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Enabling Situational Awareness in
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Abstract—Situational awareness in wireless networks refers to
the availability of position information on transmitters and re-
ceivers as well as information on their propagation environments to
aid wireless communications. In millimeter wave massive multiple-
input multiple-output communication systems, situational aware-
ness can significantly improve the quality and robustness of
communications. In this paper, we establish a model that describes
the statistical dependencies between channel state information and
the position, orientation, and clock offset of a user equipment
along with the locations of features in the propagation environ-
ment. Based on this model, we introduce COMPAS (COncurrent
Mapping, Positioning, And Synchronization); an inference engine
that can provide accurate and reliable situational awareness in mil-
limeter wave massive multiple-input multiple-output communica-
tion systems. Numerical results show that COMPAS is able to infer
the positions of an unknown and time-varying number of features
in the propagation environment and, at the same time, estimate the
position, orientation, and clock offset of a user equipment.

Index Terms—Millimeter wave, MIMO, positioning, synchro-
nization, mapping.

I. INTRODUCTION

LOCATION-AWARENESS [1]–[25] and knowledge of the
propagation environment can enhance the performance

of communication systems substantially [26]–[28]. Obtaining
accurate and reliable information on the positions of user equip-
ments (UEs) and their environments is a notoriously challenging
problem in wireless communication systems. To address this
challenge, approaches for multipath-assisted localization and
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mapping [29]–[34] in single antenna systems have been pro-
posed recently. In particular, existing works are based on range
measurements extracted from ultra-wideband (UWB) signals
[29]–[31] and signals of opportunity (SOO) [32]–[34] provided
by communication technologies such as long term evolution
(LTE) and wireless fidelity (WiFi).

Millimeter wave (mmWave) massive multiple-input
multiple-output (mMIMO) [35]–[37] will begin a new era
of multipath-assisted localization due to the availability of
precise angle-of-departure (AOD) and angle-of-arrival (AOA)
information [38]–[40]. In addition to localization, mmWave
mMIMO will make it possible to synchronize [41]–[43] UEs and
map [44]–[46] their propagation environments. Localization
and orientation estimation from angular measurements has been
considered in [47]–[49]. Bayesian methods for static localization
and mapping in mmWave mMIMO have been introduced
in [50]–[52].

Enabling reliable and scalable localization and mapping in
dynamic scenarios raises the following principle questions.
Which mechanisms assure resilience to corrupted or missing
measurements? What techniques render scalability in terms of
the number of features in the map? Which practicability require-
ments (e.g., imprecise synchronization) must be addressed? The
answers to these questions will guide the way towards situational
awareness, which can aid mmWave mMIMO communication
systems.

We promote situational awareness for future communication
systems where information on the locations of UEs and knowl-
edge of their propagation environments are determined. Situa-
tional awareness goes beyond the concept of location awareness
since information on the propagation environment is explicitly
considered. We expect that situational-aware communications
will transform many facets of conventional communication sys-
tems and we believe that obtaining a map of the propagation
environment can significantly improve the communication rate
and reliability of future wireless systems. For instance, being
aware of reflecting objects allows to establish side links that
can increase transmission throughput, network capacity, and
robustness. Fig. 1 depicts a selection of aspects where commu-
nications can benefit from situational awareness and vice versa.
These aspects are not explicitly studied in this work but indicate
relevant directions of future research.

The goal of this paper is to build the foundation for situational-
aware communications by providing a powerful inference en-
gine. Particularly, we consider the setting shown in Fig. 2
and propose COMPAS (COncurrent Mapping, Positioning, And
Synchronization). COMPAS is based on a recently introduced
framework for estimating an unknown number of objects in the
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Fig. 1. Interplay of situational awareness and communications. The situational
awareness layer determines information on the positions and orientations of
UEs and on their propagation environments to aid the communication layer. We
propose a method for achieving situational awareness in this article.

presence of measurement origin uncertainty [53]. It enables joint
tracking of the position, orientation, and clock offset of a UE as
well as the generation of a map of reflecting surfaces in the
propagation environment. The key contributions of this paper
are as follows.
� We develop a stochastic model for the relationship of in-

formation on the UE state (position, orientation, and clock
offset) and information on the propagation environment
available in mmWave mMIMO systems.

� We derive COMPAS, a robust and scalable inference en-
gine that infers the states of a UE along with the positions
of reflecting surfaces in its propagation environment.

� We demonstrate via numerical examples that COMPAS
provides accurate and robust information regarding the UE
states and its propagation environment.

In contrast to classical simultaneous localization and mapping
(SLAM), we estimate the clock offset in addition to UE posi-
tion and orientation. On the other hand, our methodology does
not consider loop-closure, which is a fundamental element in
SLAM [46].

The remaining sections are organized as follows. Section II
introduces the state-space model, channel estimation based on
angular models, the geometric relationship between the channel
parameters and position-related parameters, and the measure-
ment model. The section is concluded with the definition of the
inference problem. The stochastic model derived in this paper
is presented in Section III by providing an intuition, a rigorous
mathematical description, and a graphical representation of the
model. Section IV presents COMPAS; our inference engine for
the model developed in Section III. A numerical analysis of
COMPAS is conducted in Section V, and Section VI makes
concluding remarks.

Notation: Random variables are displayed in sans serif, up-
right fonts; their realizations in serif, italic fonts. Vectors and
matrices are denoted by bold lowercase and uppercase letters,
respectively. For example, a random variable and its realization
are denoted by x and x; a random vector and its realization are

Fig. 2. Situational awareness provided by mmWave mMIMO communica-
tions. The UE (red array) changes its position pk , orientation αk , and clock
offset εk between any two time steps k − 1 and k. At every time step k, it
receives the signals from the BS (blue array) based on which it extracts the AOAs

θ
(j)
RX,k

, AODs θ(j)
TX,k

, and delay τ (j)
k

of every received path j. NLOS paths are
generated by reflecting surfaces that can be represented by VAs, e.g., p(1)

VA,k
.

While the point of reflection s(1)
k

moves as the position of the UE changes, the
VA remains in the same location.

denoted by x and x. Sets are denoted by calligraphic font, e.g.,
X . An estimate of a parameter is denoted with the superscript
hat, e.g., x̂. Furthermore, ‖x‖, xT, and xH denote the Euclidean
norm, the transpose of vector x, and the conjugate transpose of
vectorx, respectively;∝ indicates equality up to a normalization
factor; f(x) denotes the probability density function (PDF) of
random vector x (this is a short notation for fx(x)); f(x|y)
denotes the conditional PDF of random vector x conditioned on
random vector y; |S| denotes the cardinality of set S; In denotes
the n× n identity matrix. The indicator function is denoted by
I(·).

II. PROBLEM FORMULATION

This section describes the fundamental models that we con-
sider and defines the inference problem.

A. State-Space Model

We consider a mmWave mMIMO communication system
with a static base station (BS) and a UE. The BS and the UE
are equipped with large antenna arrays of arbitrary geometry.
Let φk and αk denote the orientation of the array of the BS
and UE at time k, respectively. The locations of the BS and
UE are given by the centroids of their arrays and they are de-
noted by qk � [qx,k qy,k]

T and pk � [px,k py,k]
T, respectively.

We consider a two-dimensional (2D) model for the sake of
simplicity. An extension to three dimensions is possible in a
straightforward manner. It it assumed that the BS is static, and
its position and orientation are known, i.e., qk = q and φk = ϕ.
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Without loss of generality we set ϕ = 0. The clocks of the BS
and UE are not accurately synchronized and their clock offset
is described by εk. The propagation environment consists of a
time-varying number of reflecting surfaces with indices l ∈ Ik.
We describe a reflecting surface l ∈ Ik by a normal vector ul and
an arbitrary point vl on the reflecting surface. These surfaces are
represented by static virtual anchors (VAs)1 which are located
at mirror images of the BS position at the reflecting surfaces.
Note that the positions of VAs are assumed to be static but their
presence can change over time, i.e., new reflectors can appear
in the environment and existing reflectors can disappears. The
position p

(l)
VA,k = [p(l)

VA,x,k p(l)
VA,y,k]

T of the lth VA is given by

p
(l)
VA,k =

(
I2 − 2ulv

T
l

)
q + 2vT

l ulul. (1)

Neither the number |Ik| of reflecting surfaces nor the positions
p
(l)
VA,k, l ∈ Ik of the corresponding virtual anchors are known. If

VA l existed at time k − 1, it also exists at time kwith probability
Ps(p

(l)
VA,k−1). The arrival or birth of new features is modeled by

a Poisson point process with intensity function λb(p̆VA,k) �
mbfb(p̆VA,k) with p̆VA,k ∈ R2.

