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Abstract— Nowdays, millimeter wave (mmWave) direction
sensors are being used increasingly as general-purpose radars,
since they can provide high-level of accuracy for a variety of
situations at low-cost. Via mutliple mmWave sensors, bearing
estimation can be derived to track the position of a target, while
in smart environments several sensors can be deployed. In this
work, we provide an optimal sensor selection technique, for
choosing which sensors to activate for bearing estimation and
which not. The proposed approach is decomposed into training
phase, where sensor selection is performed, and operational
phase, where bearing estimation is obtained. Via simulation
results we evaluate the proposed approach compared with the
conventional methodology of utilizing all available data streams.

I. INTRODUCTION

Collaboration between humans and robots plays a sig-
nificant role in smart industries since it helps to achieve
improved production and efficiency. However, as the separa-
tion between robot and human workstations is removed, this
evolution means breaking with established safety procedures
[1]. Sensor nodes are used in industrial operations to collect
system measurements. In [2], Hardware-In-the-Loop (HIL)
technique is utilized to test a systematic sensor selection
framework for control design.

The rough and dynamic nature of an industrial environ-
ment is characterized by multiple individuals and items mov-
ing and changing places, thus making sensing and tracking
human position in such surroundings a difficult task. For
object/body localization, a variety of sensors can be used,
including acoustic/ultrasonic [3], vision [4], thermal [5], and
radar [6] sensors. Of course, every situation is unique. The
Human Activity Recognition (HAR) can be undertaken using
wearable devices [7], [8], which are based on contact and
device-free HAR [9], [10].

Usually vision based sensors provide a very informative
representation of a scene acquisition in general; however,
challenges can emerge such as their dependence on external
illuminating scenes with poorness affecting rendering. This
can have negative results with significant consequences, as
for example, the Uber self-driving crash incident in Arizona
at night conditions and the Tesla’s autopilot testing which
failed to detect the white side of a tractor trailer in bright
sky, as we read in [11] and references therein. Furthermore,
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due to the camera’s intrusive nature, privacy is also a major
concern.

Other work exhibited that less information-rich ambient
sensors can efficiently infer activities of humans; meanwhile
they do not put subjects to security risks using RF signals. As
we can see in [12] and references therein, Wi-Fi routers can
be used when a human has fallen, which can find applications
to the elderly or factory worker monitoring. However, this
method is not robust enough. Wi-Fi has narrow band and
does not offer enough range resolution to classify activities
with robustness.

Radars, on the other hand, describe the scene using
RF intensity-based spatial heat-maps, rather than vision-
based sensors. Radars and other RF-based sensors employ
their own signals to illuminate the target (active sensing),
making them operationally resilient to scene illumination
and weather. Even though RF sensing can accomplish great
performance in HAR, it exhibits two major weaknesses. RF
sensing needs high volume of training data to re-train its
model in the case that the scene has been altered. In addition,
the human is not in a place to recognise a number of activities
by intuition from RF sensor data, as opposed to camera based
modules [13].

Automotive radars using mmWave technology [14] are
low-power and incredibly easy to deploy, often used in
driveless vehicle applications. Moreover, higher operating
bandwidths also enable mmWave radars to approximate the
motion of the human body [15], [16]; thus making this tech-
nology significant for human tracking in industrial settings,
where the conditions may be harsh due to the environment.

For automotive applications, typical mmWave sensors em-
ploy frequencies between 76 and 81 GHz, or frequencies
around 60 GHz (e.g., 57 to 64 GHz following the European
standard) as general-purpose short-range radars. mmWave
radars are non-intrusive radars and can detect in a variety
of conditions, such as darkness, smoke, and fog. mmWave
radars do not increase cost as other sensors do, such as high
resolution cameras. Although mmWave radars do not provide
the same level of detail as a camera, they do offer high-
resolution distance, velocity, and angle impression of the
objects within a scene, which can be useful for determining
their condition and motion as well as separating the object
of interest from background noise. However, mmWave radars
exhibit a fast attenuation and are prone to noise. Hence, the
HAR is a challenging task using the mmWave radars [17].

