is present
and detected) and NV is the number of NLoS propagation paths. To
distinguish between these cases, let the hypothesis H = H, represent
the LoS condition, while the alternate hypothesis H = H, represents
the NLoS condition. Furthermore, G§4(¢;) € C and G{}x(0;) €C are
angular responses, containing effects of steering vectors and beam-
formers,? for the mth BS beam and nth UE beam in respective order.
Depending on the knowledge of G (¢;) and Gl (6; ), various methods
for estimating the channel parameters exist [5], [13], [14].

B. Geometric Measurement Model

Letz; = [7i, ¢, 0;]" denote the channel parameter estimate of the
ith propagation path, referred to as ‘measurement’ from now on and let
Z and Z denote a set of measurements and associated indices, respec-
tively. Assuming that the measurement noise is zero-mean Gaussian,
which is a common assumption in SLAM [9], the likelihood function
is Gaussian

:N(Zl ‘ h(X, p1)7 Ez): (2)

and diagonal covariance matrix X; =
diag([o2,, o, 05 ]) in which o2 , 07 and o7 denote variance of
the ToA, AoD and AoA, respectively. Building on the geometry in
Fig. 2, the mean of LoS and single-bounce NLoS paths is given by

p(z; | X,Pi)

with mean h;(x,p;)

ti + bUE
atan2(—6;,1,y, —0;,1,2) — Qps
atan2(6; 2,y, 0i2,z) —

QUE
and it represents the geometric relationship between the BS, UE and

landmark. The parameters are defined as:
® LoS path (i =0): py =0, ty = ||pss — Pugl|/c in which ¢ de-

notes the speed of light and [3o,1 .., 60.1,4]" = [00,2,2+ S0,2,4] " =
PBs — PUE-
® NLoS path (i #0): t =|pes—Pill/c+ p:i — pusl/c

[51‘,1,17 5i,l,y]T: Pss — P; and [5i,2,z, 61,2,y]T:pi — PUE-

III. SNAPSHOT SLAM

The procedure to solve the SLAM problem depends on H. We first
solve the problem considering H to be known and then generalize the
method to detect the LoS existence in Section III-C. Moreover, we
first assume measurements without outliers in Section III-A while this
assumption is relaxed in Section III-B.

A. Snapshot SLAM Without Outliers

1) Orientation Estimate: The procedure to determine the orien-
tation for both H, and H,; is described in the following.

i) LoS condition Hy — From Fig. 2, we see immediately that the
UE orientation is given by

Aug = atan2(y, x), (@)

where [z, y]T = —R.(—0,)u,. Hence, the UE positioning prob-

lem is solved by first estimating &ug using (4) and there-

after, the conditional position and clock bias estimate, X, =

[DUg, bug] T, is computed as described in Section I1I-A2.

ZMore concretely, for example GI%(¢) = ag(6)f,, for BS steering vector
aj¢(¢) and beamformer f,,, .


https://github.com/okaltiok/Robust-snapshot-radio-SLAM
https://github.com/okaltiok/Robust-snapshot-radio-SLAM
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ii) NLoS condition H — The problem does not admit a closed-form
solution and we must resort to numerical optimization methods
as in [7] to obtain the state estimate. The optimization problem
is defined as

Gue = argmin J(Xag ),
app€eA
where 4 denotes a grid of possible UE orientations, J (f{aUE) is
the cost given in (13) in which %X, is computed using (15).

2) Conditional Position and Clock Bias Estimate: Letxq,, =
[Plg, bue] " denote the partial UE state given ayg. As illustrated in
Fig. 2, the AoD and AoA for a single path can be represented by unit
vectors u; and v;, given by

&)

.
u; = Raps) [cos(@:) sin(@)] ©6)
T
v; = R(ayg) [cos(@i) sin(@i)} , 7
in which R(«) is a counterclockwise rotation matrix, defined as
cos(a) —sin(a
R(a) = .() ()~ (®)
sin(a)  cos(a)
Using u; and v;, the UE position is given by [7]:
Pue = Pas + divi; — di(1 —vi)v; )

where d; = c(m; — byg) denotes the propagation distance and ~y; €
[0, 1] is unknown and represents the fraction of the propagation distance
along u;.

