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Abstract—The multibeam technique, which enables antenna
arrays to produce several beams or lobes in different directions,
has been proposed to enable integrated sensing and communica-
tion for the upcoming sixth-generation of mobile communication
systems. In this work, while adopting the multibeam technique,
we optimize the power distribution between communication and
sensing beams. Imposing constraints on the communication to
ensure a minimum performance level, we look for the power
control coefficient value that optimizes one of three suitable
objective functions for sensing: the sensing signal-to-interference-
plus-noise ratio, the Cramér-Rao lower bound of the angle-
of-arrival estimator, and the mutual information between the
sensing channel and the echo signals from the targets. We find
that multibeam modeling leads to convex optimization problems,
which are therefore suitable for real-time implementation. Our
scheme manages the inherent trade-off involved in balancing the
power between communication and sensing by using the optimum
power coefficient. The numerical results show an improvement of
the beam shape and the relevant performance metrics compared
with the radiation pattern obtained by previously proposed
multibeam schemes.

Index Terms—joint communication and sensing, multibeam
antenna array, power allocation, communication and sensing
performance metrics.

I. INTRODUCTION

Joint communication and sensing (JCAS) is expected to
become one of the technologies, specifically targeting beyond
communication services, in the upcoming sixth-generation of
mobile communication systems (6G). Together with a cell-
free architecture, it is expected to provide high data rate
communication, while incorporating environment sensing for
many applications such as vehicle tracking, traffic monitoring,
weather prediction and sensing-assisted communication [1].

There are many open research trends in this emerging
field, which demonstrate how challenging it is for designers
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to integrate radar and communication services in a single
system [2]. Regarding beamforming (BF) techniques [3], the
main challenge is that both functionalities have different BF
requirements: for communication, it is important to have a
fixed narrower beam directed towards the users; while for
sensing, it is useful to have a broader varying beam for
scanning the environment while detecting and tracking targets.
An important recent development to tackle the aforemen-
tioned problem is the multibeam technique, which allows for
simultaneous communication and sensing by using a single an-
tenna array with multiple beams or multiple lobes in different
directions [4], [5]. Several array configurations for multibeam
are developed in recent literature, such as analog steerable
arrays [4] and hybrid analog-and-digital structures [6]. Specif-
ically, in [4] — one of the pioneering works in this field
— two multibeam methods, using a single radio frequency
chain, are developed. In the first one, named M1-Zhang by
the authors, the communication and sensing BF vectors are
generated separately and combined using a power distribution
coefficient and a phase shift term. In the second one, named
M2-Zhang, the BF vector is generated in a joint manner. Both
of them use an algorithm called iterative least-squares [7]
to generate the desired beam shape. Some other papers of
the same authors discuss optimum BF design proposing a
series of different optimization methods [8]-[10]. More recent
works in this field employ multibeam in different optimization
problems, for example, in [11], where the BF design relies on
the maximization of the peak sidelobe level, i.e., the difference
between the desired main lobe and the secondary ones. In [12],
where both the BF vectors and waveforms are optimized using
the receiver gain and the Cramér-Rao Lower Bound (CRLB)
of the target distance estimate. In these latter two papers, the
modelling leads to non-convex optimization problems.
Another question that arises is how to properly balance
resources, like power, bandwidth and processing time, between
communication and sensing. To this end, the first task is to
determine a set of metrics to properly quantify the sensing and
communication performances. In [13], signal-to-interference-
plus-noise ratio (SINR) is used to design a multi-static radar
integrated in a cellular network. In [14], probability of de-
tection, CRLB and posterior CRLB are used to quantify the
quality-of-service (QoS) for sensing, localization and tracking.
In [15], the authors have formulated an optimization problem
also based on the SINR for both sensing and communication.
In [16]-[18], the CRLB, and in [19], the mutual information
(MI) between the echo signals from the targets and the sensing
channel are used as metrics for the sensing. More recent works,



like [20] and [21], had developed a novel information-theoretic
metric called capacity-distortion, where this single metric to
characterize communication and sensing performances was
proposed.

In this paper, we extend the works in [4], [S] by using
three of the aforementioned metrics to optimize the power
balance between communication and sensing: SINR, CRLB
and MI. We consider a bi-static sensing with two access points
(AP), where only the transmitter AP communicates with the
user equipment (UE) and sends the sensing signal using the
multibeam technique, the receiver AP receives the echo signals
from the targets. The results show an improvement in the
sensing performance in terms of probability of detection and
in the beam shape when compared to the methods developed
in [4], [8]-[10]. They also show the trade-off between commu-
nication and sensing in terms of the aforementioned metrics
and spectral efficiency. The main contributions of this paper
are:

o We propose three different ways to optimize the power
balance between sensing and communication; these re-
sults are summarized in Eq. (13), (20) and (27). Un-
like [11], [12], we demonstrate that our multibeam
modeling for the transmitter BF leads to three convex
optimization problems that are well suited for real-time
applications due to its simplicity.

e« We compare the above three techniques, which helps
to gain insight into the values obtained for the power
coefficient. We also compare the behavior of the three
metrics when using static and optimized values for the
power coefficient.