In this work, we address the problem of optimal sensor
selection for bearing estimation. Note that in harsh condi-
tions the erroneous estimates of some sensors may affect
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significantly the whole HAR process, therefore a technique
for selecting the most reliable sensors would be desirable. To
do so, we consider that all sensors are able to measure the
angle of the impinging waves, and these angles are used to
track the position of humans. The sensor selection problem
is expressed as a sparse optimization one, and publicly
available tools for convex optimization are employed. The
relation between angle measurements and location follows a
non-linear model, thus, we employ a pseudo-linear problem
transformation. Simulation results demonstrate an optimal
selection strategy for heterogeneous sensors, increases the
localisation accuracy and hence the safety in smart environ-
ments with several available sensors.

II. BACKGROUND
A. Millimeter wave direction sensors

The recent shift towards the millimeter-wave (mmWave)
spectrum (> 30 GHz) for radars enables highly precise range
estimates to targeted objects, due to the high bandwidth
available in these frequency bands. Furthermore, the reduced
wavelength enables the application of small-sized massive
antenna arrays, allowing to precisely scan the environment
and to resolve the angular domain with high directionality.
These inherent properties of mmWave radar systems and the
recent availability of small and low-cost single-chip radar
solutions operating in the mmWave band enabled plenty
of new applications, such as human motion monitoring
[16], vital signs monitoring [18], unmanned aerial vehicle
pursuit [19], gesture recognition [20], as well as radar for
autonomous cars [21], [22].

The basic principle of a radar is to transmit electromag-
netic waves and to measure the signal reflected by objects
(echo signal) to determine their range, velocity, and angle.
Assuming a planar wavefront, one can relate the phase
difference A¢,, at the receive antennas of the m-th sensor,
with the measured AoA as follows:

AA¢7TL
21

where )\ is the wavelength, ¢ is the antenna spacing. There-
fore, measuring the different phases of the individual receiv-
ing antennas of the antenna array of each sensor, the AoA
measurements can be obtained. Moreover, recall that the
Ao0A can be expressed based on the position at the Cartesian
coordinates system of the m-th sensor (@, 1, @m,2), and the
target (z1,z2) as follows:

6., = arcsin , (D

T2 — Qm,2

2

R (21, 29) = arc tan .
L1 — Qm,1

B. Linerization of the system model

Let us consider that the noisy AoA measurements are
given by the non-linear model:

Om = hin(X) + i, m=1,..., M, 3)

where M is the number of sensors, h,(x) =
To—Qm T

arctan%, x = [ 1, o ] s M~ N(0,02)
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is the additive white Gaussian noise (AWGN), which
represents the sensor noise.

To cope with the non-linearity of the model, a pseudolin-
ear equation can be devised by grouping the nonlinearities
into the noise term. Thus, from (3) we have

~ To—a sin(0,,—n To—a
0., — 1y, = arc tan 270m2 (Nm m) = 22 Tm2
T1—=0m,1  cos(Opy—"Ny)  T1—CQm
c08(0py — 1) = 71 — v
- ) (Nm m) 1 m,1 (4)
Sin(0r — M) = T2 — Q2

where using the standard trigonometric identities, we con-
struct the following equivalent system of equations in matrix

form:
cosl,, sinb,, COSNy, | | 1 O 1
sinf,, —cosb,, sin nyy, To am2 |’

Next, we introduce the error vector &,, € R?*!, expressed

as:

€ =Anx— Al o, (5)
where A2 C?SQm 81119,P 7£mé COS Ny a2

sinf,, —cosb,, sin n,,
[ Zm’l , and AT A=I. Putting together the errors for all
m,2
sensors £ = [£,,&,,...,&,,]T, we obtain
£ =Ax—h,

with A = [Al,As, ... ;,Ay]T and h =
[@T A1, al Ay, ... ;0T Ag]T  the measurement matrix

and vector respectively.
Therefore, the minimization is performed over the trans-
formed noise space,

