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Abstract—Integrated communications, localization and sensing
is one of the most addressed technologies considered for future
mobile communications systems. In this context, a user equip-
ment (UE)-centric mobile radar has been proposed to introduce
improved situational awareness, and consequently potential im-
provement in network performance. In this paper, we derive an
extended Kalman probability hypothesis density (EK-PHD) filter
with a novel feature model, for a mobile radar based environment
mapping, where range-angle detections are used to track map
objects over time for dynamic map construction. In order to
evaluate the performance of the proposed filtering approach,
we employ a realistic ray-tracing-based simulation setup, which
models the full transmission chain from the transmitted I1Q-
samples to mapping results. Besides this, a simplified measurement
model considering solely single-bounce specular reflections is
exploited for providing further insight into the filter performance.
The obtained results show that the proposed EK-PHD filter is able
to provide high-quality mapping results, reaching around 10 cm
landmark estimation accuracy in the considered millimeter wave
simulation setup.

Index Terms—mobile radar, environmental mapping, millimeter
wave, probability hypothesis density, extended Kalman filter

I. INTRODUCTION

The development of the current 5G and upcoming 6G mobile
radio technologies is turning a conventional user equipment
(UE) into a multi-functional device capable of performing in-
tegrated communications, localization and sensing via common
radio frequency (RF) resources [1]. The currently available
millimeter wave (mmWave) bands in 5G new radio (NR), which
provide signal bandwidths of hundreds of megahertz, are being
extended towards the terahertz frequency range offering several
gigahertz of contiguous bandwidth. From the localization and
sensing perspective, the higher carrier frequencies and larger
bandwidths anticipate improved performance via increased res-
olution for ranging and angular estimation.

One of the emerging use cases for future mobile networks
is the environment sensing and mapping with a joint radar and
communications design [2]-[8]. Within this scope, a UE-centric
mobile radar is studied in [5]-[8], where the fundamental
idea is to utilize signals of the underlying communications
system for enabling the sensing functionality. In [5] a channel
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model is proposed for personal radars by conducting a channel
measurement campaign with massive arrays at the mmWave
frequency range. In [7] and [8] indoor mapping is considered
according to a static sensing approach, where measurements
from different time instants are processed independently. In
both studies, an empirical measurement campaign is applied to
justify the presented mapping results, including also a specific
focus on mapping with 5G NR signals in [8]. In [6], an extended
Kalman filter (EKF) is utilized for dynamic mapping based on
a grid-based approach, where the area of interest is divided
into small cells known a priori by the radar. Besides mapping
results, the study provides a trade-off analysis considering
aspects on angular resolution, channel scanning time, used
signal bandwidth and ranging accuracy. Complementary to
these works on pure mapping, in [9]-[12] different approaches
are considered in the context of simultaneous localization
and mapping (SLAM), where the UE position information is
estimated by means of an auxiliary anchor node or provided
as a priori in the beginning of the mapping process. In [12],
the utilization of a probability hypothesis density (PHD) filter
is discussed in the context of SLAM with comprehensible
illustrations and analysis of the filter functioning. Moreover,
in [10], a PHD filter was introduced to a SLAM setting by
mapping multipath components of a downlink radio link into
a dynamically updated radio map. A PHD filter has several
desirable properties, such as built-in data association between
the radio map and obtained radio sensing measurements, and
its ability of tracking different types of landmarks in the radio
map, such as walls and scatterer objects.

There are several challenges with existing approaches for
mobile radar mapping: grid-based mapping, e.g. [6], requires
a lot of memory, and the mapping accuracy is subject to the
chosen grid granularity. When approaching to cm-level sensing
accuracy, such as in 6G networks, these can be considered
as major challenges for the grid-based approach. Due to this,
using a feature-based mapping, such as via PHD filtering, is
preferred for the considered framework. However, the feature-
based formulation of the PHD filter used in a SLAM setting,
such as in [10], is not directly applicable to the UE-centric
mobile radar scenario, because the modeling of walls by fixed
virtual anchor is violated due to UE mobility.