The position and clock bias can be estimated utilizing the geometric
relationship defined in (9) as follows. First, the expression in (9) can be
rearranged as follows

10)

where H; = [I,, —cv;], p; = pps — ¢7;v; and v; = u; + v;. Then,
we solve for ; through

Hixoy, = p; +vidiv;

i = v (HiXay, — )/ (div] vi) (an
and substitute it back to (10) which yields
HiXoy, = ps + 7] (HiXay, — )74, (12)

where o; = v;/||v;||. Now, considering all the paths gives the follow-
ing cost function [11]

I (Xayg) = iji (Xayg), Where (13)
i€l
Jilaue) = [HiXaye =1 = 2] (HiXaye —p)wil - (14)

and n; = \£1|2 in which éL denotes the complex path coefficient es-
timate. Lastly, a closed-form solution can be obtained by setting the
gradient of (13) to zero and solving for X [11]

Koy = <Z Ai> ) > by,

i€l i€l

15)

the complete state estimate is denoted as X = [p{jz, g, bug] . The
SLAM problem is identifiable and all unknowns can be estimated if a
sufficient number of NLoS paths exist since each NLoS path provides
three measurements, while being parameterized by two unknowns
(i.e., p;). With known clock bias either the LoS or three NLoS are
required [15], whereas one NLoS and the LoS (N, = 2) or four
NLoS (Nmin = 4) are needed if the BS and UE are not synchronized.
Fig. 2 illustrates the problem geometry for an identifiable system with
a minimum number of paths and it is important to note that for the LoS
path (¢ = 0), we have vi = —ug, ¥p = 0 and v = 1.
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3) Landmark Estimate: Given X, the landmark locations can
be estimated by solving a nonlinear optimization problem for every
NLoS propagation pathi = 1,2, ..., N, independently. The optimiza-
tion problem is defined as

p; = argmin (z; — h(x,p;))' %;'(z; — h(x,p;)), (16)

Pi
where h(x, p;) and X; are given in (2). The optimization problem can
be solved using the Gauss-Newton algorithm [16] which is initialized
using p; = (Pss,: + Puk,:)/2 where pgs ; and pyg ; are vectors that
span towards p; from the BS, pgs ; = pgs + czz&zﬁz and UE, pug,; =
Pue + ch-(1 — 4;)v;, respectively, and parameters u;, v;, d; and 4; are
computed by plugging X into (6), (7) and (10).

B. Robust Snapshot SLAM

The SLAM algorithm described in the previous section is sensitive
to measurement outliers. In the worst case, measurements that cannot
be expressed using (9) cause the solution to be very inaccurate. In the
following, a robust SLAM approach which is inspired by the random
sample consensus (RANSAC) algorithm [17] is described. The aim
of the robust SLAM algorithm is to find a subset of Z that does
not contain outliers and which is then used to estimate x. Instead
of randomly sampling subsets of Z as in RANSAC to determine X,
we can perform an exhaustive search over all possible combinations
instead, since |Z| is typically quite low. In the experimental setup
considered in Section IV, the number of measurements ranged from
4 to 11 [13] and an exhaustive search is feasible since the number of
possible combinations is at most 330. The number of measurements is
inline with the indoor 60 GHz channel measurements conducted in [18]
which reported that the number of identified clusters ranged from 6 to
12 in LoS conditions and from 8 to 12 in NLoS conditions. Furthermore,
methods to reduce the search space exist and potential alternatives are
discussed in Section IV.

Let, with a slight abuse of notation, Z,; denote the set of indices of
Z. Furthermore, let P(Z,;) denote the power set of Z,y, that is, the set
of all subsets of Z. In the context of RANSAC, minimal solvers that
compute solutions from a minimal amount of data, Ny, in our case,
are preferable because it increases the likelihood of using a set that has
no outliers. In other words, RANSAC utilizes J € P(Z,;) for which
| 7| = Npin. In this paper on the other hand, we perform an exhaustive
search over all such subsets and in the LoS condition one of the elements
of J is always i = 0.> Overall, there are L combinations

(IZ] = Nios)!

L2|J|= ,
| | (|Z|_NLUS_NNLOS)!NNLUS!

a7

in which Np,s and Nypos denote the minimum number of LoS and
NLoS paths required to solve the SLAM problem.

The robust snapshot SLAM problem is defined as follows. For each
set Z € J and each value of ayg € A (under H,), the corresponding
cost is Y, 7 1:Ji(Xayy, ). According to the principles of RANSAC,
from the solution X, and using an inlier detection threshold 77, the
measurements are partitioned into a set of inliers and a set of outliers. A
final cost is then computed, denoted by C (g, Z) = Ciyier (g, Z) +

3Example for |Z| = 4:
1) LoS condition Hy: Ly ={0,1,2,3}, Nupin =2, Npes = 1,
Naios =1, L =3and J = {{0,1},{0,2},{0,3}};
2) NLoS condition Hy: Zy = {1,2,3,4}, Nupin =4, Npoes =0,
Napos =4, L =1and J = {1,2,3,4}.