UE position pk, orientation αk, clock offset εk, and VA
positions p

(l)
VA,k, l ∈ Ik are assumed to evolve independently

over time. Thus, their joint state-transition function is given by

f(pVA,k,pk, αk, εk|pVA,k−1,pk−1, αk−1, εk−1)

= f(pk|pk−1)f(αk|αk−1)f(εk|εk−1)
∏

l∈Ik
f
(
p
(l)
VA,k|p(l)

VA,k−1

)

(2)

where pVA,k � [p
(1)T
VA,k p

(2)T
VA,k · · · p(|Ik |)TVA,k ]T and f(p

(l)
VA,k|

p
(l)
VA,k−1) = fb(p

(l)
VA,k) if VA l ∈ Ik was born at

time k and f(p
(l)
VA,k|p(l)

VA,k−1) = δ(p
(l)
VA,k − p

(l)
VA,k−1)

if VA l ∈ Ik already existed at time k − 1. For
k = 1, we define f(pVA,1,p1, α1, ε1|pVA,0,p0, α0, ε0) �
f(p1)f(α1)f(ε1)

∏
l∈I1 fb(p

(l)
VA,1), where f(p1), f(α1), and

f(ε1) denote the prior PDFs of the UE position p1, orientation
α1, and clock offset ε1 at time k = 1. These prior PDFs are
assumed statistically independent.

B. Channel Estimation Based on Angular Models

The BS periodically transmits pilot signals s̃k(t) =
[s̃k,1(t) s̃k,2(t) · · · s̃k,NB

(t)]T to the UE using NB beams.
These signals are precoded according to sk(t) = F ks̃k(t),
where F k = [fk,1 fk,2 · · ·fk,NB

] contains NB beamforming
vectors fk,i. The precoded signal sk(t) is transmitted over a
channel with Jk paths. The AOAs, AODs, and delay of the
jth path are denoted by θ(j)RX,k, θ(j)TX,k, and τ(j)k , respectively.
We collect these quantities in the following vectors θRX,k =

[θ(0)RX,kθ
(1)
RX,k · · · θ(Jk)

RX,k]
T, θTX,k = [θ(0)TX,kθ

(1)
TX,k · · · θ(Jk)

TX,k]
T,

and τk = [τ(0)k τ
(1)
k · · · τ(Jk)

k ]T. The impulse response of
the channel in the equivalent baseband is given by [37]
Hk(t) =

∑Jk

j=0 h
(j)
k aRX(θ

(j)
RX,k)a

H
TX(θ

(j)
TX,k)δ(t− τ

(j)
k ),

1We will use the terms VAs, features, and reflecting surfaces interchangeably
throughout this paper.

Fig. 3. Parameter estimation of the mmWave mMIMO channel. The AOA
θ̂RX,k , AOD θ̂TX,k , and delay τ̂k estimates and the detected number Ĵk of
paths are obtained by feeding the received signal rk(t) into an angle-based
channel estimator.

where h
(j)
k is the complex channel coefficient of the

jth path, while aRX and aTX denote the receiver’s and
transmitter’s array response vector, respectively. It is assumed
that non-line-of-sight (NLOS) components originate from
single-bounce reflections due to the high path loss and the
directionality of the arrays [54]. The UE receives the noisy
downlink signal rk(t) at every time step k, i.e., rk(t) =∑Jk

j=0 h
(j)
k aRX(θ

(j)
RX,k)a

H
TX(θ

(j)
TX,k)sk(t− τ

(j)
k ) + nk(t),

where nk(t) is the additive noise vector. This signal is fed into
an angle-based channel estimator that computes estimates of
the AOAs, AODs, delays, and the number of paths as depicted
in Fig. 3. Such channel estimators for mmWave mMIMO have
been presented in [40], [55]–[57]. We index the line-of-sight
(LOS) path with j = 0 and assume that the LOS path can
be identified reliably, e.g., based on the significantly higher
power level compared to NLOS paths [58]. Moreover, we
assume coarse synchronization on symbol level as required
for channel estimation. However, the precise clock offset εk,
required for accurately determining the path lengths cτ(j)k ,
j ∈ {0, 1, . . . , Jk} is still assumed unknown. The estimates
θ̂
(j)
RX,k, θ̂(j)TX,k, and τ̂

(j)
k corresponding to the jth path are

subject to estimation errors which are assumed statistically
independent. Furthermore, estimation errors are also assumed
statistically independent across different paths.

C. From Channel Parameters to Position-Related Parameters

The relationships between UE states, VAs and reflection point
positions, and channel parameters are given by the following list
of equations

τ
(0)
k =

||q − pk||
c

+ εk (3a)

τ
(j)
k =

||q − s
(j)
k ||+ ||s(j)k − pk||

c
+ εk

=
||p(j)

VA,k − pk||
c

+ εk (3b)

θ
(0)
TX,k = atan2 (py,k − qy, px,k − qx) (3c)

θ
(j)
TX,k = atan2

(
s
(j)
y,k − qy, s

(j)
x,k − qx

)
(3d)

θ
(0)
RX,k = atan2 (qy − py,k, qx − px,k)− αk (3e)

θ
(j)
RX,k = atan2

(
s
(j)
y,k − py,k, s

(j)
x,k − px,k

)
− αk

= atan2
(
p
(j)
VA,y,k − py,k, p

(j)
VA,x,k − px,k

)
− αk (3f)
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where j ∈ {1, 2, . . . , Jk}, c is the speed of light, atan2 denotes
the four-quadrant inverse tangent, and the point of reflection
s
(j)
k = [s

(j)
x,k s

(j)
y,k]

T is given as

s
(j)
k = p

(j)
VA,k +

(f j − p
(j)
VA,k)

Tuj

(pk − p
(j)
VA,k)

Tuj

(pk − p
(j)
VA,k) (4)

with f j = (q + p
(j)
VA,k)/2. Note that the mathematical relation-

ship between the UE, VA, and its reflection point described
by (4) is required to connect the AOD of an NLOS path with
the positions of the VA and UE (cf. Fig. 2 for a geometric
interpretation).

D. Measurement Model

We consider the estimates provided by the angle-based
channel estimator as the observations or measurements in the
underlying inference problem. Thus, the jth measurement at
time k is denoted by z

(j)
k � [z

(j)
θRX,k z

(j)
θTX,k z

(j)
τ,k]

T with entries

z
(j)
θRX,k � θ̂

(j)
RX,k, z(j)θTX,k � θ̂

(j)
TX,k, and z(j)τ,k � τ̂

(j)
k . Furthermore,

we introduce the number of measurements Mk � Ĵk as well as
the joint measurement vector zk � [z

(0)T
k z

(1)T
k · · · z(Mk)T

k ]T.
The joint likelihoods of the NLOS and LOS measurements
are given by f(z

(j)
k |p(j)

VA,k,pk, εk, αk) = f(z
(j)
τ,k|p(j)

VA,k,pk,

εk)f(z
(j)
θRX,k|p(j)

VA,k,pk, αk)f(z
(j)
θTX,k|p(j)

VA,k, pk) and

f
(
z
(0)
k |pk, εk, αk

)

= f
(
z
(0)
τ,k|pk, εk

)
f
(
z
(0)
θRX,k|pk, αk

)
f
(
z
(0)
θTX,k|pk

)
. (5)

The individual NLOS likelihood functions f(z(j)τ,k|p(j)
VA,k,pk,

εk), f(z
(j)
θRX,k|p(j)

VA,k,pk, αk), and f(z(j)θTX,k|p(j)
VA,k,pk) can di-

rectly be obtained from the estimation error statistics and (3b),
(3d), and (3f), respectively. Similarly LOS likelihood functions
are obtained from estimation error statistics and (3a), (3c), and
(3e).

Note that the estimated number Ĵk of paths generated by
the angle-based channel estimator does not necessarily match
the number of channel paths caused by first order reflections.
Errors occur due to missed detections and false alarms (clutter)
[59]. Missed detections describe the cases in which existing
first order paths are not observed by the channel estimator.
False alarms or clutter are measurements that cannot be ex-
plained as first order reflections.2 We assume that the number
of clutter measurements is Poisson distributed with mean mc.
Clutter measurements are assumed independent and identically
distributed (iid) and statistically independent of measurements
related to actual paths. Hence their distributions are given by
fc(z

(j)
k ) = fc(z

(j)
τ,k)fc(z

(j)
θRX,k)fc(z

(j)
θTX,k). The probability that

the lth existing feature p
(l)
VA,k is detected, i.e., generates a mea-

surement, is generally a function of p
(l)
VA,k, pk, and αk. This

2In our model, measurements erroneously extracted by the channel estimator
as well as measurements related to higher order reflections are considered as
clutter.

function is denoted by Pd(p
(l)
VA,k,pk, αk) and assumed to be

known.3

E. Inference Problem

The aim of this paper is to solve the following problem.
Given a sequence of measurement z1:K � [zT

1 zT
2 · · · zT

K ]T

derived from the mmWave mMIMO downlink signalsr1:K(t) �
[rT1 (t) r

T
2 (t) · · · rTK(t)]T, the UE attempts to estimate its po-

sitions pk, orientations αk, and clock offsets εk at all times
k = 1, 2, . . . ,K in a sequential manner. At the same time, the
UE seeks to infer the number |Ik| and positions p(l)VA,k, ∀l ∈ Ik
of all VAs. In other words, the UE tries to estimate its own states
while building a map of reflecting surfaces in its propagation
environment.