In this paper, we propose using an extended Kalman proba-



bility hypothesis density (EK-PHD) filter for dynamic environ-
ment mapping with a UE-centric mobile radar by considering
standardized RF signals from the underlying communications
system. We address the aforementioned challenges by a new
model for large reflective surfaces. The main contributions of
this paper are summarized as follows:

e We derive an efficient EK-PHD filter for the considered
UE-centric dynamic mapping scenario, consisting of mul-
tiple objects and rich multipath propagation environment.

e« We propose a new feature model for mapping large ob-
jects, arising naturally from mapping with mobile radars.

o We utilize a realistic indoor ray-tracing setup for EK-
PHD performance evaluation, considering the full radio
transmission pipeline from the transmitted IQ-samples to
range-angle measurements.

« To obtain quantitative performance results with standard
metrics and gain deeper insight, we evaluate and analyze
a simplified simulation setup, where radar measurements
are obtained from predefined statistical distributions.

II. SYSTEM MODEL AND RANGE-ANGLE MEASUREMENTS
A. System Model

For the considered mobile radar concept, we utilize a
multiple-input multiple-output (MIMO) channel model based
on co-located transmit and receive antenna arrays equipped
with analog RF beamforming capability, and Ny and Ny
antenna elements, respectively. For the purpose of radio sensing
and mapping, the UE transmits a sequence of M orthogo-
nal frequency-division multiplexing (OFDM) symbols with N
active subcarriers. Assuming appropriate synchronization and
cyclic prefix (CP) removal, the received sample at the m®
OFDM symbol and n™ subcarrier is defined as [13]

Ym,n = f]{{AR,nFnA’{:{nfom,n + Nm,n, (1)

where fr € CV1 and fz € CVr*! are the analog transmitter
and receiver beamformers, x,, , is the transmitted symbol, and
Npm,n 15 complex Gaussian noise. Moreover, multipath propa-
gation over L radio paths is captured by the path coefficient
matrix

T, =diag (V1,n,V2,m, s YL.n) € CcLxL

) 2
with Yinm = ble—]QTr’llAle) ( )
and the steering matrices
Aty = [arn(f1), arn(97), ..., ara(¢7)] € CVE, 3)
AR, = [aR 0 (DR): AR (PR); - AR, (F)] € CVXE,

where Af is the OFDM subcarrier spacing, b; is the complex
channel coefficient, and 7; is the propagation delay for the
™ path. In addition, ¢t = [0%,¢L] and @k = [0L, k] are
the departure and arrival angles of the [ path, respectively,
where Gl (and 6! k) denote the azimuth angle and 1/JT (and 1/JR)
the elevatlon angle. Furthermore, ar,,(¢%) and ag (k) are
steering vectors for the transmitter and receiver array in respec-
tive order, whose formulation is dependent on the considered
array element geometry. In case that the ratio between the

transmission bandwidth and carrier frequency is very small,
the steering vectors follow a narrow-band model with fixed
response over all subcarriers n.

B. Range-Angle Estimation

For the proposed mapping approach, discussed in Section
III, the UE obtains range-angle measurements of the tracked
targets, namely the incident points of scattering or specular
reflections for each path. In this paper, we consider mapping in
2D, which is sufficient for estimating, for example, a building
floor plan. At the k" measurement instant, the range-angle
measurements of possible targets are obtained in the form of
2] = [d] 6]]7, where d}, i is the estimated distance between the
UE and the target, and 67, is the corresponding azimuth angle
of the target.

For acquiring the range-angle measurements, we utilize the
approach described in [14], where an efficient ¢;-regularized
least squares is used to provide sparse range-angle measure-
ments via an analog beamsweeping procedure. With respect
to this, assuming co-located transmitter and receiver antenna
arrays as well as a single bounce radio path, the range measure-
ment dj, can be obtained via estimating the propagation delay
7; of the corresponding radio path in (1)-(2) by d] £ T1¢/2,
where c is the speed of light. Moreover, followmg the same
assumptions, the target angle 6] is equal to the departure
and arrival angles of the corresponding radio path in (3) as
¢ £ 0L = 0%. The 2 x 2 measurements covariance matrix is
denoted by X..