To note, Z in Section III-A corresponds to Zyy.
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Algorithm 1: Robust Snapshot SLAM Algorithm.
In: Combinations 7, LoS/NLoS condition H, M, Z
Out: Cost matrix C € RV%I4
1:if H = H, then A = {0} else A = linspace(—m, m, M)
2:form =1:|A| do
3: for/ =1:Ldo

4: if H = H, then ayg + (4) elseayr < { A},
5: Set Cj,, = 00
6: SetZ < {J}; and compute X, using (15) based on Z
7: Set z-inliers = {Z S L\ll | JZ ()A(Oéuh‘) S TE}
8: Set Ioutliers - Iall \ Iinliers
9: Recompute X, using (15) based on Zigjiers
10: if is_feasible(Xayg, Ziniiers, Z) then
Cim= Y midiRay)+ Y, mT-  (18)
7:EIinlicrs 7"EIoullicrs
Chnlier Coutlier
11: function is_feasible(xXq,Z, Z)
j =argmin;; {7}
if |Z| < Npin, return false (19a)
if 7, — byg < 0, return false (19b)
if (0 <v; <1V |ly;|]* < T,), return false (19¢)
if =(0<~, <1), t€Z\{j},return false (19d)

return true

Couttier (g, Z). The penalty Coygier (g, Z) is added to ensure that the
solution favors estimates obtained with as many inliers as possible.
Finally, the optimal solution is found as argmin,, . ;C(awg, Z). The
complete method is detailed in Algorithm 1, including the computation
of the inlier and outlier cost, as well as the search over minimal index
sets Z (indexed by /) and UE orientations ayg (indexed by m).

To ensure that the solution is physically meaningful, fundamental
feasibility constraints are verified for each solution, given in (19). First,
the number of inliers should be sufficient to compute X, as stated in
(19a). Second, the unbiased delay of the shortest path has to be positive
as given in (19b). Third, either the shortest path has to follow (9) or
unit vectors of the shortest path must be opposite and nearly parallel
as given in (19c¢) in which 7}, is a threshold. Fourth, the constraint in
(19d) comes from the definition of pyg in (9).

C. Extension to LoS Detection and Mixed LoS/NLoS

Thus far, H has been assumed known and in the following, the
proposed robust snapshot SLAM algorithm is generalized to detect H,
and solve the problem in mixed LOS/NLoS conditions. In this paper,
the SLAM problem is solved in mixed LoS/NLoS conditions by first
assuming that H, is true and using a candidate LoS path. Thereafter,
a statistical test is performed to validate the obtained solution and if
the validation test fails, the SLAM problem is solved again assuming
‘H;. It is to be noted that assuming H,; is always possible, but may lead
to performance degradation under H, as presented in Section IV-B3.
Various well-known LoS detection methods from literature were tried
but they were either not directly applicable to the considered problem
(e.g., [19]) or the performance was unsatisfactory due to the differences
in the considered radio channels (e.g., [20]).

First of all, the LoS candidate is the path with smallest delay,
j = argmin,; {7}, after which the estimate X is obtained using
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Algorithm 1. Second, we model the LoS signal strength in decibels,
n3® = 101og,¢(7;), using the log-distance path loss model [21]:

73 ~ N(f(pue), o),

where f(pug) = Lo + 10¢log,o(|lpss — Pukl|), Lo is the reference
path loss at a distance of one meter and ( is the path loss coefficient.
The model parameters (L, (, o) can be learned from training data
or derived from existing models (see e.g. [21, Table III]). Third, the
utilized statistical test is based on the negative log-likelihood of n‘Ji-B:

(20)

Hi
2 TLOS .
Ho

% (10g(27r02) + % (nd® - f(f)UE))2> 21

If H, is false, the SLAM problem is re-solved assuming #,.

IV. EXPERIMENTAL RESULTS

A. Experimental Data and Assumptions

The performance of the proposed and benchmark SLAM algorithms
is evaluated using real-world 60 GHz measurement data, obtained
indoors at Tampere University campus, with floorplan as illustrated in
Fig. 3. Altogether 45 UE locations were measured—32 in LoS and 13 in
NLoS conditions. Beamformed measurements were obtained using
400 MHz transmission bandwidth utilizing 5G NR-specified downlink
positioning reference signals. The details of the experimental setup
and hardware are given in [22]. In this paper, the AoDs and AoAs are
estimated from the beam reference signal received power measurements
using a singular value decomposition (SVD)-based detector and there-
after, the pathwise ToAs are estimated in frequency domain as presented
in [13]. Nearly 30% of the detected propagation paths are multi-bounce
signals which will cause SLAM performance degradation if not handled
properly.