III. STOCHASTIC PROBLEM FORMULATION

In this section, we will present the stochastic model used in
COMPAS by providing an intuitive explanation and a rigorous
mathematical description that can be represented by a factor
graph. We build upon the approaches in [30], [53], [61] in order
to derive our stochastic model. However, our approach differs
from [30], [53], [61] in that we consider separated UE states,
i.e., the position pk, orientation αk, and clock offset εk of the
UE are split into independent states. Our model extends beyond
previous works since we also incorporate angular measurements
(AODs and AOAs) and exploit the fact that the joint likelihood
function can be factorized in individual components for delay,
AOD, and AOA.

A. Overview of the Stochastic Model

The number of propagation paths is time-varying and un-
known, the UE cannot observe the entire propagation environ-
ment at once, and the channel estimator may not detect existing
paths (missed detection) or generate clutter measurements (false
alarms). For these reasons, the UE must be able to accommodate
an unknown and time-varying number of features in its stochas-
tic model of the environment. At time k, we distinguish between
the following two types of actually existing features:
� newly detected features, which exist at time k and have

generated a measurement for the first time at time k;
� previously detected features, which exist at time k and have

generated a measurement at a previous time k′ < k.
The numbers of newly detected features and previously de-
tected features are unknown. To account for this fact in our
stochastic model, we use the notion of potential features (PFs)
[44], [53], [61]. The lth PF is mathematically described by
x
(l)
k � [p

(l)T
VA,k r(l)k ]T, where r(l)k ∈ {0, 1} is a binary variable

that indicates the existence of a PF. In particular, if r(l)k = 1,
then PF l corresponds to an actual feature in the propagation
environment. It will be discussed in Section IV-A that the
representation by means of PFs also allows to assign an existence
probability to each PF.

The key idea of our model is elaborated in the following. At
time k, we add a new PF x

(j)
k � [p

(j)T
VA,k r(j)k ]T, j ∈ Mk to the

state space for every NLOS measurement z(j)
k , j ∈ Mk, where

3Following [60], the detection probabilityPd can also be modeled as a random
variable and inferred online.
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Fig. 4. Stochastic model with dynamic state-space augmentation. Each mea-
surement generates a new PF (green circles) in the state space. The states of
these PFs (VA positions and binary existence indicators) are updated based
on the measurements of the current time instance. The existence probability is
encoded by the size of the circles. The union of the sets of new Mk and legacy
Lk (magenta circles) PFs becomes the set Lk+1 of legacy PFs in the next time
step k + 1. For tractability, features whose existence probability is too small
will be removed and hence not be propagated forward in the time.

Mk � {1, 2, . . . ,Mk} is the index set of NLOS measurements.
New PFs x

(j)
k are introduced in addition to the legacy PFs

x
(l)
k � [p

(l)T
VA,k r(l)k ]T, l ∈ Lk � {1, 2, . . . , Lk} that have been

introduced at previous time steps (see Fig. 4). At time k, new
x
(j)
k and legacy x

(l)
k PFs4 are combined and represent the legacy

PFs at k + 1.
The overall procedure enables a dynamic state-space augmen-

tation at each time instance. Before advancing to the next time
instance, the states of all PFs must be updated. During the state-
space update, the probabilities of existence and the distributions
of the positions of all PFs in the state space are recalculated
(see Fig. 4). This update step requires data association, where
measurements are associated with PFs. An example of the prob-
abilistic data association procedure considered in this paper is
depicted in Fig. 5. Intuitively, the probabilistic data association
procedure works as follows. The probabilities of all association
hypotheses of PFs and measurements are evaluated. If a PF state
explains a measurement well, the association probability will
be high (indicated by thick gray lines in Fig. 5). The PF states
are updated by considering all possible association hypotheses.
After the update, the posterior probabilities of existence and the
posterior distributions of the positions of PFs are available.

In our model, we add a PF for every observed NLOS mea-
surement triplet. If an actual feature generates consistent mea-
surements over time, multiple PFs will be generated that all
represent the same actual feature. However, during data asso-
ciation, these PFs compete for the one measurement generated
by the actual feature. Among these PFs, the PF that was added
first, will typically have a high association probability to the
respective measurement, while the other PFs will have low
association probabilities. In turn, in the update step, the existence
probabilities of the first PF related to the actual feature will
be increased and the existence probabilities of the other PFs
will be reduced. To prevent rapid growth of the state space,
a sub-optimum pruning step is performed where PFs whose
posterior existence probabilities drop below a certain threshold

4Depending on the context, the symbols x
(l)
k

, p(l)
VA,k

and r(l)
k

denote the
respective states of either a new or a legacy PF.

Fig. 5. Probabilistic data association. Measurements are associated with
legacy x

(l)
k
, l ∈ Lk and new x

(j)
k
, j ∈ Mk PFs in a probabilistic manner. The

thickness of the lines indicates the association probabilities. Examples: The first

measurement z(1)
k

is generated by the legacy PF x
(1)
k

with high probability,

while the probability that the new PF x
(1)
k

generated the first measurement is

small due to the presence of the legacy PF x
(1)
k

. In contrast, none of the legacy

PFs x
(l)
k

∈ Lk reduces the association probability of the new PF x
(Mk)
k

with

measurement z(Mk)
k

considerably, rendering its association likely. Since the

new PF x
(Mk)
k

is observed for the first time, the probability that z(MK)
k

is a

false alarms is the same as the association probability with new PF x
(Mk)
k

. Also,

it is relatively likely that the legacy PF x
(Lk)
k

did not produce a measurement
(missed detection).

are removed from the state space. This step keeps the size of
our stochastic model tractable for inference. Only those PFs
that have not been removed by the pruning step are propagated
forward to the next time step. After state-space augmentation,
state-space update and pruning, an index mapping is performed
such that Lk+1 � {1, 2, . . . , Lk+1}.

B. Mathematical Description of the Stochastic Model

In the following section, we describe the stochastic model
mathematically. This model is embodied by the joint posterior
distribution of the states of the UE, the PF states that model
the propagation environment, and the associations variables that
describe measurement-to-feature associations conditioned on
all performed measurements. Before the final model will be
presented, the state-transition model involving PFs and asso-
ciations of measurements with PFs will be discussed. For the
convenience of the reader, the important notation is summarized
in Table I at the top of the next page.

1) PF States and the State-Transition Model: We model
the existence/nonexistence of the lth PF by a binary random
variable r(l)k ∈ {0, 1}, i.e., PF l exists at time k if and only if
r(l)k = 1. The states p

(l)
VA,k of non-existing PFs are obviously

not relevant but need to be considered formally also if r(l)k = 0.
Following [44], [53], [61], all PDFs defined for PF states,
f(x

(l)
k ) = f(p

(l)
VA,k, r

(l)
k ), have the property that

f
(
p
(l)
VA,k, 0

)
= P

(l)
k fD

(
p
(l)
VA,k

)
(6)

where P
(l)
k ∈ [0, 1] is the probability of non-existence and

fD(p
(l)
VA,k) is an arbitrary “dummy PDF”. Newly detected fea-

tures at every time step k are modeled by a Poisson point
process with intensity function λn,k(p̆VA,k), which depends
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TABLE I
NOTATIONS OF IMPORTANT QUANTITIES

on the birth intensity λb(p̆VA,k) and detection probability
Pd(p̆VA,k,pk, αk) (see [53] for details).

PF states xk, position pk, orientation αk, and clock offset εk
evolve over time independently. Thus, their joint state transition
function is given by

f(xk,pk, αk, εk|xk−1,pk−1, αk−1, εk−1)

= f(pk|pk−1)f(αk|αk−1)f(εk|εk−1)
∏

l∈Lk

f
(
x
(l)
k |x(l)

k−1

)
.

(7)

The state transition function of a PF f(x
(l)
k |x(l)

k−1) =

f(p
(l)
VA,k, r

(l)
k |p(l)

VA,k−1, r
(l)
k−1) will be elaborated in the

following. If PF l does not exist at time k − 1, i.e., r(l)k−1 = 0,
it cannot exist at time k, i.e., r(l)k = 0, and thus its state PDF is
fD(p

(l)
VA,k). This means that

f
(
p(l)
VA,k

, r
(l)
k |p(l)

VA,k−1, 0
)
=

{
fD(p

(l)
VA,k), r

(l)
k = 0

0, r
(l)
k = 1.

