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Abstract—Radio-based simultaneous localization and map-
ping (SLAM) has the potential to provide precise localization
and environmental sensing capabilities using millimeter wave
(mmWave) signals. In this paper, we propose methods that
address the robustness and computational complexity issues of
existing bistatic snapshot radio SLAM algorithms. We introduce
multi-hypothesis Bayesian approaches to enhance the robustness
and accuracy of solving the SLAM problem. In addition, we
introduce effective methods to reduce computational complexity
using prior information. The developed methods are evaluated
using experimental mmWave data using 5G waveforms and
benchmarked with respect to state-of-the-art methods. The results
imply that the proposed methods improve the accuracy, robustness,
and efficiency of radio SLAM.

Index Terms—Simultaneous localization and mapping, Bayesian
estimation, mmWave, 5G

I. INTRODUCTION

Integrated sensing and communication (ISAC) has emerged
as a key enabler in next-generation wireless networks, allowing
wireless signals to serve data transmission and environmental
sensing tasks [1]. One particular ISAC application is radio-based
simultaneous localization and mapping (SLAM), which utilizes
uplink/downlink radio signals to jointly estimate the user equip-
ment (UE) state and localize the scattering/reflecting objects in
the environment [1]. Research on radio SLAM has demonstrated
various technologies such as UWB [2], 5G [3] and future 6G
[4], and has also considered different sensing configurations,
including monostatic [4] and bistatic [2] sensing. Within the
5G context, bistatic radio SLAM can enable positioning and
mapping functionalities with a single base station (BS), offering
precise localization, synchronization and environmental sensing
capabilities with minimal infrastructure [5].

Radio SLAM algorithms can be broadly categorized into
snapshot [6], [7], filtering [2], [8], and smoothing approaches
[9]. Snapshot algorithms solve the SLAM problem for a single
UE location and only use radio measurements collected at a
single snapshot observation [6], [7]. Filtering methods typically
model the UE dynamics and approximate the posterior density
sequentially using radio measurements up to the current time
instant [2], [8], while smoothing approaches consider a batch
of observations and estimate the entire trajectory [9]. The
different SLAM algorithms have distinct advantages depending
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on the application scenarios. Smoothing is the best candidate if
accuracy is the most important performance criterion, filtering
approaches are best suited for real-time applications, and
snapshot algorithms are essential when UE dynamics are
unavailable and only snapshot radio measurements are observed.
Moreover, smoothing and filtering methods typically require
a snapshot algorithm for initialization, unless initialization is
performed using an external sensor such as GPS.

The snapshot radio SLAM problem is commonly solved either
using least squares (LS) [7], [10], [11] or Bayesian estimation
[6], [12]. Typically the works assume that all non-line-of-sight
(NLoS) paths are single-bounce propagation paths, meaning that
each NLoS path interacts with a single discrete incidence point
(IP) in the environment. However, experimental measurements
indicate that higher-order NLoS paths are not uncommon [12],
[13] and incorrectly viewing such paths as single-bounce paths
can lead to severe SLAM performance degradation [10], [11]. To
overcome this deficit, recent works have explored methods to
identify multi-bounce signals so that these paths can be discarded
when solving the snapshot SLAM problem [10], [11].

In this paper, building on the method presented in [11], where
a random sample consensus (RANSAC)-inspired LS approach
to solve the problem was proposed, we devise a Bayesian
approach to improve the robustness, accuracy, and efficiency of
radio SLAM. Our specific contributions are: (i) multi-hypothesis
Bayesian estimators that improve robustness and accuracy with
respect to state-of-the-art benchmark algorithms; (ii) methods to
reduce computational complexity of the radio SLAM algorithm
using prior information; (iii) the introduced methods are validated
using experimental millimeter wave (mmWave) data with 5G
waveforms, demonstrating the available performance gains.

II. BACKGROUND
A. Problem Formulation

We consider a bistatic downlink scenario in the 2D/azimuth
domain with a BS as the transmitter (TX) and a UE as the
receiver (RX). The BS position pBS and orientation αBS are
known, represented by the state xBS =

[
p⊤

BS, αBS
]⊤ ∈ R3.