The proposed SLAM algorithm utilizes the following parameters in
the evaluations. In NLoS conditions, 1° angle resolution (|A| = 361)
is used. We utilize the path loss coefficient, ( = 1.7, and standard
deviation, 0 = 1.8 dB, of the generic 60GHz path loss model [21,
Table III] and Ly = 13 dB is calibrated from experimental data. The
LoS detection threshold in (21) is 71,5 = 10.8 which is computed using
the inverse cumulative distribution function of the x? distribution with
tail probability 0.001. The inlier detection threshold used in Algorithm 1
is T. = 0.1 and the constraint threshold in (19¢) is T,, = 0.1. The
covariance matrix in (16) is empirically tuned and the used value is
3, = diag([1 ns?, 1deg?, 1 deg?]), Vi. However, it is important to
note that the UE estimate does not depend on 3; and the covariance
matrix only impacts the landmark estimates via the Gauss-Newton
algorithm.

The proposed robust snapshot SLAM algorithm is benchmarked with
respect to a method that combines features of the estimators introduced
in [7], [11]. The benchmark method estimates the UE position and
clock bias in closed-form using the method presented in [11] and the UE
orientation is solved using the numerical optimization method presented
in [7]. The implemented benchmark algorithm is computationally more
efficient than [7] which relies on numerical optimization to solve both
the UE orientation and clock bias. In addition, the implemented bench-
mark algorithm can estimate the unknown UE orientation, whereas the
method proposed in [11] assumes the orientation is known. Similar to
the methods in [7], [11], the implemented benchmark algorithm always
assumes H.

B. Results

1) Qualitative Comparison: The solution in one example mea-
surement position is illustrated in Fig. 3(a) using the proposed robust
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Fig. 3. Example SLAM performance using the proposed and benchmark methods. In (a), the obtained snapshot SLAM solution using the proposed method in
one measurement position. In the figure, LoS path illustrated using (——), single-bounce NLoS paths with solid lines, propagation paths that are identified as

outliers shown using dashed lines (plotted by plugging v; = 0.5 in to the single-bounce model in (9)) and the dotted ellipses illustrate the one standard deviation
uncertainty ellipse of the UE and landmark position estimates. In (b) and (c), pyg and p;’s for all 45 measurement positions are shown. (a) Example solution. (b)

Proposed method. (c) Benchmark method w/o outliers [7], [11].

TABLE I
RMSESs AND CPU TIME OF THE PROPOSED AND BENCHMARK METHODS WITH
AND WITHOUT OUTLIERS

Method Pos. [m] Head. [deg] CIk. [ns] Time [ms]
Proposed 0.36 2.05 1.45 2.86
Benchmark 11.11 83.79 46.52 0.91
Proposed™ 0.36 2.05 1.45 0.49
Benchmark ™ 1.40 4.06 4.73 0.70

*data w/o outliers.

snapshot SLAM algorithm. In the example, the proposed method can
correctly resolve the LoS and single-bounce NLoS paths leading to an
accurate SLAM solution in which the UE position estimate is close to
the ground truth and the landmark position estimates closely align with
the floor plan of the experimental environment. As illustrated in the
figure, the propagation paths that are identified as outliers correspond
to three double-bounce propagation paths and one triple-bounce prop-
agation path (dashed green line). In all 45 measurements positions, the
proposed method can accurately identify the propagation paths that are
inline with the model in (9) leading to good SLAM performance as
illustrated in Fig. 3(b). Overall, the utilized channel estimator detects
362 propagation paths and the proposed algorithm classifies 104 of the
paths as outliers. Since the benchmark method cannot inherently deal
with outliers, they are removed from the data.* The SLAM performance
for the benchmark method is illustrated in Fig. 3(c) and as shown, the
method is clearly not as accurate even without outliers.

2) Quantitative Comparison: Since the ground truth landmark
locations are unknown, which is a common problem in SLAM when
using real-world experimental data, the quantitative evaluation focuses
on the UE state. The position, heading and clock bias root mean squared
errors (RMSEs) are tabulated in Table I, and the performance is summa-
rized both with and without outliers. The benchmark method yields poor
performance with outliers and the accuracy improves notably without
outliers. The proposed method yields equivalent SLAM accuracy in
both cases and the results demonstrate that the presented outlier removal
method is effective in practice. In Table II, the RMSEs are reported
separately in the LoS (32/45 UE locations) and NLoS (13/45 UE
locations) conditions. The proposed method and benchmark method

4Using the ground truth UE state x and outlier threshold Toygier = 3, 2i
is labeled an outlier if, (z; — h(x,f)i))TE;l(zi —h(x,P:)) > Toutlier> in
which p; is computed using (16).