(8)

However, if PF l existed at time k − 1, i.e., r(l)k−1 = 1, then the
probability that it still exists at time k, i.e., r(l)k = 1, is given by
the survival probability Ps(p

(l)
VA,k), and if it still exists at

time k, its state p
(l)
VA,k remains unchanged. Thus,

f
(
p(l)
VA,k

, r
(l)
k |p(l)

VA,k−1, 1
)

=

⎧
⎨

⎩

(
1− Ps

(
p
(l)
VA,k

))
fD(p

(l)
VA,k), r

(l)
k = 0

Ps
(
p
(l)
VA,k

)
δ
(
p
(l)
VA,k − p

(l)
VA,k−1

)
, r

(l)
k = 1.

(9)

At k = 1, we assume that the set of legacy PFs is empty, i.e.,
L1 = ∅. For consistency, we formally define

f(x1,p1, α1, ε1|x0,p0, α0, ε0) � f(p1)f(α1)f(ε1). (10)

2) Association of Measurements With Features: Associating
observed NLOS measurements to PFs is a necessary step for es-
timating the UE parameters and feature states. Data association
can in principle be performed by making hard decisions on the
feature-to-measurement associations. This can negatively affect
the estimation accuracy if association decisions are erroneous. In
this paper, we avoid hard decisions by considering probabilistic
data association based on belief propagation (BP) [61], [62].
The corresponding association variables are introduced in what
follows. We consider conventional data association, where a data

association event is only valid if every feature can generate at
most one measurement and every measurement originated from
at most one feature.

Let ak = [a(1)
k a(2)

k · · · a(LK)
k ]T denote the feature-oriented

data association vector at time k. The lth entry a(l)
k , l ∈ Lk of

ak is the association variable of the lth legacy PF x
(l)
k and can

take values 0, 1, . . . ,Mk. In particular, a(l)
k = j ∈ Mk repre-

sents the case where the jth measurement z(j)
k originated from

the lth legacy PF. The case where the lth PF did not generate
a measurement (missed detection) is described by a(l)

k = 0. A
feature-oriented data association vector ak can only describe
events where every PF generates at most one measurement. Fol-
lowing [53], we also introduce the measurement-oriented data
association vector bk = [b(1)

k b(2)
k · · · b(Mk)

k ]T. The vector bk
contains one entry for each measurement where the jth entry
b(j)
k takes values from 0, 1, . . . , Lk. Particularly, b(j)

k = l ∈ Lk

means that the lth legacy PF has generated the jth measurement
z
(j)
k . If b(j)

k = 0, the measurement z(j)
k did not originate from

any legacy PF x
(l)
k , l ∈ Lk, but it was generated by the new

PF x
(j)
k or by a false alarm. A measurement-oriented data

association vector bk can only describe events where every
measurement was originated by at most one legacy PF. The
relationship of ak and bk can be expressed by the following
product of indicator functions

Ψ(ak, bk) =
∏

l∈Lk

∏

j∈Mk

ψl,j

(
a
(l)
k , b

(j)
k

)
(11)

where

ψl,j

(
a
(l)
k , b

(j)
k

)
�

⎧
⎪⎪⎨

⎪⎪⎩

0, a
(l)
k = j, b

(j)
k �= l

b
(j)
k = l, a

(l)
k �= j

1, otherwise.

(12)

The factor Ψ(ak, bk) is only equal to one if ak and bk describe
the same valid data association event

3) Joint Posterior Distribution: For observed and thus fixed
measurements z1:K , joint posterior distribution of the positions
p1:K , orientations α1:K , clock offsets ε1:K of the UE as well
the feature states x1:K and their associations a1:K and b1:K is
given by (13) shown at the bottom of the next page and derived
in Appendix A. It consists of the five terms described in what
follows. The first term describes the evolution of the states of
the UE and PFs from one time instance to the next one.
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Fig. 6. Factor graph of the joint posterior distribution in (13) and message schedule. The factor graph can be sub-divided into the following three layers: prediction,
data fusion, and data association. The prediction layer is responsible for the state transitions from the previous time step k − 1 to the current time step k. All
states (UE and PF states) are updated within the data fusion layer. Probabilistic data association, a preliminary step for completing data fusion, is performed
iteratively in the data association layer. The message enumeration at the bottom left describes an important part of the schedule explained in Section IV-F.
All messages are determined according the conventional BP rules [63], [64]. Pruning of PF states is not considered. The time indices k of factor and variable
nodes have been omitted. The following shorthand notations have been used. Prediction: L � Lk , L+ � Lk+1, f (l)− � f(x

(l)
k

|x(l)
k−1

), f (α)
− � f(αk|αk−1),

f
(ε)
− � f(εk|εk−1), f

(p)
− � f(pk|pk−1), f

(l) � f(x
(l)
k+1

|x(l)
k

), f (α) � f(αk+1|αk), f (ε) � f(εk+1|εk), f (p) � f(pk+1|pk). Data fusion:L � Lk ,M �
Mk , q(l) � q(x

(l)
k
,pk, αk, εk, a

(l)
k

;zk),v(j) � v(x
(j)
k
,pk, αk, εk, b

(j)
k

;z
(j)
k

),z(0)τ � f(z
(0)
τ,k

|pk, εk),z
(0)
θRX

� f(z
(0)
θRX,k

|pk, αk),z
(0)
θTX

� f(z
(0)
θTX,k

|pk).

Data association: ψl,j � ψl,j(a
(l)
k
, b

(j)
k

).

f(p1:K ,α1:K , ε1:K ,x1:K ,a1:K , b1:K |z1:K) =

K∏

k=1

f(pk|pk−1)f(αk|αk−1)f(εk|εk−1)
∏

l∈Lk

f(x
(l)
k |x(l)

k−1)

︸ ︷︷ ︸
state transition term

×
∏

l∈Lk

q(x
(l)
k ,pk, αk, εk, a

(l)
k ; zk)

︸ ︷︷ ︸
old features-UE-NLOS term

∏

j∈Mk

v(x
(j)
k ,pk, αk, εk, b

(j)
k ; zk)

︸ ︷︷ ︸
new features-UE-NLOS term

×
∏

l∈Lk

∏

j∈Mk

ψl,j(a
(l)
k , b

(j)
k )

︸ ︷︷ ︸
feature association term

f(z
(0)
τ,k|pk, εk)f(z

(0)
θRX,k|pk, αk)f(z

(0)
θTX,k|pk)

︸ ︷︷ ︸
UE-LOS term

(13)
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Interactions between the NLOS measurements, the UE
states, and the legacy and new PFs are characterized by
the second and third term, respectively. Here, the factors
q(x

(l)
k ,pk, αk, εk, a

(l)
k ; zk)=q(p

(l)
VA,k, r

(l)
k ,pk, αk, εk, a

(l)
k ; zk)

are defined as

q
(
p(l)
VA,k

, 1,pk, αk, εk, a
(l)
k ; zk

)

�

⎧
⎪⎨

⎪⎩

Pd(p
(l)
VA,k,pk, αk)f(z

(j)
k |p(l)

VA,k,pk, εk, αk)

mcfc(z
(j)
k )

, a
(l)
k �= 0

1− Pd(p
(l)
VA,k,pk, αk), a

(l)
k = 0

(14)

(where a(l)k �= 0 is equal to a(l)k = j ∈ Mk) and

q
(
p(l)
VA,k

, 0,pk, αk, εk, a
(l)
k ; zk

)
� I
(
a
(l)
k

)
. (15)

Similarly, v(x
(j)
k ,pk, αk, εk, b

(j)
k ; z

(j)
k ) = v(p

(j)
VA,k, r

(j)
k ,pk,

αk, εk, b
(j)
k ; z

(j)
k ) is given by

v
(
p
(j)
VA,k, 1,pk, αk, εk, b

(j)
k ; z

(j)
k

)

�
λn,k(p

(j)
VA,k)f(z

(j)
k |p(j)

VA,k,pk, εk, αk)I(b
(j)
k )

mcfc(z
(j)
k )

(16)

and

v
(
p
(j)
VA,k, 0,pk, αk, εk, b

(j)
k ; z

(j)
k

)
� fD

(
p
(j)
VA,k

)
. (17)

The forth term describes the associations of measurements
with PFs. Mathematically, it is given by (11) and (12). Finally,
the fifth term encodes the relationship of the UE states and
the measurements z

(0)
k � [z

(0)
θRX,k z

(0)
θTX,k z

(0)
τ,k ]

T of the LOS
path. Note that the existence of the LOS link increases the
UE state estimation accuracy but it is not required for local-
ization, synchronization, and mapping. In case that the LOS is
obstructed at any time instancek, the corresponding terms in (13)
equal one, i.e., f(z(0)θRX,k|pk, αk)f(z

(0)
θTX,k|pk)f(z

(0)
τ,k|pk, εk) =

1. Note that a LOS measurement at time k = 1 is not neces-
sary, but it can significantly improve the convergence speed of
COMPAS.