III. PROPOSED MAPPING APPROACH

A multiple-target system can be characterized by modeling
the multiple-target set Xy, = {x!,... 2™}, with € X and
measurement set 2 = {zj,..., 2"} as random finite sets
(RFSs) which capture the collection of single target states x*
and measurements z . This paper aims to recursively estimate
first-order statlstlcal moment of the multiple-target posterior
density, p(Xy|Z1.x), i.e., its PHD v(x).! The local maxima of
v(z) are points in X and can be used to generate estimates for
the elements of X.

A. Basics of the PHD Filter

The PHD can be propagated in time through the following
recursion [16]

V| k— 1

vg(T) =

=P [ S Ouer Qe+ k@), @

(1= PP)vpp— 1( )
(z|z)vkp—1(2) 6))
+ Z Ae + PP [ hy(2]€)vpr—1(£)dE’

where PS5 € [0,1] and PP € [0,1] denote the survival and
detection probabilities in respective order, f(-) the transition

'For X with elements in state space X with probability distribution p, its
first-order moment is a non-negative tunctlon v on X, such that for each region
S CX[15] f|xNS|p(dX) = [gv(x)dx. where | X | denotes the cardinality
of a set X. The integral gives the expected number of elements in X that are
in S.
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Fig. 1. Problem geometry, where known UE movement leads to a deterministic
change of the estimated incidence point along the surface.

density, h(-) the likelihood function, v¥(-) PHD of the birth
RFS, A, the clutter intensity, and ¢ and £ denote the previous
state. Modeling the PHD as a Gaussian mixture (GM),

Jk
)= wiN (amy, P), ©)
i=1
the PHD recursion in (4)-(5) admits a closed-form solution [15].
Parameters of the GM in (6) are the number of components
J, the component weight w, and the component mean m and
covariance P. In this paper, the integrals in the PHD recursion
are solved by locally linearizing the nonlinear models and the
prediction and update steps of the developed EK-PHD filter are
presented in the following.

B. Prediction Step

Assuming that the posterior PHD at time k — 1 is a GM of
the form given in (6), it follows that the predicted PHD is also
a GM defined as [15]:

Jrik—1
(3 Ml 1y Pip—) + vp (2),

= P® Z wk\k N
(7

where the first term represents the surviving objects and the
latter term is the birth process capturing all appearing land-
marks. For scattering, the incidence point remains stationary
and parameters of the predicted density are: w,icl b1 = wi_y,
m2|k71 =mi_,, P£|k71 = Pj_,. For specular reflection on
the other hand, the incidence point changes as a function of
UE location and this change must be taken into account as
illustrated in Fig. 1. The surface can be parameterized using a
line and parameters of the predicted density are given by

Vk|k— 1

i i
Wgik—1 = Wg—1,

i i i .
My p—1 = Mp_1 + 1 Up_1,

i _ i i i T
Pk|k71 = Fyp(mp_q)Py_q [Fr(my_q)]",
i _ Toi
where 13, = (v 1) @},_, defines the scalar vector
projection of Uk|k , onto . The vector, vk‘k 1> 1s known

and it captures the UE movement, whereas the unit vector,
iy, defines the surface orientation and it can be estimated
using 4y, = A'aj_,, where A* is a 90° rotation matrix,
@i, = [cos(0") sin(6")]T and 0 = arctan(’=Y:). The
Jacobian of the transition density is
Fy(mj_y) =t A'00" + Iy,
a? y =g
(G— wue)g1+a2 BE (G— zue) (1+a2)5/2
9 (A+a*)+a®@—a") (2—z"9)>(1+a)—(§—y"
(Z—zve)2(1+a?)3/? (G—zve)3(14+a?)3/2

_Lue

where

ot' =

( ue _ )2 9

in which the indices ¢ and k|k — 1 are omitted for brevity,
[z4¢ yv¢] denotes the UE coordinates, [Z §]T £ m} |, a =
(g —y*e)/(& — x*¢) and I is the 2 x 2 identity matrix.