(6)

and the position estimate X can be acquired by the least-
squares estimation, i.e., x = (AT A)~'ATh.

min ||€]|? subject to £ = Ax — h,

C. Sensor selection

Consider the scenario where all sensors are able to
transmit their measurements to a central station, where the
solution of (6) is performed. The central station is able
to control which sensors will be active and transmit their
measurements and which not. Mathematically, the selection
of the active/inactive sensors, and essentially, the subset of
measurements X, can be expressed using a binary vector w €
{0, 1}M*1 Specifically, x,, = Wx, where W = diag(w),
with diag(-) places the input vector on the main diagonal.
The aim of sensor selection is to obtain the best subset
of measurements so as to minimize the estimation error,
expressed using the error covariance matrix E(w), which
is defined as: E(w) = E{(X4w — Xu)(Xw — %)}, where
E{-} represents the expectation function.

To evaluate the estimation error, different functions
f(E(w) can be used, and the typical choices for are:
(i) A-optimality: minimizes the sum of eigenvalues of E
with f(E(w) £ tr(E(w), (ii) E-optimality: minimizes the
maximum eigenvalue of E with f(E(w) £ A\ (E(w)),
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(iii) D-optimality: minimizes the determinant of E with
f(E(w) £ Indet(E(w)). Therefore, the following optimiza-
tion problem can be constructed:

arg min f(E(w)) subject to 1Xw = M,  (7)

we{0,1} K
where f(E(w) is a scalar cost function related to the error
covariance matrix E, while the constraint sets the number
of active sensors M. The problem in (7) is a combinatorial

optimization problem involving searches.

M

III. PROPOSED APPROACH
A. Bearing measurements model

Bearing estimation is a target localization technique based
only on bearing (angle) measurements from a set of direction
finding sensors, such as mmWave radar sensors. Specifically,
in cases with large antenna apertures (massive MIMO [23]),
bearing estimation can provide accurate localization results
even in multipath environments. However, distributed mea-
surements may be subject to several impairments such as
measurement noise and signal blockages, thereby dramati-
cally reducing the localization performance. On this premise,
we consider the selection of the subset of measurements
which end up to the best estimation performance.

In vector form (3) can be written as:

6 =h(x)+n, (8)
where
]
while h(x) £ [ hi(x),...,ha(x) }T is the non-linear
bearing measurement function which depends on x.

éé[él,... ,n:[nl,...,nM ]T

b

B. Cramer-Rao Lower Bound

Cramer-Rao Lower Bound (CRLB) provides the theoreti-
cal performance threshold for any unbiased estimator. Given
that the estimator X is unbiased (i.e. £{Xx} = x), the CRLB
is expressed as:

Hx-%)(x-%0"} > F ' (»), )

where F € C?*! is the Fisher information matrix (FIM),
expressed as:

M
F(x)= Y Fpnu(x) (10)
m=1
with
L (Oh()\" (O (x)
[Fm]z,J—Jg( oz, ) ( o, ) (11)

Specifically for our case, after obtaining the derivative of the
function h,,(x) over z;s, the FIM for the m-th sensor can
be expressed as:

1 TpT

F, = 12)

Algorithm 1 Proposed algorithm for optimal sensor selection
and bearing estimation

Input: o, A, h, 02, \,
Output: W
1. Calculate FIM F,, via (12) for all sensors, m =
1,2,..., M.
2: Solve (17) and obtain w.
3: Perform thresholding to w as in (18) to obtain the binary

vector w.
4: W = diag(w).
1 -1 . .. .
where P= 1 1 | In this work, the minimum eigen-

value constraint is utilized as a performance measure, i.e.,

)\min(F) 2 )\ev (13)

where threshold A, describes the predefined estimator.