The UE position pUE, orientation αUE, and clock error between
the UE and the BS bUE are all unknown, represented by the
state xUE =

[
p⊤

UE, αUE, bUE
]⊤ ∈ R4. The nth landmark in

the propagation environment is parameterized by its unknown
position pn ∈ R2 that represents the interaction point of the
nth single-bounce propagation path. Furthermore, the channel
parameters of the ith resolvable propagation path are given by



zi = [τi, ϕi, θi]
⊤ ∈ R3, corresponding to the time of arrival

(ToA), angle of departure (AoD) and angle of arrival (AoA),
respectively. The focus of this paper is to solve the SLAM
problem, which aims at estimating the unknown xUE and the
set of landmarks P = {p1,p2, ...,pM} by leveraging the set
of channel parameters Z = {z0, z1, z2, ..., zN} in which z0
is reserved for the line-of-sight (LoS) path if it exists. In this
paper, channel parameters are estimated using the singular value
decomposition-based method introduced and described in [12].

B. Measurement Model
Assuming that the noise of the channel parameter estimates is

zero-mean Gaussian, the likelihood function is given by

p (zi | xUE,pi) = N (zi | h (xUE,pi) ,Ri) , (1)

which describes the geometric relationship among the BS, UE
and the propagation environment, as well as, the inaccurate and
noisy relationship via the covariance matrix Ri. The mean of the
LoS path (i = 0, pi = ∅) is given by

h (xUE,pi) =

 ∥pBS − pUE∥ /c+ bUE
atan2 (yUE − yBS, xUE − xBS)− αBS
atan2 (yBS − yUE, xBS − xUE)− αUE

 , (2)

and the mean of single-bounce NLoS path (i ≠ 0) is given by

h (xUE,pi) =

∥pBS − pi∥ /c+ ∥pi − pUE∥ /c+ bUE
atan2 (yi − yBS, xi − xBS)− αBS
atan2 (yi − yUE, xi − xUE)− αUE

 , (3)

where ∥·∥ denotes the Euclidean norm, atan2(·, ·) the two
argument arctangent, and c the speed of light.

C. Conditional Least Squares Solution for UE
Given xBS and Z , the UE state does not admit a closed-form

solution. The problematic term is the orientation of the UE,
however, a closed-form LS solution for the position and clock
error exists if the orientation is known [14]. In the following,
we summarize the LS solution for xαUE =

[
p⊤

UE, bUE
]⊤

, which
is conditional on αUE and in Section II-E, we describe methods
for also estimating αUE.

Let I = {0, 1, . . . , N} denote the set of indices correspond-
ing to each propagation path in Z . For any given single-bounce
NLoS path i ∈ I, the UE position is given by [7]:

pUE = pBS + diγiui − di (1− γi)vi, (4)

where di = c (τi − bUE) denotes the propagation distance, and
γi ∈ [0, 1] is an unknown parameter representing the fraction
of the propagation distance along ui. In the above, ui and
vi are unit vectors representing the AoD and AoA directions,
given by

ui = Ω(αBS)[cos(ϕi), sin(ϕi)]
⊤, (5)

vi = Ω(αUE)[cos(θi), sin(θi)]
⊤, (6)

where Ω(α) =
[
cos(α) − sin(α)
sin(α) cos(α)

]
is a rotation matrix.

By rearranging (4) and considering all paths, a cost for the
UE state which is conditional on αUE can be expressed as [14]

J (xαUE) =
∑

i∈IηiJi (xαUE) , where (7)

Ji (xαUE) =
∥∥HixαUE − µi − ν⊤

i (HixαUE − µi)νi

∥∥2 , (8)

in which ηi is the weight for the ith path, Hi = [I2,−cvi],
νi = (ui + vi) / ∥ui + vi∥, and µi = pBS − cτivi. Minimiz-
ing (7) with respect to xαUE yields the LS solution for the
conditional UE state [11], [14]:

x̂αUE =
(∑

i∈I ηiH
⊤
i CiHi

)−1 ∑
i∈IηiH

⊤
i Ciµi, (9)

in which Ci =
(
I2 − νiν

⊤
i

)
. For the LoS path (i = 0), (4)

simplifies to pUE = pBS +d0u0 such that the parameters in (9)
simplify to H0 = [I2, cu0], µ0 = pBS + cτ0u0 and C0 = I2.

