Indoor Mapping with a Mobile Radar
Using an EK-PHD Filter
Jukka Talvitie† , Ossi Kaltiokallio† , Elizaveta Rastorgueva-Foi† , Carlos Baquero Barneto† ,
Musa Furkan Keskin? , Henk Wymeersch? , and Mikko Valkama†
† Unit
? Department

of Electrical Engineering, Tampere University, Tampere, Finland
of Electrical Engineering, Chalmers University of Technology, Göteborg, Sweden

Abstract—Integrated communications, localization and sensing
is one of the most addressed technologies considered for future
mobile communications systems. In this context, a user equipment (UE)-centric mobile radar has been proposed to introduce
improved situational awareness, and consequently potential improvement 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 IQ-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. I NTRODUCTION
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 integrated 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 resolution 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 UEcentric mobile radar is studied in [5]–[8], where the fundamental idea is to utilize signals of the underlying communications
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system for enabling the sensing functionality. In [5] a channel
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 tradeoff 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 featurebased 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 environment 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:
• We derive an efficient EK-PHD filter for the considered
UE-centric dynamic mapping scenario, consisting of multiple objects and rich multipath propagation environment.
• We propose a new feature model for mapping large objects, arising naturally from mapping with mobile radars.
• We utilize a realistic indoor ray-tracing setup for EKPHD 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. S YSTEM M ODEL AND R ANGE -A NGLE M EASUREMENTS
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 NT and NR antenna elements, respectively. For the purpose of radio sensing
and mapping, the UE transmits a sequence of M orthogonal
frequency-division multiplexing (OFDM) symbols with N
active subcarriers. Assuming appropriate synchronization and
cyclic prefix (CP) removal, the received sample at the mth
OFDM symbol and nth subcarrier is defined as [13]
ym,n = fRH AR,n Γn AH
T,n fT xm,n + nm,n ,

(1)

where fT ∈ CNT ×1 and fR ∈ CNR ×1 are the analog transmitter
and receiver beamformers, xm,n is the transmitted symbol, and
nm,n is complex Gaussian noise. Moreover, multipath propagation over L radio paths is captured by the path coefficient
matrix
Γn = diag (γ1,n , γ2,n , ..., γL,n ) ∈ CL×L
with γ l,n = bl,n e−j2πn∆f τl ,

NR ×L
AR,n = [aR,n (φ1R ), aR,n (φ2R ), ..., aR,n (φL
,
R )] ∈ C

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 th measurement instant, the range-angle
measurements of possible targets are obtained in the form of
zkj = [djk θkj ]T , where djk is the estimated distance between the
UE and the target, and θkj is the corresponding azimuth angle
of the target.
For acquiring the range-angle measurements, we utilize the
approach described in [14], where an efficient `1 -regularized
least squares is used to provide sparse range-angle measurements 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 measurement djk can be obtained via estimating the
propagation delay τl of the corresponding radio path in (1)(2) by djk , τl c/2, where c is the speed of light. Moreover,
following the same assumptions, the target angle θkj is equal to
the departure and arrival angles of the corresponding radio path
in (3) as θkj , θTl = θRl . The 2 × 2 measurements covariance
matrix is denoted by Σ.
III. P ROPOSED M APPING A PPROACH
A multiple-target system can be characterized by modeling
the multiple-target set Xk = {x1 , . . . , xnk }, with x ∈ X and
measurement set Zk = {zk1 , . . . , zkmk } as random finite sets
(RFSs) which capture the collection of single target states xi
and measurements zkj . This paper aims to recursively estimate
first-order statistical moment of the multiple-target posterior
density, p(Xk |Z1:k ), i.e., its PHD v(x).1 The local maxima of
v(x) are points in X and can be used to generate estimates for
the elements of X .
A. Basics of the PHD Filter

(2)

The PHD can be propagated in time through the following
recursion [16]
Z
S
vk|k−1 (x) = P
fk|k−1 (x, ζ)vk−1 (ζ)dζ + vkB (x),
(4)

(3)

vk (x) = (1 − P D )vk|k−1 (x)
X
P D hk (z|x)vk|k−1 (x)
R
,
+
λc + P D hk (z|ξ)vk|k−1 (ξ)dξ
z∈Z

and the steering matrices
NT ×L
AT,n = [aT,n (φ1T ), aT,n (φ2T ), ..., aT,n (φL
,
T )] ∈ C

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.

where ∆f is the OFDM subcarrier spacing, bl is the complex
channel coefficient, and τl is the propagation delay for the
lth path. In addition, φlT = [θTl , ψTl ] and φlR = [θRl , ψRl ] are
the departure and arrival angles of the lth path, respectively,
where θTl (and θRl ) denote the azimuth angle and ψTl (and
ψRl ) the elevation angle. Furthermore, aT,n (φlT ) and aR,n (φlR )
are steering vectors for the transmitter and receiver array
in respective order, whose formulation is dependent on the
considered array element geometry. In case that the ratio

(5)

k

S

where P ∈ [0, 1] and P D ∈ [0, 1] denote the survival and
detection probabilities in respective order, f (·) the transition
1 For X with elements in state space X with probability distribution p, its
first-order moment Ris a non-negative function
v on X, such that for each
R
region S ⊆ X [15] |X ∩ S| p(dX ) = S v(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.

and it captures the UE movement, whereas the unit vector,
ûik−1 , defines the surface orientation and it can be estimated
using ûik−1 = Ai ǔik−1 , where Ai is a 90◦ rotation matrix,
ŷ−y ue
ǔik−1 = [cos(θ̂i ) sin(θ̂i )]T and θ̂i = arctan( x̂−x
ue ). The
Jacobian of the transition density is