The birth PHD is also represented as a GM and the parame-
ters are: wg’j , mg’J and P,]f *J. For each measurement that is not
associated to an existing landmark? during the previous update
step, a birth is generated for both landmark types since the
source of the measurement is unknown. As an example, birth
j is generated utilizing measurement z; = [d], 67]7, and the
mean and covariance are given by

Jeos(8]) sin(8])]"

—1
B
k ! )) )

where H,(mJ]) is the Jacobian defined in Section III-C.
C. Update Step

Under the assumptions that the landmarks generate obser-
vations independently and that clutter and predicted RFS are
Poisson, it can be shown that the posterior of the PHD can be
updated using [15]

(1= PP)uppoi(z) + Y vpplziz),  (8)

2EZy

B,j

mPd = [ape ype]" 1 df

P = ([Ho(m?) TS Ha(m

vk‘k(x) =

where the first term represents objects that are undetected and
the latter term depicts the set of detected objects. Components
of the detected objects are given by [15]

Jrik—1
vﬂk(x; z) = Z Wi, ()N (@3myy, Pyjy),  where
i=1
i PDwZ|k71N(z§ h(mi‘\kﬂ)wgi)
wk\k(z) =

Ao + PP Z‘_]i\k—l w’

J=1 klk—lN(z;h(mi\k_l)aSi)

and Jy|;—1 is the number of GM components in vy, ;_1(z).
The updated posterior and predicted likelihood are estimated
using the EKF [17]

Sk = Ha (Mg 1) Py [Ho (i )] + 2,
K} = P]i‘k_l[Hx(m;g\k_ﬂ]-r[sli]il’
h(m;dk—l))’

Ky SpIER]T,

i i i

Mg = My p—1 + Ki (2 —
i _ pi

Pr = Pr—1 —

2Measurement zk is not associated to any existing landmark if it >
Tg V i, where dJ* = (z,C - h(mk|k—1))TS (zk — h(mk‘k_l)) h(-)
the measurement model, S’, the innovation covariance and T is the gating
threshold.



where the measurement model is

VCEED y)}

i _
h(migy—1) = arctan(L=L")
T—xHe

and the Jacobian of h(-) has elements {Hr(mak—l)}l,m =
ahl(m)/axm|fﬂ:mi|k_1’ given by

(—z"%) @G—y*°)

Ho(miyy_y)=| VO PGy Jamar PGy
7(i_xue)2+(g_yue)2 (Z—zve) 24 (g—yue)2

IV. NUMERICAL EVALUATION AND ANALYSIS

In this section, we evaluate the performance of the proposed
EK-PHD, first with a realistic ray-tracing-based channel model
and then with a simplified measurement model, to perform a
quantitative analysis.

A. Evaluation with Realistic Ray-tracing Data

We use a realistic ray-tracing simulations in a real-life indoor
office environment at the Tampere University, Finland. The ray-
tracing simulations include a user track of 31 measurement
instances with 1 m intervals in an approximately 2 m wide
corridor. The considered indoor layout, which is relatively
challenging due to its diverse and irregular wall structures, is
illustrated together with the mapping results in Fig. 2.

1) Data Generation: The ray-tracing simulations are per-
formed by using the Wireless Insite® software [18], where
the maximum number of propagation paths per location is
configured to 25 with at most 6 reflections and 1 diffraction.
Moreover, the walls, floor and ceiling are configured with
appropriate RF-specific materials to reflect the radio link be-
havior in real-life environment. Based on the 3D propagation
path data provided by the ray-tracing simulator, including path
coefficients, path delays and related path angular data, the
received samples are generated according to (1).

At each measurement location, the UE performs an ana-
log beamsweeping procedure, consisting of transmissions of
14 quadrature phase shift keying (QPSK) modulated OFDM
symbols into the considered beam directions in azimuth plane
as {—180°,—178°,...,178°}. In order to achieve unambiguous
angle measurements for the full 360° sweeping range, the
transmit and receive arrays are determined as a 16 element
Uniform Circular Array (UCA) with radius of 1.27 cm. Each
array element has an omnidirectional azimuth radiation pattern
and a 3GPP-specified vertical radiation pattern using a 16°
3dB-beamwidth as defined in [19]. The used OFDM waveform
follows the available 5G NR numerology at 30 GHz carrier
frequency with subcarrier spacing of 120 kHz. Furthermore, in
order to optimize the ranging resolution, we consider the max-
imum resource allocation for the used frequency range, namely
the 400 MHz bandwidth, which contains 264 resource blocks,
and thus 3168 active subcarriers. Based on the above, the range-
angle measurements for the EK-PHD filter are obtained from
the received 1Q samples during the beamsweeping procedure as
described in [14]. However, we note that for the proposed EK-
PHD filter it is irrelevant in which specific manner the range-
angle measurements are obtained.