D. Robust Least Squares Solution for UE state

Some propagation paths i ∈ I that cannot be expressed using
(4), such as multi-bounce signals, can cause significant SLAM
performance degradation [10], [11]. Therefore, recent works
have explored methods to identify multi-bounce signals so that
these paths can be discarded when solving the SLAM problem
[10], [11]. In this paper, we build upon the RANSAC-inspired
algorithm presented in [11].

Let Jl denote a minimal subset of I which is sufficient
to solve the SLAM problem, and let Nmin = |Jl| denote
cardinality of such minimal subset. In the considered problem,
Nmin = 2 in LoS conditions and Nmin = 4 in NLoS conditions
[11]. In the context of RANSAC, minimal solvers that compute
solutions from a minimal amount of data are preferable because
it increases the likelihood by using a set that has no outliers.
The RANSAC-inspired algorithm performs the following three
steps to estimate the UE state and set of inliers. First, an
initial solution x̂0

αUE
is computed using (9) and I ← Jl, in

which ← denotes that I is replaced with Jl. Then, according
to the principles of RANSAC, the propagation path indices
are partitioned into a set of inliers Iinliers and a set of outliers
Ioutliers, based on Ji(x̂

0
αUE

) in (8) and using a user defined inlier
error threshold Tε, as follows

Iinliers =
{
i ∈ I | Ji

(
x̂0
αUE

)
≤ Tε

}
, (10)

Ioutliers = I \ Iinliers. (11)

Lastly, x̂αUE is re-estimated using (9) in which I ← Iinliers,
and a cost for the solution is computed as [11]

C (αUE,Jl) =
∑

i∈Iinliers
ηiJi (x̂αUE) +

∑
i∈Ioutliers

ηiTε. (12)

Then, the optimal UE orientation and minimal set is found as

α̂UE, Ĵl = argmin
αUE,Jl

C (αUE,Jl) . (13)

Note that the UE estimate x̂UE = [p̂⊤
UE, α̂UE, b̂UE]

⊤ and set of
inliers Îinliers are given as a by-product when solving (13).

E. Robust Snapshot SLAM Algorithm

The overall SLAM problem can be solved in mixed
LoS/NLoS conditions as presented in [11] and which we
summarize in the following. The method first assumes that the
LoS condition is true and the candidate LoS path is the one with
the smallest delay j = argmin i∈I τi. Then, the UE orientation
can be estimated in closed-form as α̂UE = atan2(yj , xj), where
[xj , yj ]

⊤ = −Ω(−θj)uj . Third, (13) is solved using a search
over all possible minimal subsets J ∈ ZL×Nmin in which
L is the total number of combinations. Lastly, a statistical
test is performed based on the log-distance path loss model



(function of x̂UE) to verify the validity of the null hypothesisH0

(LoS condition). If the alternative hypothesis H1 is true (NLoS
condition), (13) is re-solved using a grid search over all possible
minimal subset J ∈ ZL×Nmin as well as UE orientations
A = (−π, π]. Once x̂UE and Îinliers have been estimated, the
landmark positions can be estimated independently for the inlier
NLoS paths by solving the following nonlinear optimization
problem [11]

p̂i = argmin
pi

∥zi − h(x̂UE,pi)∥2R−1
i

, ∀ i ∈ Îinliers \ j (14)

in which the notation ∥e∥2Λ = e⊤Λe is used for brevity and
j = ∅ if H1 is true. In this paper, the Gauss-Newton (GN)
algorithm [15] is used to solve (14). The set of landmark
estimates is denoted as P̂ = {p̂i | i ∈ Îinliers \ j} and the
number of estimated landmarks is M = |P̂|.