C. Sensor selection problem formulation

To proceed, let us express the FIM when sensor selec-
tion is performed. Specifically, given that w,, is the m-th
component of the binary vector w, then

M
F(w,X) = > wmFp. (14)
m=1

Thus, when the m-th sensor is active (w,,, = 1), it contributes
to the FIM by adding the term F,, to the overall sum.
Subsequently, the minimum eigenvalue of FIM depends
on which measurements are taken into account, and the
inequality constrained is now expressed as:

Amin(F(W, %)) > Ae. (15)

The inequality in (15) can be expressed as the following
linear matrix inequality (LMI):

M

> wmFpm = AI =0, (16)
m=1
which essentially sets a lower bound on each eigenvalue of
matrix F(w, x).

The problem (7) can be approximated by a semi-convex
one, relaxing the binary constraint on w by the convex box
constraint w € [0, 1] [24]. Thus, the proposed problem
formulation takes the following expression

M
min ||w subject to Wy Fon — A >0, (17
o I ll: subj ;:1 (17)

where |W||; = fozl |wy,| denotes the ¢1-norm. The opti-
mization problem (17) is a standard semi-definite problem in
the inequality form, which can be efficiently solved in poly-
nomial time using interior-point methods. Implementations
of interior-point methods are publicly available in the form
of well-known toolboxes like Yalmip [25], SeDuMi [26], and
CVX [27].
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The overall proposed algorithm for obtaining W is sum-
marized in Algorithm 1. Note that, the solution of (17)
returns the sparse vector w with entries of real values in
[0, 1]. Thresholding these values is required in order to de-
termine the active/inactive sensors. Specifically, thresholding
operation is described as:

v — 1
m O

IV. NUMERICAL RESULTS

if W, >~

otherwise. (18)

In this section, we demonstrate the effectiveness of the
proposed approach, when several mmWave sensors have
been deployed in a smart industrial environment, to sense
the presence of human bodies via bearing estimation. To do
s0, low-cost industrial mmWave sensors could be employed,
such as IWR 1443 [28], which can detect human bodies up to
40m with 120° Field of View. We assume that these sensors
transmit their measurements into a central station, where
the processing is performed in order to monitor the human
position for their safety. The overall approach is composed
by two phases, namely training and operational phase, as
shown in Fig. 1. During the training phase, the optimal
selection algorithm is executed, and the subset of active
sensors are determined. During the operational phase, the
obtained subset of active sensors transmit their measurements
to the central station, where bearing estimation is performed.

SENSOR
POSITIONS

—
TRAINING OPTIMAL SUBSET OF
PHASE SELECTION | mmmmmsmmd)  ACTIVE
ALGORITHM SENSORS
——)
TARGET
POSITIONS
SENSOR
POSITIONS
NORMAL BEARING LOCATION
PHASE ESTIMATION | mos) OFTHE
METHOD TARGETS
=

ACTIVE
SENSORS

Fig. 1: Nllustration of the proposed two-phase approach.

For simplicity, let us consider a two-dimensional grid area,
where M sensors can be placed on points denoted by the 2x 1
VECtOr Qyy = [@ 1, 2]t , with m = 1,2,..., M. In Fig.
2, we give an example for M = 32 sensors placed uniformly
on the edges of a rectangular, while in Fig. 3 the case of
randomly placed sensors on an 8 x 8 grid. In both cases,
the target is placed at the position (5, 5). To proceed, let us
assume that one target is located in the specific area, where
its position is unknown and denoted by x = [z, x5], while
dy = ||Xx — @ ||2 denotes the pairwise distance between the
target and the m-th sensor.