In Tab. I we summarize a brief comparison with related works.

II. SYSTEM MODEL

We consider a bi-static scenario with K targets: one trans-
mitter AP with L-element uniform linear array (ULA) for
sensing and communication, and one receiver AP with M-
element ULA just for sensing. We also consider a downlink
communication between the transmitter and a single antenna
user. This scenario is depicted in Fig. 1. The received sensing
signal in [5] can be rewritten more compactly as [6],

y[m] = Hx[m] + n[m] € CM*! (D)

where
x[m] = w - p[m] € CL*? (2)

is the transmitted signal, with w € CL*1 is the precoder and
plm] ~ CN(0,1) as the symbol to be transmitted at time
instant m; also,

n[m] ~ CN(0,0%1,) € CM*1 3)
is the sensing noise vector. The sensing channel matrix is
H = Ay (O)TAL(®) € CM*E, @)
whose composing matrices
Ay (©) = [an(01)--an(0k)] € CM*K, (5)
AL(®) = [ar(d1) - ar(ok)] € CHF (6)

Targets
Tx

N
7
AP $s e @

o |

duE

i,

Fig. 1: System model employed in this paper.

collect the array steering vectors, ap; and ar, for the re-
ceiver and the transmitter; © = {6;,--- ,0k} and & =
{¢1, -+ , 0K}, where 0 and ¢, are the angles of arrival
(AoA) and the angles of departure (AoD) for the k-th target,
respectively; T' = diag(y1,--- ,7vx) is a diagonal matrix
whose elements are the reflection coefficients of the K targets,
such that for the k-th one we have 7, ~ CN(0,03) [15].

The communication signal received at the single antenna
UE [5] is

yug[m] = th[m] + z[m] € C, @)

where
h = yupar (¢ur) € CL*! ¥

is the communication channel vector, ¢y is the angle of de-
parture for the user equipment, yyg is the path loss coefficient
and z[m] ~ CN(0,0%) is the communication noise.

The multibeam precoder is

SL~lar(¢s) + /(1 —6)L—tar(pug) € CEXL (9)

W =

where we assume that the transmitter knows ¢ug, which
is a reasonable assumption since it can be estimated when
receiving the uplink signal from the UE, 6 € (0,1) is the
power control coefficient and ¢, is the sensing angle in the
direction of the cluster of targets. It is important to emphasize
the difference between ¢; and ¢,: the former is the actual
angle of departure for the k-th target, the latter is the central
angle of the sensing beam. This difference is illustrated in
Fig. 1

III. POWER COEFFICIENT OPTIMIZATION

In this section, we consider optimization strategies for
computing the power control coefficient J, based on three
different sensing objective functions: the sensing SINR [22],
the CRLB of the AoA estimator and the MI [16], while subject
to minimum communication SINR constraint.

A. Signal-to-Interference-Plus-Noise Ratio

For the sake of simplicity, we can rewrite Eq. (9) as

w = Vow, +V1— dwug, (10)
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TABLE I: Related works comparison

Publication | Multibeam | Multi-static sensing | Power allocation | Obj. func. comparison
[16] Yes No No Yes
[4] Yes No No No
[6] Yes No No No
[12] Yes No No No
[11] Yes No No No
[14] No No Yes Yes
This paper Yes Yes Yes Yes

where w, = VL lap(¢s) and wyg = VL 'ar(¢ug). The

communication received signal can be written as
yue[m] = v1—6 - hfwygp[m] + V6 - hfw plm] + z[m],

where the first term on the right side of the equation is the
desired communication signal and the second term is the in-
terference from the sensing signal. Hence, the communication
SINR is defined as

_ (1 - (S)‘hHWUE‘2
~ ShHPw 2 oy

SINRyg(9) (11)

In a similar manner, the sensing received signal can be written
as

y[m] = VoHw p[m] + v1 — sHwygp|m] + n[m],

where the first term on the right side of the above equation
is the desired sensing signal and the second term is the inter-
ference from the communication signal. The sensing SINR is
defined as
0| Hw, |2

(1- 5)||HWUEH2 + MU? ’
Using Eq. (12) as objective function and Eq. (11) as constraint,
the optimization problem is