III. PROPOSED METHODS

The solution presented in the previous section has three
shortcomings which are: (i) the solution is suboptimal, (ii)
the method is sensitive to the value of Tϵ, and (iii) the
computational overhead of the algorithm is high in NLoS
conditions. In the following, we tackle these challenges and
present methods to improve the accuracy, robustness, and
computational complexity of the SLAM algorithm. The main
idea of the proposed algorithm is that we first compute multiple
outlier-free candidate solutions using the SLAM algorithm
described in Section II-E. Then in the second stage of the
algorithm, Bayesian approaches are used to refine the solutions
and select the one that minimizes a new cost. We present two
variants of the proposed algorithm, a pure snapshot approach
that does not utilize any prior information and a quasi-snapshot
approach that utilizes prior information to enhance the accuracy
and efficiency of the proposed method. In the following, we
will use x = [x⊤

UE, p
⊤
1 , . . . , p

⊤
M ]⊤ to denote the joint state

of the UE and M landmarks, and z = [z⊤0 , z
⊤
1 , . . . , z

⊤
M ]⊤ to

denote the concatenated and outlier-free measurement vector.
A. Proposed Snapshot SLAM Approach

1) Maximum Likelihood Estimator: The solution in (13)
which is based on the LS estimator in (9) is suboptimal
as it neglects the measurement noise process and the UE
orientation estimate is subject to limited grid cell resolution
(NLoS condition) or the orientation is estimated from a single
measurement (LoS condition). In addition, the landmarks are
independently estimated. Due to these limitations, we propose
to use maximum likelihood estimation (MLE) instead. The
considered estimation problem can be formulated as

x̂MLE = argmax
x

p(z | x). (15)

Maximizing (15) is equivalent to minimizing the negative log-
likelihood, given by

− log p(z | x) = − logN (z;h(x),R), (16)

=
dz
2

log(2π) +
1

2
log(|R|) + 1

2
∥z− h(x)∥2R−1 ,

where dz = dim(z), R = blkdiag
(
R0,R1, . . . ,RM

)
and

h(x) = [h(xUE, ∅)⊤,h(xUE,p1)
⊤, . . . ,h(xUE,pM )⊤]⊤. Note

that z0 = ∅, R0 = ∅ and h(xUE, ∅) = ∅ if LoS does not
exist. The above problem is solved using the GN algorithm
[15] which is initialized using the LS-based solution described
in Section II-E. The proposed solution is similar to the one
presented in [12] with two key differences. First, a Cauchy
cost function is used in [12] to diminish the impact of outliers.
In the proposed solution, outlier measurements have already
been discarded from z, allowing the use of a standard quadratic
cost function. The second difference is more serious and is
related to initialization. The method in [12] either requires an
informative prior for xUE or the existence of LoS, whereas
the proposed method is initialized using the LS-based solution
which does not require prior information or LoS to exist.

2) Multi-Hypothesis Maximum Likelihood Estimator: The
cost in (12) is non-convex and the global minimum is not
even guaranteed to be the most accurate solution. In addition,
the performance of the method described in Section II-E is
sensitive to the value of Tϵ. Due to these two reasons and to
improve the robustness of the estimator, we propose computing
the MLE using multiple different initializations and selecting
the one that minimizes the cost. The initialization points are
determined using (12) as follows. Let Cmin = minC (αUE,Jl)
denote the global minimum of the cost function defined in
(12). We then consider all the LS-based solutions whose costs
lie within a factor of (1 + β) of the global minimum:

X̂ = {x̂ | C (αUE,Jl) ≤ (1 + β)Cmin} . (17)

By choosing β appropriately, we retain multiple hypothesis
whose costs are close to the global minimum, thereby reducing
the risk of discarding a solution that is closest to the ground
truth but not the one with Cmin. For each x̂ ∈ X̂ , we initialize
the GN algorithm to x̂ and the final solution is the hypothesis
that minimizes (16), mathematically expressed as

x̂MH-MLE = argmax
x∈X

p(z | x). (18)

B. Proposed Quasi-Snapshot SLAM Approach

1) State Prior: In the following, a prior for the joint UE
and map state is denoted as p(x) = N (x | m,P), in which
m and P denote the prior mean and covariance. Instead of
considering the MLE in (18), we can consider the multi-
hypothesis maximum a posteriori (MAP) estimate

x̂MH-MAP = argmax
x∈X

p(x | z). (19)

Maximizing (19) for a single hypothesis is equivalent to
minimizing the negative log-posterior, given by