TABLE 1T
RMSEs AND CPU TIME OF THE PROPOSED METHOD AND BENCHMARK
METHOD WITHOUT OUTLIERS IN LOS AND NLOS CONDITIONS

Method Pos. [m] Head. [deg] Clk. [ns] Time [ms]
Proposed (LoS) 0.29 1.95 1.06 0.02
Benchmark (LoS) 1.63 4.61 5.43 0.71
Proposed (NLoS) 0.49 2.27 2.13 9.85
Benchmark (NLoS) 0.51 2.13 2.18 0.68

E 1.5 T T

g 1| |
=

m NV V-V -y -
- 00 012 0f4 016 0i8 1

Prob. of correctly detecting LoS

Fig. 4. Position RMSE as a function of P(H|LoS) and the legend is defined
as: RMSE for all 45 measurement positions (<E—) and RMSE computed
without pyg = [3.56, —5.70]T (- % 7).

without outliers yield comparative performance in NLoS conditions
and the small difference between the two is due to the different outlier
removal methods. In LoS conditions, the proposed method yields
superior accuracy since the method explicitly exploits constraints of the
LoS signal, whereas the benchmark method does not since it always
assumes H; and treats the LoS as any single-bounce path. The benefits
of utilizing the LoS are further discussed in the next section.

3) LoS Detection Accuracy: In the considered experimental
setting, the LoS detection routine presented in Section III-C yields
perfect detection accuracy, P(Hy|LoS) =1 and P(#;|NLoS) =1,
but it is to be noted that perfect accuracy is not mandatory. To fur-
ther investigate SLAM performance with an imperfect LoS detector,
we synthetically vary the probability of correctly detecting the LoS,
P(Hy|LoS) € [0, 1], and perform 1000 Monte Carlo simulations with
each value of P(Hy|LoS). The result is illustrated in Fig. 4. Since
the estimate at pyg = [3.56, —5.70] " happens to be very inaccurate if
the LoS is misdetected, the RMSE is computed with and without this
unfavorable position. Interestingly when P(#,|LoS) = 0, the problem
is solved assuming NLoS only and the performance is equivalent to the
benchmark method without outliers, indicating the proposed method
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is robust to outliers even without the LoS detector. Furthermore, as
P(#Hy|LoS) increases, the RMSE decreases which suggests that it
is beneficial to solve the problem using the LoS if it exists. The
main benefit of using the LoS is that the AoDs and AoAs define the
entire geometry up to a scaling since the UE orientation is solved in
closed-form and the scaling is determined by the clock bias. In addition,
the number of degrees of freedom is lower. Thus, the problem is easier
to solve and identifiability of the model is improved leading to increased
robustness and enhanced SLAM accuracy when constraints imposed by
the LoS are exploited.

4) Computational Complexity: The computational complexity
of the algorithms are given in the last column of Tables I and I, obtained
using a Lenovo ThinkPad P1 Gen 2 with a 2.6 GHz Intel i7-9850H
CPU and 64 GB of memory. A naive implementation of the proposed
and benchmark algorithms scale according to O(].A| x L) and O(|A|),
respectively. Solving the SLAM problem in LoS conditions using the
proposed method is very efficient since | A] = 1 and L = |Z]| — 1. On
the other hand, solving the problem is up to three orders of magnitude
higher in NLoS conditions since |.4| = 361 and typically L is much
larger. With respect to the benchmark method, the computational com-
plexity of the proposed method is lower/higher in LoS/NLoS condition
and real-time operation with both methods can be easily guaranteed
using for example a Matlab MEX-implementations as tabulated in the
tables.

In general, there exists numerous possibilities to reduce the compu-
tational complexity of the algorithm in NLoS conditions. For example,
the exhaustive search could be replaced with random sampling [17] if
the number of measurements would be really high so that the exhaustive
search would become prohibitive. In addition, the grid search over the
angles could be implemented using a coarse grid in combination with
a gradient-based optimization method [12]. These two alternatives are
two good candidate solutions to improve efficiency of the proposed
algorithm in future research.

V. CONCLUSION

The paper presented a robust radio SLAM algorithm for mixed
LoS/NLoS environments that can estimate the unknown UE state,
incidence point of single-bounce propagation paths, as well as existence
of the LoS path, using measurements that are corrupted by outliers.
Analysis was carried out using experimental mmWave measurements
and the results demonstrated the importance of detecting the outliers
and existence of the LoS. The newly proposed radio SLAM algorithm
admits numerous possibilities of future research into other mmWave
localization and sensing approaches or enhancements via filtering and
smoothing.
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