SINR,(6) = (12)

max%mize SINR,(6),
s.t. SINRUE((S) Z /\,
0<d<l. (13)

B. Cramér-Rao Lower Bound

Another metric that can be used to optimizing the power
distribution between sensing and communication is the CRLB
of one of the estimators employed at the receiver AP. The
CRLB of an unbiased vector estimator is a square matrix
whose main diagonal elements are the lower limits for the
variances of the estimation error. Departing from a well-known
CRLB expression, we intend to minimize it under the same
constraint on the communication. In this paper we use the
CRLB for the AoA estimator, which is defined as [23]

CRLB(0) = F ! ¢ REXK
where F is the so-called Fisher information matrix which, for
our system model, is given by [24]
laN]-1

S Re{s"[m|D"(©)D(©)S[n]},

n=0

F=—

2
05

(14)
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where N is the number of slots in a frame that corresponds to
a coherence block, « is the proportion of this frame in which
the sensing beam points to one fixed direction, and

B 33M(¢)> <3aM(¢)> MxK

DO) = | —= e = C

© [( oy P=01 O PY=0k - ’
(15)

S[m] = diag {TA¥wp[m]} € CK¥*™. (16)

These expressions for the CRLB are demonstrated in Ap-
pendix A. We can minimize the CRLB trace subject to the
same constraint imposed in the previous problem, but it is
more computationally efficient to avoid the matrix inversion.
Let us first develop Eq. (16) using the definition of w in
Eq. (9), in order to see more clearly the dependence on 6.
We have

S[m] = (SeVAL=T + Supy/(1 =)L) plm],  (17)

where S, diag (TA¥ar(¢;)) and Sug
diag (TA¥ar(¢ur)). Replacing S[m] in F, and after
some algebraic manipulation, we have

F = A6+ Ax/0(1—0) + As(1 —5),

where A, A and A3 are matrix constants that do not depend
on 4. If we take the Frobenius norm of F and use the triangle
inequality, we can write

[F[[r = [|A10 + Azy/6(1 —0) + As(1 —0)l|lr

< A1llrd + [[Azlp V(1 = 0) + [[Asllr(1 - 9),
= [[F[7(5). (19)

(18)

This last expression gives the maximum value for the Frobe-
nius norm of F. If we maximize this upper limit, we end
up maximizing ||F||r, which, as a consequence, results in
minimizing the norm of the CRLB. Therefore, using Eq. (19)
as objective function and the same set of constraints as in
Eq. (13), the optimization problem remains

max%mize IF (|7 (8)
s.t. SINRyg(d) > A,
0<d<l1. (20)

C. Mutual Information

One final alternative for the sensing metric is the mutual
information between the sensing channel and the echo sig-



TABLE II: Simulation parameters for Figs. 2 - 3.

Parameters Value

Number of targets K 5

Number of Tx antennas L 16

Number of Rx antennas M 16

Number of slots in a frame N 160

Sensing noise variance o2 0 dBW

Communication beam direction ¢yg 99¢

Sensing beam direction ¢ 83°

Angles of departure for the targets ® | {79° 81° 83° 85° 87°}
Angles of arrival © {60° 80° 100° 120° 140°}

nals [16]. If we collect the sensing signal samples in a frame,
Eq. (1) can be written as

Y = HX(4) + N, 21

where the echo signal and the sensing noise are
Y = [y[0] - y[laN] - 1] e CMxleM o 22)
N = [n[0]---n[|aN]| —1]] e CM*LaNI— (23)

and the transmitted signal is

X(8) =w(8)-p" = w-[p[0] --- p[laN] —1]] € CF¥ LM,

(24)
where we recall the dependency of w on §. The MI between
the channel and the received sensing signal is defined as [19]

I(H; Y[X) = H(Y|X) - H(N), (25)

where H () is the differential entropy of a random variable.

For our particular model, it can be demonstrated to be given
by

1(8) = M log, {det [0, °X(8)" S X (6)* + Ijan] } .

(26)
where X is the spatial correlation matrix of the channel,
ie, Xy = E{fHYH}. We want to maximize MI in order to
obtain as much information about the channel from the echo
signals as possible. Hence, using I(J) as objective function
and the same set of constraints of the previous problems, the
MI optimization is

max%mize 1(0)
s.t. SINRug(d) > A,
0<d<l1. 27)

IV. NUMERICAL RESULTS

The simulation parameters considered in this first set of
experiments, which comprises Fig. 2 - 3, are: the number
of targets to scan is K = 5; the sensing noise variance is
02 = 0dBW; the sensing angles of departure are spread
around ¢, 83°, and the communication angle of de-
parture is ¢ug 99°; the angles of arrival are ©
{60°,80°,100°,120°,140°}. These parameters are summa-
rized in Tab. IL.