100

70 80 90

110

Fig. 2. Dynamic mapping performance using ray-tracing data. On top, the UE
location illustrated with black triangles and ray-tracing measurements using
blue crosses. On the bottom, the estimated reflectors are mapped with orange
lines/crosses and the estimated scatterers using green hexagrams.

2) Data Analysis: The proposed EK-PHD filter for the
dynamic mapping is parameterized as follows. The measure-
ment noise covariance is set to ¥ = diag([0.1 m?,0.01 rad?])
and clutter intensity to A\, = 1073. In addition, detection,
survival and birth probabilities are determined as PP = 0.9,
PS = 0.9 and P® = 1073, respectively. In order to decrease
the computational complexity, pruning, merging, capping and
ellipsoidal gating are utilized, and readers are referred to [15]
for further details. The corresponding parameters are given
as: pruning threshold (1073), merging threshold 50, capping
number 50 and gating threshold 4.6052, which is calculated
using the chi-square distribution with two degrees of freedom.

In Fig. 2, the range-angle measurements converted to 2D
Euclidean coordinates and the dynamic mapping results of the
proposed EK-PHD filter are illustrated for the ray-tracing based
simulation data. In the illustrated results, the following post
processing steps are carried out to remove redundant and false
landmarks. First, trajectories that are three samples or shorter
are removed. Second, for each birth only the landmark that
results in the highest average weight is considered. As seen
in Fig. 2, specular reflections are dominant in the considered
environment, and scatterers are evaluated only in five specific
locations with nearby corners. For the most part, the EK-PHD
can accurately estimate the landmark locations; however, two
exceptions occur. The first case is a false detection, created
by a triple reflection, which is observed as an artifact below
the lower side wall of the corridor around the x-y-coordinate
(88 m, 35 m). The second case is a false classification where
a wall is mistakenly classified as a scatterer. This scenario
is encountered three times on the upper side of the corridor,
as seen in Fig. 2. In each case, the UE movement is close
to perpendicular to the wall and it is not apparent what the
landmark type is. The EK-PHD correctly tracks both landmarks
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Fig. 3. Dynamic mapping performance using single bounce reflection data and
with different sampling intervals: 100 cm (top), 50 cm (middle) and 10 cm
(bottom).

but in post processing, the scattering landmark has a higher
average weight resulting to a wrong decision.

B. Evaluation with Simplified Measurement Model

To gain deeper insight into the performance of the proposed
EK-PHD filter, we further evaluate a simplified measurement
model, where the filter performance can be analyzed with well-
defined statistical range-angle measurements. It is noted that
in realistic deployments, such as with ray-tracing, it is often
difficult to observe the root cause of certain mapping errors,
which can occur, e.g., due to multibounce propagation. Thus,
with the simplified measurement model, we are able to remove
the effect of the unknown factors and focus on the characteristic
of the proposed EK-PHD filter.

1) Data Generation: At each UE position in the considered
indoor layout, range-angle measurements for the single bounce
reflections are generated and corrupted by additive Gaussian
noise with covariance ¥ = diag([0.01 m?,0.001 rad?]). Besides
the used 1 m measurement sample interval with the ray-tracing
data, we consider also 50 cm and 10 cm sample intervals with
the simplified data for further performance analysis.