C. Factor Graph of the Joint Posterior Distribution

The factor graph representing the factorization in (13) is
depicted in Fig. 6. Note that – as it is common for factor
graphs – this factorization is not unique. One could change
the structure of the graph by merging or splitting factor and
variable nodes. However, the considered factorization reveals
an interesting structure that consists of prediction, data fusion,
and data association layers. COMPAS will use this structure for
inference, as will be discussed next.

IV. COMPAS: AN INFERENCE ENGINE FOR

SITUATIONAL-AWARENESS

In this section we present COMPAS; a message passing-based
inference engine that is based on the stochastic model and factor
graph developed in the previous section. COMPAS was derived
using conventional BP rules [63], [64], sending BP messages

only forward in time [53], and by employing the message
schedule presented in Section IV-F at each time step.

A. Joint Detection and Estimation

Our goal is to estimate the UE states (pk, αk, and εk) and
to infer the PF states x

(l)
k . Inferring the PF states includes

detecting their state of existence and estimating their positions
subsequently. Hereafter, PF detection will be termed target dec-
laration to avoid confusion with the detection performed by the
channel estimator. Declaring the existence of PFs and estimating
their positions as well as estimating the states of the UE are
based on the marginal posterior PDFs of the UE and PF states.
For example, at time k the marginal posterior of pk is given
by f(pk|z1:k). We approximate these marginal posteriors by
means of BP. The approximated marginals are termed beliefs and
denoted by b(pk) ≈ f(pk|z1:k). For estimation, the minimum
mean square error (MMSE) criterion is employed. For instance,
the UE position estimate is given by p̂MMSE

k ≈ ∫ pkb(pk)dpk.
In order to infer the state of a PF, we first have to detect its
state of existence based on its posterior existence probability
P (r(l)k = 1) ≈ ∫ b(p(l)

VA,k, 1)dp
(l)
VA,k, where b(p(l)

VA,k, r
(l)
k ) is the

belief of the lth PF. In particular, we declare the existence
of a PF l if its posterior existence probability exceeds the
threshold Pex, i.e., P (r(l)k = 1) > Pex. The position of a PF l

is finally estimated as p̂(l)MMSE
VA,k ≈ ∫ p

(l)
VA,kb(p

(l)
VA,k|1)dp(l)

VA,k,

where b(p(l)
VA,k|1) = b(p

(l)
VA,k, 1)/P (r(l)k = 1).

B. Initialization

At time k = 1, we assume (see Section II-A) that only the
intensity function of newly detected features λn,1(p̆VA,1) is
available as prior information regarding the features in the
propagation environment. Moreover, the set of legacy PFs is
empty, i.e., L1 = ∅. In addition, potentially uninformative prior
information regarding the position, orientation and clock off-
set of the UE is available. The angle-based channel estimator
generates M1 measurements as outlined in Fig. 3, where each
measurement z(j)

1 , j ∈ M1 = {1, 2, . . . ,M1} could be gener-
ated by an actual feature or clutter. Thus,M1 new PFs are added
to the state space as shown in Fig. 4.

In order to infer the states (position and existence) of every
new PF x

(j)
1 , the message5 μ

f
v(j)→x

(j)
1

must be determined

for each PF. This message is computed based on incoming
messages to v(j). From the factor graph in Fig. 6, it can be
observed that the factor node v(j) has one incoming mes-
sage per UE state (red arrows) and one incoming message
from the DA layer (magenta arrow). Note that data associ-
ation is not necessary at k = 1 since the set of legacy PFs
is empty, i.e., |L1| = 0. Hence only the incoming messages
from the UE states are considered. Consequently, the incoming
messages to the factor node v(j) are the priors on the UE
states, i.e., μp1→f

v(j)
(p1) = f(p1), μα1→f

v(j)
(α1) = f(α1),

and με1→f
v(j)

(ε1) = f(ε1), ∀j ∈ M1 = {1, 2, . . . ,M1}.
Recall that the state variable of a new PF j involves a continu-

ous state (the 2D position p(j)
VA,1) and a discrete state (the binary

5For notational simplicity, the iteration indices of BP-messages are omitted.
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existence variable r(j)1 ∈ {0, 1}). For each of the two values

of r(j)1 , the outgoing message μ
v(j)→x

(j)
1
(p

(j)
VA,1, r

(j)
1 ) from the

factor node v(j) is a different continuous function of p
(j)
VA,1, i.e.,

μ
v(j)→x

(j)
1

(
p
(j)
VA,1, 1

)

=

∫∫∫
v
(
p
(j)
VA,1, 1,p1, α1, ε1, 0; z

(j)
1

)

× f(α1)f(ε1)f(p1)dp1dα1dε1 (18)

and

μ
v(j)→x

(j)
1

(
p
(j)
VA,1, 0

)

=

∫∫∫
v
(
p
(j)
VA,1, 0,p1, α1, ε1, 0; z

(j)
1

)

× f(α1)f(ε1)f(p1)dp1dα1dε1

= fD
(
p
(j)
VA,1

)
(19)

where we used (17) to obtain the last line in (19). The message
μ
v(j)→x

(j)
1
(p

(j)
VA,1, r

(j)
1 ) also constitutes the belief b(x(j)

1 ) that is

forwarded to the next time step k = 2. UE states are not updated
based on new PFs. Since the UE states are not observable only
based on the LOS measurements [51], the beliefs are given by
the priors, e.g., b(p1) = f(p1).

C. State Transition

Transferring states from time stepk − 1 to time stepk requires
predicting the states based on their state transition models. UE
prediction messages are obtained by message filtering, e.g.,

μ
f
(p)
− →pk

(pk) =

∫
f(pk|pk−1)μpk−1→f

(p)
−

(pk−1)dpk−1.

(20)
For the UE parameters αk and εk, messages are obtained simi-
larly. Note that since we send BP messages only forward in time,
the incoming message to the prediction node is at the same time
the belief, e.g, μ

pk−1→f
(p)
−

(pk−1) = b(pk−1). This implies that

the incoming and outgoing messages (e.g., μ
pk−1→f

(p)
−

(pk−1)

and μ
f
(p)
− →pk

(pk)) integrate to one.

The prediction messages for legacy PFs, l ∈ Lk are given by

μ
f
(l)
− →x

(l)
k

(x
(l)
k ) =

∫ ∑

r
(l)
k−1∈{0,1}

f
(
p(l)
VA,k

, r
(l)
k |p(l)

VA,k−1, r
(l)
k−1

)

× μ
x

(l)
k−1→f

(l)
−

(
p
(l)
VA,k−1, r

(l)
k−1

)
dp

(l)
VA,k−1

with f(p(l)
VA,k, r

(l)
k |p(l)

VA,k−1, r
(l)
k−1) as provided in (8) and (9).

Again, the two cases of r(l)k ∈ {0, 1} have to be considered. For

r(l)k = 1, we obtain

μ
f
(l)
− →x

(l)
k

(
p(l)
VA,k

, 1
)

= Ps
(
p
(l)
VA,k

)
μ
x

(l)
k−1→f

(l)
−

(
p
(l)
VA,k−1 = p(l)

VA,k
, 1
)

(21)

where we used the shifting property of the Dirac delta function
(cf. (9)) to perform the integration. Similarly, for r(l)k = 0, we

get μ
f
(l)
− →x

(l)
k

(p
(l)
VA,k, 0) = fD(p

(l)
VA,k)P

(l)
pred,k where P (l)

pred,k is

the predicted probability of non-existence of a PF l at time k
that is given by

P
(l)
pred,k =

∫ (
1− Ps(p

(l)
VA,k)

)
μ
x

(l)
k−1→f

(l)
−

(
p
(l)
VA,k−1, 1

)

+ μ
x

(l)
k−1→f

(l)
−

(
p
(l)
VA,k−1, 0

)
dp

(l)
VA,k−1. (22)

Remark: In order to propagate PFs forward in time, only their
probability of existence must be updated. The reason is that
the reflecting surfaces and the BS are assumed to be static and
thus, the positions of these VAs do not change. Updating their
existence probabilities requires evaluating four possibilities: (i)
r(l)k−1 = 1 → r(l)k = 1, (ii) r(l)k−1 = 0 → r(l)k = 1, (iii) r(l)k−1 = 1 →
r(l)k = 0, and (iv) r(l)k−1 = 0 → r(l)k = 0. The first two cases are de-
scribed in (21), where the term Ps(p

(l)
VA,k)μxk−1→f

(l)
−
(p

(l)
VA,k =

p
(l)
VA,k−1, 1) reflects case (i) and the second case (ii) has prob-

ability zero. The first term in (21) reduces the probability of
existence by the survival probability Ps(p

(l)
VA,k) < 1. In other

words, the PDF of the location of the PF remains unchanged
and the probability of existence of the PF is decreased by the
factor Ps(p

(l)
VA,k). Case (ii), where an existing legacy PF did

not exist at k − 1 but does exist at k, cannot occur. Hence the
probability is zero.6 The cases (iii) and (iv) are described by
the first and second term in (22), respectively. The first term is
weighted with the probability (1− Ps(p

(l)
VA,k)) that the PF did

not survive the state-transition and the second term reflects the
probability that the PF neither existed at k − 1 nor exists at k.