In Figs. 2a - 2¢, we show how the three objective functions
depend on the communication noise variance 0. We intend
to compare their behavior for the optimum value of §, which
changes for each O'%E, and for some static values. For static 4,
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Fig. 2: (a) Sensing SINR, (b) CRLB and (c) MI versus
communication noise variance (03 p).

the functions are unchangeable because the same transmitting power on the sensing beam is kept. Hence, we notice that

64



-@- SE opt
SE static (6 = 0.5)
A—-—-‘.___‘____‘ —Ak- SE static (6 = 0.6)
6 T4 - -4 - SE static (6 = 0.7)
£ s
————— ~
< -4 -0——_‘___’ A
o S~< N
e *\ \\
> 51 ‘\‘ 'y
g ~
c ~ N
g DN
=l Q\ \
% N
T 44 A AN
i} ‘\ N
o} \
& o——-0———o———o———o———o———o———o———o——‘v«‘e\——o
N
LY
3 SO\
A
k)
T T T T
1073 1072 107t 10°

Communication noise variance ULZ,E (dBW)

Fig. 3: Spectral efficiency versus communication noise vari-
ance (0p).

1.0
0.9 A

@ 0.8 1

c

o

o=

:')3 0.7 1

J9

a

5 0.6

z —e— SINR Opt

el 054 —— CRLB Opt

§ : —— MI Opt

o -M- M1-Zhang 6=0.2
0.4 1 —¢— M2-Zhang 6 =0.2

-m- M1l-Zhang 6=0.5

0.3 1 —— M2-Zhang 6 =0.5

T T T T T T T T T
-30.0 -27.5 -25.0 -225 -20.0 -17.5 -15.0 -12.5 -10.0
RCS variance (dB)

Fig. 4: Probability of detection versus radar cross-section
(RCS) variance.

this static scheme is advantageous only for high levels of
communication noise. However, it comes at the expense of
communication performance, as we can see in Fig. 3, where
the decrease in spectral efficiency is clear as ody increases.
On the other hand, when power optimization is employed,
it is possible to manage power towards the communication
beam as the communication noise increases, keeping the
communication performance at a minimum accepted level, as
we also can see in Fig. 3, where the spectral efficiency is kept
constant independent of the noise power.

We also performed a second set of experiments with the
following simulation parameters: we assume a single target
scenario, i.e., the number of targets to scan is K = 1; the
sensing noise variance is 02 = 0 dBW; the sensing angle of
departure is ¢s = —24.4°, and the communication angle of
departure is ¢pyg = 0°; the angle of arrival is § = 45°. These
parameters are summarized in Tab. III.

In Fig. 4, we show the probability of detection (FP;) of
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Fig. 5: Radiation pattern of the transmitter antenna.

TABLE III: Simulation parameters for Figs. 4 and 5

Parameters Value
Number of targets K 1

Number of Tx and Rx antennas L 16
Number of Rx antennas M 16
Number of slots in a frame N 160
Communication noise variance O'%E —10 dBW
Sensing noise variance o2 0 dBW
Communication beam direction ¢pyg | 0°

Sensing beam direction ¢g —24.4°
Angle of arrival 6 45°

a single target as its RCS variance varies from -30 to -10
dB. We use M1-Zhang and M2-Zhang as benchmarks for
comparison. The RCS is a parameter that quantifies how hard
is to detect the target: the smaller its variance is, the harder
is to detect it. We performed a Monte Carlo simulation, with
1000 iterations, where 160 known symbols are transmitted by
one AP and received by the other, in bi-static sensing scenario
depicted earlier. When the receiver detects the echo signal, it
performs a simple binary hypothesis test to decide about the
target’s presence. In order to determine the threshold to be
employed, we set the probability of false alarm Pp4 = 0.1.
In each iteration, we calculate, for the proposed method, the
optimum value of the power coefficient 4, whereas for Zhang’s
methods we used ¢ € {0.2, 0.5}, which are typical values for
6 used in [4], [5]. First of all, the results show that we obtain
an identical performance for the three objective functions.
Hence, in terms of sensing performance, we are free to employ
the optimization problem that leads to least computational
complexity. Considering only the calculations for the three
objective functions, we conclude that the sensing SINR and
the MI are better choices than the CRLB, once the latter needs
AoA information, which implies using some algorithm, such
as multiple signal classification (MUSIC) [25] or estimation of
signal parameters via rotational invariance (ESPRIT) [26], that
increases computational complexity. For the former two, we
only need sensing channel estimation, which can be performed
transmitting pilot symbols in an upload link. This result
also shows is that the proposed methods improve P; when



compared to M1-Zhang and M2-Zhang for all RCS variance
values, while keeping the communication performance at a
minimum desired level.