ǔik−1

mik−1
ûik−1

dˆi

Fx (mik−1 ) = tik|k−1 Ai ∂ ûi + I2 ,
"
a2

mik|k−1

i

∂ û =

θ̂i
pue
k−1

ue
vk|k−1
pue
k|k−1

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, vkB (·) PHD of the birth
RFS, λc the clutter intensity, and ζ and ξ denote the previous
state. Modeling the PHD as a Gaussian mixture (GM),
vk (x) =

Jk
X

wki N (x; mik , Pki ),

(6)

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]:
Jk|k−1

vk|k−1 (x) = P S

X

i
i
wk|k−1
N (x; mik|k−1 , Pk|k−1
) + vkB (x),

i=1

(7)
where the first term represents the surviving objects and the
latter term is the birth process capturing all appearing landmarks. For scattering, the incidence point remains stationary
i
i
and parameters of the predicted density are: wk|k−1
= wk−1
,
i
i
i
i
mk|k−1 = mk−1 , Pk|k−1 = Pk−1 . 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
i
i
wk|k−1
= wk−1
,

mik|k−1 = mik−1 + tik|k−1 ûik−1 ,
i
i
Pk|k−1
= Fx (mik−1 )Pk−1
[Fx (mik−1 )]T ,
ue
where tik|k−1 = (vk|k−1
)T ûik−1 defines the scalar vector
ue
ue
projection of vk|k−1
onto ûik−1 . The vector, vk|k−1
, is known

(x̂−xue )(1+a2 )3/2
(y ue −ŷ)(1+a2 )+a3 (x̂−xue )
(x̂−xue )2 (1+a2 )3/2

where
y ue −ŷ
(x̂−xue )2 (1+a2 )3/2
(x̂−xue )2 (1+a2 )−(ŷ−y ue )2
(x̂−xue )3 (1+a2 )3/2

#
,

in which the indices i and k|k − 1 are omitted for brevity,
[xue y ue ] denotes the UE coordinates, [x̂ ŷ]T , mik−1 , a =
(ŷ − y ue )/(x̂ − xue ) and I2 is the 2 × 2 identity matrix.
The birth PHD is also represented as a GM and the paramB,j
eters are: wkB,j , mB,j
k and Pk . For each measurement that is
not associated to an existing landmark2 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 zkj = [djk θkj ]T , and
the mean and covariance are given by
 ue
T

T
ykue + djk · cos(θkj ) sin(θkj ) ,
mB,j
k = xk

−1
B,j
T −1
,
PkB,j = [Hx (mB,j
)]
Σ
H
(m
)
x
k
k
where Hx (mjk ) is the Jacobian defined in Section III-C.
C. Update Step
Under the assumptions that the landmarks generate observations independently and that clutter and predicted RFS are
Poisson, it can be shown that the posterior of the PHD can be
updated using [15]
X
D
vk|k (x) = (1 − P D )vk|k−1 (x) +
vk|k
(x; z),
(8)
z∈Zk

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]
Jk|k−1
D
vk|k
(x; z)

=

X

i
i
wk|k
(z)N (x; mik|k , Pk|k
),

where

i=1
i
wk|k
(z) =

i
P D wk|k−1
N (z; h(mik|k−1 ), Ski )
P
Jk|k−1 j
λc + P D j=1
wk|k−1 N (z; h(mjk|k−1 ), Skj )

and Jk|k−1 is the number of GM components in vk|k−1 (x).
The updated posterior and predicted likelihood are estimated
using the EKF [17]
i
Ski = Hx (mik|k−1 )Pk|k−1
[Hx (mik|k−1 )]T + Σ,
i
[Hx (mik|k−1 )]T [Ski ]−1 ,
Kki = Pk|k−1

mik|k = mik|k−1 + Kki (zk − h(mik|k−1 )),
i
i
Pk|k
= Pk|k−1
− Kki Ski [Kki ]T ,

zkj is not associated to any existing landmark if dj,i >
TG ∀ i, where dj,i = (zkj − h(mik|k−1 ))T Ski (zkj − h(mik|k−1 )), h(·)
the measurement model, Ski the innovation covariance and TG is the gating
threshold.
2 Measurement

where the measurement model is
"p
#
(x̂ − xue )2 + (ŷ − y ue )2
i
h(mk|k−1 ) =
ŷ−y ue
arctan( x̂−x
ue )
and the Jacobian of h(·) has elements {Hx (mik|k−1 )}l,m =
∂hl (x)/∂xm |x=mik|k−1 , given by


(x̂−xue )
(ŷ−y ue )
√
√
ue )2 +(ŷ−y ue )2
(x̂−xue )2 +(ŷ−y ue )2  .
Hx (mik|k−1 )= (x̂−x ŷ−y
ue
ue
− (x̂−xue )2 +(ŷ−yue )2 (x̂−xuex̂−x
)2 +(ŷ−y ue )2
IV. N UMERICAL E VALUATION AND A NALYSIS
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 performed 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
behavior 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 analog
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
maximum 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 IQ samples during the beamsweeping
procedure as described in [14]. However, we note that for

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.

the proposed EK-PHD filter it is irrelevant in which specific
manner the range-angle measurements are obtained.
2) Data Analysis: The proposed EK-PHD filter for the
dynamic mapping is parameterized as follows. The measurement noise covariance is set to Σ = diag([0.1 m2 , 0.01 rad2 ])
and clutter intensity to λc = 10−3 . In addition, detection,
survival and birth probabilities are determined as P D = 0.9,
P S = 0.9 and P B = 10−3 , 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 (10−3 ), 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

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

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).

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 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 Σ = diag([0.01 m2 , 0.001 rad2 ]). 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 zkj = [djk θkj ]T
originate from 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 P D and survival
probability P S . 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 measurement 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

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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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.
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