D. Data Association

Before updating the states of the UE and the PFs, the
NLOS measurements must be associated with the legacy and
new PFs. The DA layer computes the probabilistic associa-
tions based on the incoming messages μ

q(l)→a
(l)
k

(a
(l)
k ), a

(l)
k ∈

{0, 1, . . . ,Mk}, l ∈ Lk from legacy PFs and the messages
μ
v(j)→b

(j)
k

(b
(j)
k ), b

(j)
k ∈ {0, 1, . . . , Lk}, j ∈ Mk from new PFs.

These messages are determined by integrating and summing
over all variables except a(l)k and b(j)k , respectively. In particular,

the message from the lth legacy PF x
(l)
k is given by

μ
q(l)→a

(l)
k

(
a
(l)
k

)

=
∑

r
(l)
k ∈{0,1}

∫∫∫∫
q
(
p(l)
VA,k

, r
(l)
k ,pk, αk, εk, a

(l)
k ; zk

)

× μ
x

(l)
k →q(l)

(x
(l)
k )μpk→q(l)

(
pk

)
μαk→q(l)(αk)

× μεk→q(l)(εk)dp
(l)
VA,k

dpkdαkdεk. (23)

6As discussed in Section III-A, actual features that are detected for the first
time are modeled by a new PF.
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Performing the summation over r
(l)
k ∈ {0, 1} and using

q(p
(l)
VA,k, 0,pk, αk, εk, a

(l)
k ; zk) as in (15) yields

μ
q(l)→a

(l)
k

(
a
(l)
k

)

=

∫∫∫∫
q
(
p(l)
VA,k

, 1,pk, αk, εk, a
(l)
k ; zk

)

× μ
x

(l)
k →q(l)

(
p(l)
VA,k

, 1
)
μpk→q(l)(pk)μαk→q(l)(αk)

× μεk→q(l)(εk)dp
(l)
VA,k

dpkdαkdεk + I
(
a
(l)
k

)
P

(l)
pred,k.

(24)

The message from the jth new PF is given by a similar ex-
pression as in (23) that involves a summation over r(l)k ∈ {0, 1}.
By performing the same steps as in the calculation of (24) and
using the expression for v(p(l)

VA, 0,pk, αk, εk, b
(j)
k ; zk) in (17),

we directly obtain

μ
v(j)→b

(j)
k

(
b
(j)
k

)

= I
(
b
(j)
k

) ∫∫∫∫
v
(
p
(l)
VA,k, 1,pk, αk, εk, b

(j)
k ; zk

)

× μ
x

(l)
k →v(j)

(
p
(l)
VA,k, 1

)
μpk→v(j)(pk)μαk→v(j)(αk)

× μεk→v(j)(εk)dp
(l)
VA,kdpkdαkdεk + 1. (25)

The messages (24) and (25) are the input to the DA layer as
shown in Fig. 6. Probabilistic data association is performed
iteratively by passing messages between the nodes a(l)k , l ∈ Lk

and b(j)k , j ∈ Mk. After NDA iterations inside the DA layer,

the outgoing messages μ
a
(l)
k →q(l)

(a
(l)
k ) and μ

b
(j)
k →v(j)(b

(j)
k ) are

passed back to the data fusion layer. The message passing routine
in the data association layer is provided in [53, Section VI].

E. Data Fusion

Based on the probabilistic associations from the DA layer,
the states of the UE and the PFs are updated based on the
LOS z

(0)
k and NLOS z

(j)
k , j ∈ Mk measurements. However, no

messages are being sent back from the factor nodesv(j), j ∈ Mk

of new PFs. In the first iteration inside the data fusion layer,
the predicted states from the previous time step are, at the
same time, the outgoing messages from the variable nodes, e.g.,
μ
εk→z

(0)
τ,k

(εk) = μ
f
(ε)
− →εk

(εk). In subsequent iterations, outgo-

ing messages from variable nodes are determined as the product
of all incoming messages except for that of the factor node for
which the message is computed [63], [64], e.g., μ

εk→z
(0)
τ,k

(εk) =

μ
f
(ε)
− →εk

(εk)
∏

l∈Lk
μq(l)→εk(εk). The outgoing message from

the LOS factor node z(0)τ,k is given by

μ
z
(0)
τ,k→pk

(pk) =

∫
f
(
z
(0)
τ,k|pk, εk

)
μ
εk→z

(0)
τ,k

(εk)dεk. (26)

Similar expressions are obtained for outgoing messages of the
LOS factor nodes z(0)θRX,k and z(0)θTX,k.

Due to the data association uncertainty of NLOS measure-
ments, PFs are associated with measurements in a probabilistic

manner. This probabilistic association results in an addi-
tional summation over all possible association events a(l)

k ∈
{0, 1, . . . ,Mk}. For instance, the message μq(l)→pk

(pk) from
q(l) to pk is given by

μq(l)→pk
(pk)

=
∑

r(l)k ∈{0,1}

Mk∑

a(l)
k =0

∫∫∫
q
(
p(l)
VA,k

, r
(l)
k ,pk, αk, εk, a

(l)
k ; zk

)

× μ
x

(l)
k →q(l)

(
p(l)
VA,k

, r
(l)
k

)
μαk→q(l)(αk)μεk→q(l)(εk)

× μ
a
(l)
k →q(l)

(
a
(l)
k

)
dp(l)

VA,k
dαkdεk (27)

where μ
a
(l)
k →q(l)

(a
(l)
k ) is an outgoing message from

the DA layer. All other messages that leave the factor
node q(l) towards UE states have a similar structure
compared to that presented in (27). Beliefs are computed
as the product of all incoming messages, e.g., b(pk) =
μ
f
(p)
− →pk

(pk)μz
(0)
τ,k →pk

(pk)μz
(0)
θRX,k →pk

(pk)μz
(0)
θTX,k →pk

(pk)

×∏l∈Lk
μq(l)→pk

(pk).
The states of PFs are updated based on the messages from

the factor nodes q(l), l ∈ Lk and v(j), j ∈ Mk. The messages
μ
v(j)→x

(j)
k

(x
(j)
k ), j ∈ Mk of new PFs can be obtained by re-

placing the priors f(α1), f(ε1), and f(p1) in (18) and (19)
by the incoming messages to v(j), i.e., by μαk→v(j)(αk),
μεk→v(j)(εk), and μpk→v(j)(pk), respectively. Similar expres-

sions can be obtained for the messages μ
q(l)→x

(l)
k

(x
(l)
k ), l ∈ Lk

related to legacy PFs. The beliefs of new PFs are directly
given by the messagesμ

v(j)→x
(j)
k

(x
(j)
k ), j ∈ Mk, i.e., b(x(j)

k ) ∝
μ
v(j)→x

(j)
k

(x
(j)
k ). For legacy PFs, the beliefs are given as the

product of μ
q(l)→x

(l)
k

(x
(l)
k ) and the messages from the predic-

tion layer, i.e., b(x(l)
k ) ∝ μ

f
(l)
− →x

(l)
k

(x
(l)
k )μ

q(l)→x
(l)
k

(x
(l)
k ), l ∈

Lk. Note that all beliefs must be valid PDFs in the sense that
their probability mass equals one. This may require an additional
normalization step which is not explicitly shown.

Let us discuss the messages that leave the factor nodes q(l) to-
wards the state variables of the UE and legacy PFs. For instance,
the message μq(l)→pk

(pk) in (27) contains two sums. The first
sum accounts for the fact that the lth legacy PF could or could
not exist. The second sum accounts for the fact the lth legacy PF
could have generated no measurement (a(l)

k = 0) or any one

of the observed measurements z
(j)
k , j ∈ {1, 2, . . . ,Mk}. The

messageμ
a
(l)
k →q(l)

(a
(l)
k ),a(l)

k ∈ {0, 1, . . . ,Mk}weights each of

these association hypotheses.

F. Schedule and Practical Considerations

The sequence of passed messages at any time step k > 1 is
indicated in Fig. 6. Message passing starts with the outgoing
messages in the prediction layer and the message from the AOD
node z(0)θTX,k (light blue arrows; step 0). These messages are sent
only once and they are used as prior information to compute the
outgoing messages to all connected factor nodes (red arrows;
step 1.1). From the factor nodes q(l) and v(j) of legacy and
new PFs, the outgoing messages to the DA layer (light green
arrows; step 1.2) are computed. In the data association layer,
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NDA iterations are performed (not indicated). Then, the outgoing
messages towards the data fusion layer (magenta arrows; step
2) are computed. We use only legacy features to update the
UE states. Hence only messages from q(l) are sent towards the
UE states (orange arrows; step 3), but no messages from v(j).
After messages from the q(l) factor nodes have been sent to
the UE states, one data fusion iteration is completed. Note that
for each data fusion iteration, there are NDA data association
iterations. After NDF iterations in the data fusion layer, the
outgoing messages to the prediction nodes of the next time step
(dark blue arrows; step 4) are calculated. These messages are at
the same time the beliefs used for joint detection and estimation
as described in Section IV-A.