2) Data Analysis: The mapping results for the proposed EK-
PHD filter, using exactly the same filter parameterization as
earlier with the ray-tracing data, is illustrated in Fig. 3 for three
different measurement sampling intervals. Since in this setup
the range-angle measurements z; = [di 6] originate from

0.6 ‘
I A =100 cm
B A =50 cm
[T JA=10cm
0.4r ,
]
=
<
>
0.2+ ,
0

GOSPA RMSE [m)

Fig. 4. GOSPA and RMSE with different sampling intervals.

a well-defined Gaussian distribution, they are not separately
illustrated, as earlier with the ray-tracing data. The mapping
results with the ray-tracing and single bounce reflection data
closely resemble one another when the sampling interval is
the same (i.e., 1 m). In both simulation scenarios, the wall
extensions are overestimated since the track can survive for
one or two samples even though the wall is not detected.
The filter would terminate the tracks sooner by considering
smaller values for the detection probability PP and survival
probability PS. However, at the same time, some tracks could
be terminated prematurely. Another option is to use a smaller
sampling interval as shown in Fig. 3, where it is shown that
the wall overshooting is considerably reduced by using 50 cm
and 10 cm measurement sampling intervals.

For numerical evaluations, the root mean square error
(RMSE) is used to measure the accuracy of the detected
landmark estimates, and the mapping accuracy is assessed using
the mean of the generalized optimal subpattern assignment
(GOSPA) [20], which in addition to the landmark estimation
accuracy, takes into account the effect of misdetected and
falsely detected landmarks. For the RMSE and GOSPA, the
landmark estimation accuracy is defined over different mea-
surement samples according to Euclidean distance between the
estimated sample-wise wall coordinates and the true incidence
points of the corresponding single-bounce reflections. Overall,
100 Monte Carlo simulations are performed and the results
are obtained by averaging over the different simulation trials.
The results are summarized in Fig. 4, where the GOSPA
and RMSE are shown for the three considered measurement
sampling intervals. Besides observing the evident performance
improvement while reducing the sampling interval, it is shown
that the GOSPA metric clearly suffers more when the sampling
interval is increased. This is because in the considered indoor
scenario the shortest walls are just at meter level in length, and
therefore, with comparable measurement sampling intervals the
susceptibility to misdetections and false detections accumulates
drastically as only a few samples can be obtained from the
shortest walls.

In order to illustrate the time-evolution of the considered
evaluation metrics, the above discussed GOSPA and RMSE are
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Fig. 5. GOSPA and RMSE as a function of sample number using 10 cm
sampling interval. The red line depicts the mean and the shaded area illustrates
the 95% confidence interval.

illustrated in Fig. 5 as a function of sample number. Regarding
the GOSPA metric, the shown peaks correspond to situations
when a wall begins or ends, in which cases the metric penalizes
(one meter penalty) for misdetections and false detections.
Correspondingly, the RMSE is higher whenever a new track
is initialized and then by accumulating more measurements,
the estimate gradually improves decreasing the RMSE.

V. CONCLUSIONS

In this paper, we proposed and derived a EK-PHD filter for
dynamic environment mapping with UE-centric mobile radars.
Based on realistic indoor channel simulation with ray-tracing,
we demonstrated that the proposed approach is able to produce
accurate mapping of landmarks, including reflective walls and
fixed scattering objects. Furthermore, for numerical evaluations
we considered a simplified measurement model, where range-
angle measurements are originated only from single bounce
specular reflections. By comparing the performance of the EK-
PHD filter between the considered evaluation metrics, namely
the GOSPA and RMSE, we showed that decreasing the mea-
surement sampling interval is especially beneficial to GOSPA,
where the target misdetection and false detection, occuring
often in the beginning and end part of a wall, are separately
penalized.

Regardless of the presented promising initial results, there
are certain development aspects to be considered in further
research. First, it is desired to improve handling of the birth
and death process of wall objects for enabling accurate mapping
without decreasing the sampling interval. Second, it is impor-
tant to mitigate the effect of multi-bounce propagation in order
to remove unwanted mapping artifacts. Besides developing the
proposed EK-PHD solution, an extension to 3D mapping as
well as designing of efficient preprocessing and postprocessing
algorithms for the mapping process, are also of great interest.
Nonetheless, already as such, the proposed EK-PHD filter is
able to provide high-quality mapping results with attractive

computational efficiency, and thus, it can be considered a
promising candidate for various sensing applications in 5G and
upcoming 6G technologies.
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