During the training phase, the sensor and target positions
are considered known, thus, Algorithm 1 is employed to se-
lect the optimal subset of sensors to activate for the upcoming
operational phase. The output of Algorithm 1 is the diagonal
matrix W with [W], ;, € [0,1] for k =1,2,..., M. In Figs.
4 and 5 we plot the results of Algorithm 1 for the cases

Uniform
o M W T M s e R T M ¥ S TR TS |
6||a7 ||a18
5m 6 X ||a19
4m S ||a20
E
~.la, e 2p
3w = Sensor positions ]
= Active sensors
PR X Target position P
a a
1m 2 - 23
owt w22 GBst LBa0  Lfe B LBy L8 L% L8
0 1 2 3 4 5 6 7 8 9
X (m)
Fig. 2: Uniformly placed sensors.
ag, Random a, a,
8 = T T L
7r IE128 laZ7 laB 4
6“aae a6 - 219
a a
53 g6 N i
£
>4l 2210 227 Q212 g3
3’2 a2t -8
a m  Sensor positions a a a
1 25 29 18
2% = Active sensors " " 1
X Target position
1 I ] ] ) 320 ‘ ag,
1 2 3 4 5 6 7 8

Fig. 3: Randomly placed sensors.

of uniform and random sensor placement. Along with the
outputs of Algorithm 1, we also plot the non-thresholded
values W.

Next, for the operational phase, the selected sensors trans-
mit their measurements to the central processing unit. There,
we obtain the bearing estimation in order to find the location
of the target. For comparison, we also evaluate the bearing
estimation utilizing the measurements from all sensors. To
proceed, let us define the Mean-Square-Error (MSE) of the
bearing estimation as:

MSE = M7 (19)
x|
and the Signal-to-Noise-Ratio (SNR) as:
SNR (20)

= 02 Mdn,

Thus, in Fig. 6 the MSE is plotted versus the SNR for three
cases of the number of sensors M. The proposed technique
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Fig. 4: Subset of selected sensors for uniform placement.
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Fig. 5: Subset of selected sensors for random placement.

exhibits lower MSE as the SNR increases, for all cases of M.
Therefore, it is beneficial to select a subset of active sensors
than capturing measurements from all available sensors for
the considered SNR range. Fig. 7 shows the case of random
sensor placement, where a similar behaviour is observed,
with the proposed technique achieving much lower MSE than
the conventional approach.

Next we evaluate the impact of the number of the available
sensors M to the performance of the proposed approach. To
do so, first during the training phase the subset of sensors is
selected for each case of M, and then during the operational
phase the bearing estimation is performed. In Fig. 8 (left) the
MSE over the number of available sensors M is plotted for
uniform sensor placement, while in Fig. 8 (right) for random
sensor placement. The number on the curve points indicate
the number of the active sensors. It is evident that the number
of available sensors changes the output of the selection
algorithm, note however that in all cases the position of the
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Fig. 6: Performance comparisons during operational phase
over SNR for uniform sensor placement.
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Fig. 7: Performance comparisons during operational phase
over SNR for random sensor placement.

target is at the position (5,5). Thus, the variation on the
MSE over M is due to the different sensors that are being
selected at each case.

V. CONCLUSION

In this paper, we investigated the problem of optimal
sensor selection for the estimation of bearing. To that end,
we considered that the sensors have the capability to measure
the angle of the impinging waves. The problem is formulated
in terms of sparse optimisation and convex optimisation
methods were used. A pseudo-linear problem formulation
was devised, since the angle measurements and the location
adhere to a non-linear model. In the simulation results, two
cases have been examined, namely uniform and random
placement of the sensors on a grid. Algorithm 1, that has
been devised, selected the optimal subset of sensors, which
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Fig. 8: Performance comparisons during operational phase
over the number of available sensors for uniform sensor
placement (left) and random sensor placement (right).

all sensors proposed ‘

are activated to be used in the operational phase. Thereafter,
a comparison between the proposed method and the mea-
surements from all sensors has been undertaken, with the
proposed method exhibiting lower MSE with the increase
of the SNR. Uniform and random placement of sensors
have been evaluated, showing a change in the result of the
selection algorithm and the fact that the target is found to be
in the position of the assumption.
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