So far, we have presented how the messages in COMPAS
are calculated. Most of the messages that leave factor nodes
cannot be solved in a closed form due to the integrals that
are contained. We use Monte Carlo integration and importance
sampling to approximate the continuous messages by particles
(samples with associated weights). If the incoming messages
to a factor node are given as a set of particles, the particles of
all messages can be stacked together [17]. In this way, only
a single higher dimensional Monte Carlo integration has to
be performed in order to compute the outgoing message. This
“stacking operation” results in a linear scaling of the computa-
tional complexity in the number of particles Ns. However, due
to the curse of dimensionality [65], the accuracy of this single
higher dimensional Monte Carlo integration may be poor. For
a good tradeoff between inference accuracy and computational
complexity, we found it particularly useful to only stack UE state
particles and perform an additional Monte Carlo integration over
the PF state, i.e., for every UE state particle, we carry out a Monte
Carlo integral using the PF particles.

The computational complexity of the resulting Monte Carlo-
based computations scales quadratically in Ns. Furthermore,
Ns is constant in the number of PF states Lk +Mk and the
overall complexity scales only quadratically in the number of PF
states Lk +Mk. A major reason for this favorable scalability is
the integration of a BP-based probabilistic DA scheme involv-
ing both feature-oriented and measurement-oriented association
variables [53], [61], [62] in the overall BP-based algorithm.

V. NUMERICAL EVALUATION OF COMPAS

The numerical analysis of the proposed method consists of
two parts. In part A, an analysis of the data fusion layer is
considered in a static scenario. This analysis is performed in
order to compare the estimation accuracy with the fundamental
limits embodied by the Cramér-Rao lower bounds (CRLBs).
For this analysis to be feasible, it is assumed that the associ-
ation of features with measurements is known and that there
are no missed detections and clutter measurements. Moreover,
it is assumed that the number of features in the propagation
environment is known. Part B of the numerical analysis is dedi-
cated to the dynamic scenario with data association uncertainty,
clutter measurements, and missed detections. In the dynamic
scenario, we consider vehicle localization in an urban canyon to
demonstrate the capabilities of COMPAS to determine the UE
states and infer the propagation environment.

The following simulation parameters are used in both scenar-
ios. The measurement noise is zero-mean additive white Gaus-
sian noise with standard deviations σRX,k = σ

(j)
RX,k = σTX,k =

σ
(j)
TX,k = 1 deg and cστk = cσ

(j)
τk = 0.2 m, ∀j, k. Furthermore,

Fig. 7. Trajectory of the UE. The UE (vehicle) takes a left turn on an urban
corner. The walls of the buildings (black lines) reflect the transmitted signals
from the BS (blue diamond) towards the UE. The VAs (orange markers),
reflection points (magenta markers), and paths (gray lines) at the start and end
of the trajectory are shown. The VA with the ‘*’-marker is not displayed.

at time k = 1, the prior PDFs f(p1), f(α1), and f(ε1) are Gaus-
sian with standard deviations σpx

= σpy
= 5 m, σα = 10 deg,

and cσε = 5 m. The mean values of each Gaussian prior PDF are
treated as hyper-parameters whose values are drawn randomly.
For instance, the prior mean mα of the orientation is drawn as
mα ∼ N (α, σ2

α) where α is the true orientation and N (α, σ2
α)

denotes the Gaussian distribution with mean α and variance
σ2
α. The BS and the relevant7 VAs are located at q = [0, 0]T m,

p
(1)
VA = [0,−5]T m, p(2)

VA = [0, 25]T m, and p
(3)
VA = [100, 0]T m.

We performed NMC = 100 simulation runs.

A. Static Scenario

The estimation performance of the proposed data fusion layer
will be investigated in this subsection using an exemplary ge-
ometry. Particularly, the start point p1 = [10, 1]T m (leftmost
red diamond in Fig. 7) of the trajectory depicted in Fig. 7 will
be considered. The orientation in that point is α1 = 0 deg and
the clock offset between the BS and UE is cε1 = 4.5 m. We
assume that one of the present NLOS paths is received and the
corresponding reflector is located at s

(2)
1 = [5.208, 12.5]T m

(magenta circle in Fig. 7). The root-mean-square errors (RM-
SEs) on the UE position, orientation, and clock offset as well
as the reflector position achieved by the proposed data fusion
layer will be compared to the CRLBs derived in [51]. We use
Ns = 250 or Ns = 2000 particles.

Fig. 8 depicts the RMSEs versus the numberNDF of iterations
in the data fusion layer. The RMSEs in iteration NDF = 0
correspond to the standard deviations of the priors. Since no
prior information is assumed on the reflector, there is no marker
in the bottom-most plot. The results in Fig. 8 demonstrate that
the CRLBs of all estimation parameters can be attained by using
Ns = 2000 particles. The number NDF of iterations necessary
to reach the bounds is different for each estimation parameter.
For all estimation parameters, convergence is roughly achieved
if NDF > 10. Different geometric constellations yield similar
results in terms of the estimation accuracy. Yet, the number of re-
quired iterations to achieve convergence is geometry-dependent.
Moreover, it is worth mentioning that the achieved RMSEs are
often slightly higher than the CRLBs, if more than one reflector
is present.

7By relevant we mean those VAs that correspond to walls which are illumi-
nated at least once during the course of the trajectories.
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Fig. 8. Achieved estimation accuracy and the attainable accuracy versus the
number NDF of iterations. The proposed data fusion layer approaches the
CRLBs for a sufficiently large number of iterations and particles.

B. Dynamic Scenario

We consider a vehicle that moves along the trajectory depicted
in the Fig. 7 as UE. In our dynamic scenario, inferring the
propagation environment is complicated by data association
uncertainty, clutter measurements, and missed detections. In
this subsection, four different analyses are conducted. First,
we compare COMPAS to its “genie-aided” version that can
perfectly identify clutter measurements and perfectly associate
measurements to PFs. Next, we study the dependence of the
state estimation and mapping capabilities on different system
parameters, namely, varying detection probability Pd, clutter
intensity λc, and LOS probability PLOS.

The following parameters are considered. The probability
of detection is constant, i.e., Pd(p̆VA,k,pk, αk) = Pd. Clutter
measurements of angles and delays are uniformly distributed
on the intervals [0, 360) deg and [0, 100] m. The intensity
function of newly detected features is constant in time k, i.e.,
λn,k(p̆VA,k) = λn(p̆VA,k) and uniformly distributed on the area
shown in Fig. 7. The mean number of newly detected features
is mn =

∫
λn(p̆VA,k)dp̆VA,k = 0.01. The survival probability

and birth intensity function are set to Ps(p
(l)
VA,k) = Ps = 0.999

and λb(p̆VA,k) = 0, respectively. The UE has a speed of v =
10 m/s and its turn ratew depends on its location (see Fig. 7). At
each time step k, the UE obtains a noisy observation of its speed

Fig. 9. Example of an estimated trajectory of the UE and the points of
reflection. Squares, circles, and asterisks visualize the points of reflection at
different time instances if VAs exceed the existence threshold. Diamonds depict
the estimated locations of the UE, and the solid red line displays the ground
truth trajectory.

and turn-rate. This observation is corrupted by zero-mean addi-
tive Gaussian noise with standard deviations of σv = 0.1 m/s as
well as σw = 0.1 deg/s and used in the state transition function
of the UE. The duration of a time step is 200 ms. A PF with state
x(l)k = [p

(l)T
VA,k r

(l)T
k ] is declared to exist if P (r(l)k = 1) > Pex =

0.5. We prune a PF l if P (r(l)k = 1) ≤ 10−4. Furthermore, we
set NDF = 5, NDA = 104, and Ns = 2000 particles.

The results of a typical realization of the estimated trajecto-
ries of the reflections points (obtained from the VA and UE
positions via (4)) and UE positions are depicted in Fig. 9.
Every marker visualizes an estimate. Comparing Fig. 9 with
Fig. 7, we can see that the estimated trajectory closely follows
the true trajectory and that the reflection points reside on the
surfaces of the reflecting walls. The Figs. 10–13 depict the
numerical results of the four considered analyses. All figures
contain five subplots, which depict different metrics over the
course of the trajectory of the UE. The first three subplots depict
the RMSEs of the UE states. The fourth and fifth subplots depict
the cardinality of VAs that are declared to exist and the sum of
their errors measured under the Euclidean norm, respectively.
The fourth subplot also shows the ground truth cardinality of
existing VAs.