The last result, shown in Fig. 5, is the radiation pattern for
the transmitter antenna. We also compare the beam pattern
obtained with the multibeam method presented in this paper
with the ones obtained with M1-Zhang and M2-Zhang. As we
can see, our method achieves higher power at the desired di-
rections, at the expense of presenting higher sidelobes between
both of them. On the other hand, as the angle grows further
from the UE and the targets directions, the sidelobes become
smaller for our method, which demonstrates that it tends to
concentrate the power in the specified directions.

V. CONCLUSION

In this work, we developed three strategies to optimize the
power allocation between communication and sensing in a
bi-static JCAS system, each one based on a different metric
for the sensing: SINR, CRLB of the AoA estimator and the
MI between the sensing channel and the echo signals at the
receiver. We used an appropriate multibeam scheme for the
precoder vector that included a scalar coefficient controlling
the power balance.

The numerical results show that the three strategies converge
to same optimum value for the power coefficient. They also
show the trade-off between communication and sensing when
using the optimum value of the power coefficient and some
static values: the optimum value for & maintains a desired
communication performance in the expense of the sensing at
higher noise levels, while with static § is the opposite.

Finally, we compared the radiation pattern obtained with the
proposed multibeam scheme with the ones presented in [4]. We
concluded that our method tends to produce a more efficient
power distribution between the directions, concentrating it the
communication and sensing beams, and reducing it otherwise.

For future works, we intend to analyse other metrics for
sensing, as, for example, the capacity-distortion function de-
veloped in [27], and compare it with the ones presented in this
paper. We also intend to upgrade the system model’s complex-
ity including an orthogonal frequency division multiplexing
(OFDM) model for the transmitted signal and also considering
moving targets.

APPENDIX A
PROOF FOR CRLB

Our demonstration follows the one in [28]. First of all, we
rewrite (4) as
y[n] = An(O)s[n] + n[n],

where

s[n] = TAL(®)wn]pln]

is the signal arriving at the receiver antenna array. We define

y= {Y[O]v 7yHO‘NJ - 1]}7
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the set of all received signal samples in a frame. Considering
we know s[n] at the receiver, we can write the maximum
likelihood (ML) probability density function as

laN]|—1
p(V|©) = H p(y

\_aNJ 1 1

I c-exo {Ugny[n] - AuslallP}.

n=0 S

laN]—-1
_ C[aNJ . o _A 2
)= 2 lvbnl = Awslall” .
where

C =71 Mdet(c?Ty).
The log-likelihood function is

|laN]-1
1
[aNJlogC = — > |ly[n] — Ans[n]|*

S n=0

logp(Y|©) =

Developing the right hand side of the previous equation and
taking the derivative in relation to 6;, we have

Ye) =

laN]|—1 { 9

Z Re BT

n=0

0
00;
2

o2
S

*
7

[ AL (©)y[n] = s

1
s ia Ol - glaw©siall?] |
whose derivatives of the individual terms are

9,° o

A (©)sln? =

B0, | M =

H
Ay (©)sn]
5), Aol 1}

and s;[n] is the i-th element of s[n]. Replacing these results

9 danr(v)\ "
s ol (2200)
P=0;
— 9Re {5; [n] (&aM(w)
in the derivative of the log-likelihood, we have

laN]—-1

dan(¥)\ "
D ogpO) =2 Y Re { l( nfr] §
89 S n=0 61/} =0,
for i = 1,---, K. The collection of all the K derivatives in

a vector is the gradient of the log-likelihood, which can be
compactly written as

laN|-1

= Y Re{s”[nD"(®

n=0

Ve logp(Y|0©) =

)n[n]}.

S

The Fisher information matrix is defined as
F =E{Vologp(Y|©) - V§ logp(Y|©)},

which, replacing in the above expression the result for the
gradient of the log-likelihood function, can be written as

laN]—1|aN]-1

Z Z E {Re(z[ [n])},



where

z[n] = S7 [n]D (©)n[n)].

The above expectation can be developed as

E {Re(z[n])Re(z"[n]) }

2 2
= %E {z[n]zH[n]} ,

- %ESH[n]DH(@)D(@)S[”]a

where we have implicitly assumed, as in [28], that
E{z[n]z"[n]} = 0. Finally, we obtain
9 laN]|—1 -1
CRLB(6) = { — > s”nD"(©)D(0)S[n]
S n=0
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