− log p(x | z) = − log p(z | x)− log p(x), (20)
= − logN (z;h(x),R)− logN (x;m,P),

where the first term is given in (16) and the second term is

− logN (x;m,P) =
dx
2

log(2π)+
1

2
log(|P|)+1

2
∥x−m∥2P−1 ,

(21)
where dx = dim(x). The MAP estimate is computed using
the GN algorithm (see e.g., [12]). The prior serves as a regu-
larization term, and the amount of regularization is determined
by P. If the prior covariance is large, the prior is vague and



x̂MH-MAP is mainly determined by p(z | x), while the weight
of the prior increases as P decreases. It should be noted that
prior for the full joint state is not mandatory and we can easily
consider any subset of x when computing the MAP estimate
(e.g. p(xUE) = N (xUE | {m}1:4, {P}1:4,1:4)).

The prior can also be used to reduce the computational
complexity of the SLAM algorithm. As described in Section
II-E, (13) is estimated using a grid search over all combinations
and UE orientations A = (−π, π] in NLoS conditions. Thus,
a prior on the UE orientation can be used to decrease the size
of the grid search. Let α = {m}3 and σα =

√
{P}3,3 denote

the mean and standard deviation of the UE orientation prior,
the grid search can be confined to the interval

A = [α− Tασα, α+ Tασα], (22)

where Tα defines the confidence level.

2) Measurement Prior: The number of combinations L ≜
|J | is given by

L =
(|Z| −NLoS)!

(|Z| −NLoS −NNLoS)!NNLoS!
, (23)

in which NLoS and NNLoS denote the minimum number of
LoS and NLoS paths required to solve the SLAM problem. As
the number of measurements increases, L increases rapidly in
NLoS conditions. Luckily, at mmWave frequencies, the number
of measurements is typically quite low—ranging from 6 to 12 in
LoS conditions and from 8 to 12 in NLoS conditions [16]. On
the downside, the number of combinations with |Z| = 12
is already 715 in NLoS conditions, which results in high
computational complexity. However, due to the combinatorial
nature of the problem, the number of combinations can be
significantly reduced if some measurements in Z can be
neglected or are known to be inliers or outliers. In the
following, we devise a method using the prior information
of the measurements to reduce the computational complexity
of the SLAM algorithm.

Let Zk and Zk−1 denote the full set of channel parameter
estimates at the current and previous time instants, respectively.
We assume that the channel parameters are estimated frequently
enough, so that at least partially the geometric consistency
between Zk and Zk−1 is preserved. Now, if we can identify
similar elements between Zk and Zk−1, we can reduce the
size of Jk and Zk since the inliers and outliers associated with
Zk−1 are already known from the previous SLAM solution.
We cast this as an optimal assignment problem, defined as

minimize Tr
(
A⊤D

)
(24)

s.t. Ai,j ∈ {0, 1} ∀ i, j∑n+m

j=1
Ai,j = 1, ∀ i∑n

i=1
Ai,j ∈ {0, 1}, ∀ j

where n = |Zk|, m = |Zk−1|, A is the assignment matrix
and D the cost matrix. For geometrically consistent measure-
ments, h(xk,UE,pi) − h(xk−1,UE,pj) ≈ 0, we have zk,i −
zk−1,j

approx.∼ N (0,Ri,j), in which Ri,j = Rk,i + Rk−1,j .

Now, we define the assignment cost di,j as

di,j = ∥zk,i − zk−1,j∥2R−1
i,j

, (25)

and the cost of not assigning a measurement d0 is set to a
constant. Using di,j and d0, the cost matrix is defined as

D =

d1,1 . . . d1,m
...

. . .
...

dn,1 . . . dn,m

∣∣∣∣∣∣∣
d0 . . . ∞
...

. . .
...

∞ . . . d0

 (26)

where the left n ×m sub-matrix corresponds to assignment
costs and the right n×n sub-matrix corresponds to the costs of
not assigning a measurement. The optimal assignment problem
is solved using the Hungarian algorithm [17], which yields the
optimal assignment A∗ between current and previous paths.