1) Benchmark Comparison: Fig. 10 shows the comparison
of COMPAS with its genie-aided version. The probability of
detection and the mean number of clutter measurements are
Pd = 0.9 andmc = 0.1, respectively. It can be observed that the
UE state estimation accuracies of COMPAS and its genie-aided
version are almost identical. In terms of mapping capabilities,
the genie-aided version of COMPAS shows a faster adaption to
changes in the number of VAs and a slightly lower cardinality
error compared to COMPAS. Yet, the mapping performance is
similar in the case of low clutter (mc = 0.1).

2) Clutter Intensity: Fig. 11 studies the impact of the clut-
ter intensity on UE state estimation accuracy and mapping
capabilities of COMPAS. For this analysis, mean numbers of
clutter measurementsmc = 0.1 andmc = 4 are considered. The
detection probability is set to Pd = 0.9. We can see that COM-
PAS is resilient to clutter since the UE state estimation accuracy
is not greatly affected by a change of the clutter intensity.
Moreover, we can observe that the number of VAs that are
declared to exist almost attains the ground truth after some time
steps. In the strong clutter (mc = 4) case, this process takes
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Fig. 10. Average UE and VA metrics over the course of the trajectory. The
UE state estimation and mapping performance of COMPAS is only moderately
affected by data association uncertainty and clutter.

somewhat longer. Finally, we can see from the fifth subplot that
existing VAs can be localized accurately. Bear in mind that the
metric in the fifth subplot considers solely the errors of VAs
that are declared to exist, i.e. the cumulative error is zero if no
VAs is declared to exist. The localization accuracy of VAs in the
presence of strong clutter is not higher than those in weak clutter,
but fewer VAs are declared to exist and hence fewer errors are
summed up.

3) Detection Probability: The numerical results in the con-
text of different detection probabilities are depicted in Fig. 12.
In this analysis, we consider a mean number of clutter measure-
ments ofmc = 0.1 as well as detection probabilities Pd = 0.95
and Pd = 0.8. We observe that the estimation accuracy of the
UE states degrades only slightly if the detection probability
is reduced from Pd = 0.95 to Pd = 0.8. However, there is an
increase in the average cardinality error due to the decreased de-
tection probability. While the number of VAs is almost correctly
determined after a few time steps in the case ofPd = 0.95, more
frequent missed detections in the case of Pd = 0.8 result in a

Fig. 11. Clutter intensity. The presence of clutter does not affect the UE
performance metrics considerably.

lower number of VAs that are declared to exist than actually
existing VAs.

4) LOS Probability: In this numerical analysis, the existence
of a LOS path is modeled as a Bernoulli random variable with
LOS probability PLOS that is statistically independent across
different time steps. Fig. 13 depicts the results for different
LOS probabilities PLOS. The detection probability and mean
number clutter measurements are chosen as Pd = 0.95 and
mc = 0.1, respectively. It can be observed that the UE estimation
accuracy is not affect by the the lower LOS probability since the
information from NLOS paths and well-localized VAs allows
for precise UE state estimation even in the absence of the LOS.
However, we can see that the VA estimation accuracy is slightly
lower compared to the case with high LOS probability.

VI. CONCLUSION

Situational-aware communications leverages knowledge on
the locations of UEs and their environments to enhance the
performance of data transmission. While such knowledge is
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Fig. 12. Detection probability. High detection probability allows for cardinal-
ity errors in the number of VAs.

typically unavailable in current mobile radio systems, future
mmWave mMIMO communication technology will make it
possible to obtain information on locations of UEs and features
in their propagation environments based on the received radio
signals. We presented COMPAS, a robust and scalable inference
engine that infers the UE states (position, orientation, and clock
offset) as well as a map of the reflecting surfaces that describe
the propagation environment. COMPAS embodies a novel way
of discovering the location of a UE and its surrounding, which
builds the foundation for situational-aware communication sys-
tems. Simulation results demonstrated that COMPAS can ap-
proach performance bounds and is resilient to missed detections
and clutter.

APPENDIX A
DERIVATION OF THE JOINT POSTERIOR DISTRIBUTION

Let us first introduce the short notation for the joint UE state
as uk � [pTk αk εk]

T. Now, we develop the conditional PDF of

Fig. 13. LOS probability. The absence of the LOS path does not affect the
inference performance significantly.

zk, z(0)k , ak, bk, Mk, xk, and uk, given xk−1 and uk−1. This PDF
is obtained as

f
(
zk, z

(0)
k ,ak, bk,Mk,xk,uk|xk−1,uk−1

)

= f
(
zk, z

(0)
k ,ak, bk,Mk,xk|xk,uk,xk−1,uk−1

)

× f
(
xk,uk|xk−1,uk−1

)

= f
(
zk, z

(0)
k ,ak, bk,Mk,xk|xk,uk

)
f
(
xk,uk|xk−1,uk−1

)
.

(28)

Here we used the assumption (cf. [44], [53]) that given the cur-
rent VA states xk and the current UE state uk, the measurements
zk and z

(0)
k , the number of NLOS measurements Mk, as well as

the association variables ak and bk are statistically independent
of xk−1, and uk−1. Note that for k = 1, f(x1,u1|x0,u0) �
f(u1).



1210 IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 13, NO. 5, SEPTEMBER 2019

Next, we develop the conditional PDF of zk, z(0)k , ak, bk, Mk,
and xk given xk and uk. We obtain

f
(
zk, z

(0)
k ,ak, bk,Mk,xk|xk,uk

)

= f
(
z
(0)
k |zk,ak, bk,Mk,xk,uk

)

× f
(
zk,ak, bk,Mk,xk|xk,uk

)

= f
(
z
(0)
k |uk

)
f
(
zk,ak, bk,Mk,xk|xk,uk

)
, (29)

where we assumed that given uk, the LOS measurements z
(0)
k

are statistically independent of the NLOS measurements zk and
their number Mk, the VA states xk, as well as the association
variables ak and bk.

By using the same assumptions and following the same steps
as in [44], [53], the PDF of zk, ak, bk, Mk, and xk conditioned
on xk, uk is obtained as

f(zk,ak, bk,Mk,xk|xk,uk) = C(zk)Ψ(ak, bk)

×
(

Lk∏

l=1

q
(
p(l)
VA,k

, r
(l)
k ,pk, αk, εk, a

(l)
k ; zk

)
)

×
Mk∏

j=1

v
(
p
(j)
VA,k, r

(j)
k ,pk, αk, εk, b

(j)
k ; z

(j)
k

)
. (30)

Here, C(zk) is a normalization factor that depends only
on zk and q(p

(l)
VA,k, r

(l)
k ,pk, αk, εk, a

(l)
k ; zk) is defined in

(14) and (15). Furthermore, v(p(j)
VA,k, r

(j)
k ,pk, αk, εk, b

(j)
k ; z

(j)
k )

is defined in (16) and (17). For k = 1, an expression for
f(z1,a1, b1,m1,x1|x0,u0) � f(z1, b1,m1,x1) is obtained
by replacing in (30) the product involving Lk as well as the
factor Ψ(ak, bk) by one.

Next, we use the chain rule as well as the assumption [44],
[53] that at time k, given VA states xk−1, and UE state uk−1, the
current measurements z(0)k , zk and their number Mk as well as
variables ak, bk, xk, and uk are conditionally independent of all
the past measurementsz(0)k−1,zk−1 and their number Mk−1 as well
as past association vectors ak−1 and bk−1. The unconditional
joint PDF for all times up to K can then be obtained as

f(z1:K ,M1:K ,u1:K ,x1:K ,a1:K , b1:K)

=

K∏

k=1

f
(
zk, z

(0)
k ,ak, bk,Mk,xk,uk|xk−1,uk−1

)
.
(31)

With z1:k observed and thus fixed, we obtain the following
expression for the joint posterior PDF

f(u1:K ,x1:K ,a1:K , b1:K |z1:K)

= f(u1:K ,x1:K ,a1:K , b1:K |z1:K ,M1:K)

∝ f(z1:K ,M1:K ,u1:K ,x1:K ,a1:K , b1:K)

=

K∏

k=1

f
(
zk, z

(0)
k ,ak, bk,Mk,xk,uk|xk−1,uk−1

)

where (31) was used.

Next, using (28) and subsequently (29) and (30), we obtain
further

f(u1:K ,x1:K ,a1:K , b1:K |z1:K)

∝
K∏

k=1

f
(
xk,uk|xk−1,uk−1

)
f
(
z
(0)
k |uk

)

×Ψ(ak, bk)

(
Lk∏

l=1

q
(
p(l)
VA,k

, r
(l)
k ,pk, αk, εk, a

(l)
k ; zk

)
)

×
Mk∏

j=1

v
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Finally, recalling that uk = [pTk αk εk]
T and inserting (5), (7),

and (11), yields the final expression in (13).
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