Given A∗, we can define the candidate inliers and outliers
at the current time step as

Ĩkinliers = {i ∈ Ik | (∃j)[j ∈ Îk−1
inliers ∧ {A∗}i,j = 1]}, (27)

Ĩkoutliers = {i ∈ Ik | (∃j)[j ∈ Îk−1
outliers ∧ {A∗}i,j = 1]}, (28)

where Îk−1
inliers and Îk−1

outliers denote the inlier and outlier estimates
at the previous time step. Let Ik denote the set of indices
corresponding to each propagation path in Zk and let Jk
denote the set of all possible minimal subsets at the current
time step. Now, based on Ĩkinliers and Ĩkoutliers, we can form
Ĩk ⊆ Ik and J̃k ⊆ Jk, which are then used to solve the
SLAM problem. First of all, we can exclude known outliers
from the data Ĩk = Ik \ Ĩkoutliers. Second, we can form J̃k by
picking Nmin elements from the set Ĩkinliers instead of Ik, such
that the number of new combinations is

L̃ =
(|Ĩkinliers| −NLoS)!

(|Ĩkinliers| −NLoS −NNLoS)!NNLoS!
. (29)

This procedure significantly reduces the number of minimal
subsets at the current step and also decreases the complexity
of finding new inliers, leading to a more efficient SLAM
algorithm.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup
We evaluate the performance of the proposed and benchmark

SLAM algorithms using real-world 60 GHz measurement
data, collected indoors on the campus of Tampere University,
Finland. In total, 45 UE locations were measured with 32
in LoS conditions and 13 in NLoS conditions. Beamformed
measurements were obtained using 400 MHz transmission
bandwidth utilizing 5G NR-specified downlink positioning
reference signals. The experimental details and the hardware
used are explained further in [12].

The experimental parameters are the same as those used
in [11]. The covariance of the channel parameters is Ri =
diag([1 ns, 1 deg, 1 deg]2) ∀ i, in NLoS conditions the grid
search is calculated using 1◦ angle resolution such that
|A| = 360, and the inlier detection threshold is set to
Tϵ = 0.1 unless otherwise stated. The confidence level
used in (22) is Tα = 3 and the multi-hypothesis detection
factor in (17) is β = 0.3. The cost of not assigning a
measurement in the optimal assignment problem is d0 = 44.8,



(a) Benchmark LS-CPD (b) Benchmark LS-RAN (c) Proposed MH-MLE
Fig. 1. SLAM performance using the benchmark algorithms and the proposed method. In the figures, BS position is shown using (▽), the ground truth UE
trajectory with ( ), UE position estimates using (×) and landmark position estimates with (+).

which is computed using the inverse cumulative distribu-
tion function of the χ2 distribution with tail probability
10−9. Lastly, the UE prior at measurement position k is
p(xUE,k) = N (mUE,k,PUE,k). The mean is the UE estimate
at the previous measurement position, mUE,k = x̂UE,k−1. The
covariance is PUE,k = ΣUE,k−1 +Q, where ΣUE,k−1 denotes
the covariance estimate at the previous measurement position,
and Q = diag([2m, 2m, 10 deg, 10 ns]2) is the process noise
that captures the additional uncertainty of movement.

The proposed SLAM algorithms are benchmarked with
respect to two other snapshot SLAM algorithms. The first
benchmark algorithm is the RANSAC-inspired robust snapshot
SLAM algorithm introduced in [11]. The second benchmark
algorithm is the change point detection (CPD) method intro-
duced in [10]. Since the original CPD method assumed the
UE orientation is known and that the LoS signal exists, the
method is modified so that it can work in NLoS conditions
and also estimate the unknown UE orientation. We refer to
the first benchmark algorithm as LS-RAN since it uses least
squares to estimate the UE state and RANSAC for detecting
inliers. The second benchmark algorithm is called LS-CPD as
it uses CPD instead. The proposed methods are referred to as
MH-MLE and MH-MAP. MH-MLE is a snapshot approach
that does not use any prior information and MH-MAP is a
quasi-snapshot approach that utilizes the UE prior.

Estimation accuracy is evaluated using the position, head-
ing and clock bias root mean squared errors (RMSEs):
es =

√
1
45

∑45
k=1 e

2
s,k, where s ∈ {p, α, b} and ep,k =√

(xUE,k − x̂UE,k)2 + (yUE,k − ŷUE,k)2 for position, eα,k =

αUE,k − α̂UE,k for heading and eb,k = bUE,k − b̂UE,k for clock
bias. In addition, the accuracy of classifying inliers and outliers
is evaluated using true positive rate (TPR) and true negative
rate (TNR). TPR measures the proportion of inliers correctly
classified as inliers and TNR measures the proportion of outliers
correctly classified as outliers. Since the ground truth landmark
locations are unknown, which is a common problem in SLAM,
the quantitative performance analysis only considers the UE.
B. Results Without Prior Information

The performance of the different SLAM algorithms are
visualized in Fig. 1, and the performance metrics are tabulated
in Table I. The main advantage of ML-CPD is its low

TABLE I
PERFORMANCE COMPARISON OF THE ALGORITHMS

Methods Hi ep [m] eα [deg] eb [ns] TPR/TNR [%] Time [ms]
MH-MLE

LoS
0.26 1.93 0.86 96.9/93.2 1.40

LS-RAN 0.29 1.95 1.06 95.8/93.2 0.41
LS-CPD 0.94 1.94 3.28 87.8/84.2 0.24

MH-MLE
NLoS

0.44 2.24 1.92 96.0/100 274.44
LS-RAN 0.49 2.27 2.13 96.0/100 252.85
LS-CPD 4.22 48.96 19.06 78.0/84.8 36.97

MH-MLE
All

0.33 2.03 1.26 96.6/95.9 80.27
LS-RAN 0.36 2.05 1.45 95.9/95.9 73.34
LS-CPD 2.40 26.36 10.61 80.8/84.5 10.86

computational overhead; however, in many UE positions the
CPD algorithm fails to correctly detect inliers resulting in
unsatisfactory SLAM performance. The RANSAC-inspired
algorithms are computationally more demanding, but as an
advantage, the classification accuracy is superior as indicated
by the higher TPR and TNR values. The classification accuracy
has a direct impact on SLAM performance and therefore, the
RANSAC-based methods outperform the CPD-based method.
The difference between LS-RAN and MH-MLE is more
subtle, and the proposed MH-MLE method slightly outperforms
the LS-RAN method. The main difference is that the multi-
hypothesis detector utilized by MH-MLE slightly improves the
classification accuracy. In addition, the MLE takes into account
the measurement noise covariance and jointly estimates the
UE and landmark states, whereas LS-RAN first uses LS to
estimate the UE state and then independently estimates the
landmark states.

The CPD algorithm proposed in [10] assumes that the inliers
consistently exhibit lower delay and/or higher power than the
outliers. By ordering the paths based on delay or power, the
CPD first solves the problem with a minimal subset that has
either the lowest delays or the highest powers. The method
then attempts to add one path at a time until an abrupt and
large change in the solution is detected. Subsequently, the path
that caused the sudden change, as well as all remaining paths,
are classified as outliers. However, it should be noted that the
assumption that inliers consistently exhibit the lowest delays
and/or highest powers does not always hold, as illustrated in
Fig. 2a. In the example, the UE is in NLoS conditions and at
least four paths are required to solve the problem. Ordering
the paths by either delay or power, an outlier will be included
in the minimal subset in both cases degrading SLAM accuracy
significantly as illustrated in Fig. 1a.
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Fig. 2. In (a), delay vs. power at one example UE location (x = −5.5m, y = −2.3m). In (b), performance of LS-RAN and MH-MLE using different inlier
detection threshold values. In (c), the CDFs of MH-MLE with different p values and for comparison, also the CDF of LS-CPD is visualized. In RANSAC, p is
the probability that the algorithm results is successful model selection [18].

One disadvantage of the RANSAC-based algorithms is
that they require setting the problem-specific inlier detection
threshold Tε. Setting it too low can cause misdetections,
whereas setting it too high can cause false detection. The
position RMSE as a function of Tε is illustrated in Fig. 2b.
As shown, LS-RAN is very sensitive to even small changes
in Tε since the cost in (12) can have multiple local minima,
and the global minimum does not necessarily correspond to
the ground truth orientation and inlier set. On the contrary,
the proposed MH-MLE method avoids relying solely on the
global minimum when the cost in (12) contains multiple local
minima. Therefore, the proposed algorithm is more robust and
provides good performance for a wide range of Tε values.

Instead of using random sampling as in the original
RANSAC algorithm, LS-RAN and MH-MLE perform an
exhaustive search that incurs a significant computational cost
as the number of paths increases. In the following, we illustrate
the performance of using random sampling, where the number
of combinations, |J |, is determined by the desired success
probability p [18]. The position error cumulative distribution
functions (CDFs) of MH-MLE with different p values are
illustrated in Fig. 2c. For comparison, CDF of LS-CPD is also
shown in Fig. 2c. Setting p = 1 corresponds to the exhaustive
search, and, as illustrated, the performance of the proposed
approach significantly degrades as p is lowered. The reason is
that in several NLoS positions, there are only four inliers and
if p < 1, it is possible that the minimal set that contains the
four inliers is not included in J . Because of this, we do not
recommend using random sampling to improve the efficiency
of LS-RAN and MH-MLE.

C. Results With Prior Information

In the following, we demonstrate that prior information can
be used effectively to enhance the accuracy and efficiency
of the proposed algorithm. First, the overall complexity of
the proposed algorithm scales as O(|J | |A| + |X |). In LoS
conditions, O(|X |) > O(|J ||A|) and the algorithm is efficient
since |A| = 1 and |J | = |Z| − 1. In NLoS conditions,
O(|J ||A|) ≫ O(|X |) since |A| = 360 and |J | increases
notably as |Z| grows. However, the computational overhead
can be reduced significantly if priors for the measurements
and UE exist. As described in Section III-B2, the inliers and

TABLE II
PERFORMANCE COMPARISON OF MH-MLE AND MH-MAP APPROACHES

WITH (
√
) AND WITHOUT (−) UE AND MEASUREMENT PRIORS

Algorithm Prior Hi ep [m] eα [deg] eb [ns] |J |/|A| Time [ms]
xUE Z

MH-MLE − −
LoS

0.26 1.93 0.86 7/1 1.40
MH-MLE −

√
0.26 1.93 0.86 7/1 1.40

MH-MAP
√

− 0.24 1.90 0.76 7/1 1.40
MH-MAP

√ √
0.24 1.90 0.76 7/1 1.40

MH-MLE − −
NLoS

0.44 2.24 1.92 131/360 274.44
MH-MLE −

√
0.44 2.24 1.92 5/360 33.02

MH-MAP
√

− 0.35 2.27 1.27 131/65 71.56
MH-MAP

√ √
0.35 2.27 1.27 5/65 19.70

MH-MLE − −
All

0.33 2.03 1.26 43/104 80.27
MH-MLE −

√
0.33 2.03 1.26 6/104 11.05

MH-MAP
√

− 0.27 2.02 0.94 43/19 21.64
MH-MAP

√ √
0.27 2.02 0.94 6/19 6.73

outliers detected at the previous measurement position can be
used to detect inliers and outliers at the current measurement
position, since coherent measurements are expected between
closely spaced measurement positions. Subsequently, the search
space as well as the computational complexity to solve (13)
can be reduced. On the other hand, the UE prior can be used
to decrease |A| as described in Section III-B1. The results
are summarized in Table II for the proposed algorithms with
and without prior information, and it can be concluded that
prior information improves accuracy and efficiency, especially
in NLoS conditions. As an example, the average number of
combinations reduces from 131 to 5 using the measurement
prior and on average |A| decreases from 360 to 65 using the
UE prior. The significant reduction in search space converts to
an order-of-magnitude saving in computational overhead, as
tabulated in Table II.

V. CONCLUSION

In this paper, we presented methods to enhance the per-
formance of a previously developed snapshot radio SLAM
algorithm [11]. In particular, we employed Bayesian approaches
to improve the accuracy and robustness of the estimator. In
addition, we presented methods that leverage prior informa-
tion to decrease computational complexity. Our performance
evaluations using experimental mmWave measurements demon-
strated that compared to state-of-the-art methods, the proposed
methods yield a more robust, accurate, and efficient algorithm.
The results also demonstrated that the proposed algorithms
can accurately solve the SLAM problem without any prior
information, and the accuracy and efficiency can be improved
using prior information.
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