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Abstract—We consider an integrated sensing and communica-
tion (ISAC) system in which a base station (BS) communicates with
several users with the help of a reconfigurable intelligent surface
(RIS), sensing targets at the same time. We design a power-efficient
ISAC scheme that limits communication and sensing power by
maintaining a minimum required signal-to-interference-and-noise
ratio (SINR) at the communication user and a minimum required
received sensing SINR. The sensing signal is implemented by
minimizing the difference between the beampattern of the ISAC
signal and the desired beampattern. Unlike the existing state-of-
the-art power-efficient ISAC waveforms, the communication signal
is also included in the design of the sensing signal to limit its impact
on sensing performance. We obtain the communication signal by
designing a precoder, that meets the minimum SINR constraint
with minimum power, jointly with the passive beamforming at the
RIS. To this end, we propose two separate algorithms, viz., one
based on alternating optimization, which alternately optimizes
passive beamforming and transmit precoder, and the second one
based on manifold optimization in which we optimize passive
beamforming first, followed by the optimization of the transmit
precoder. A low-complexity algorithm based on the first-order
optimization condition is employed to produce a sensing signal,
which is later projected onto the null space of the communication
channel to nullify its effect on the communication performance.
The power of the dedicated sensing signal is adjusted to meet the
individual sensing SINR constraints at the receiver, which helps
reduce the total transmit power. Simulations demonstrate that
the proposed algorithms achieve improved communication and
sensing performance, with up to a 2 dB reduction in transmit
communication power and up to a 4 dB reduction in normalized
beampattern along angles outside the target location, compared
to the existing state-of-the-art solution.

Index Terms—Integrated sensing and communication (ISAC),
power-efficient, waveform design, reconfigurable intelligent surface
(RIS).

I. INTRODUCTION

Future wireless communication technologies conceive of
incorporating communication and radar sensing into a single
system known as Integrated Sensing and Communication
(ISAC). ISAC allows the sharing of spectrum, hardware, and
signal processing resources between the communication and
sensing applications, lowering implementation costs while
promoting spectrum and energy efficiency. The simplest way
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to make ISAC realizable is by making radar sensing and com-
munication use the same spectrum by opportunistic spectrum
sharing [1], [2] or transmitting in different time instants [3].
These approaches, while innocuous, do not make use of the
available resources in an efficient way. The techniques in [4]-
[7] use null space projection to allow radar and communication
systems to coexist while sharing the same spectrum and time
resources.

Depending on whether we prioritize sensing or communica-
tion in design, the ISAC waveform design can be categorized
as sensing-centric design or communication-centric design
[8]. On the other hand, the joint design approach prioritizes
communication and sensing by developing a waveform that
meets both communication and sensing performance targets.
The sensing-centric design uses the radar waveform with
communication data embedded on the radar signal [8], [9].
In contrast, the communication-centric design employs the
conventional communication waveform for radar sensing [8].
The various techniques used to encode communication data onto
the radar signal are pulse interval modulation [10], controlling
radar spatial side-lobes [11], [12], index modulation [13]-[15],
phase shift keying (PSK) [16]-[18], spatial modulation [19]
and carrier frequency modulation [20]. [21] introduces Orthog-
onal Frequency Division Multiplexing (OFDM), designed for
simultaneous radar sensing and communication operations, and
derives system parameterization for operation at 24 GHz that
fulfills both requirements. In [22], design approaches based on
classical phase-coded waveforms are proposed for simultaneous
data transmission and radar sensing using OFDM.

The joint design route involves applying optimization
methods to solve the problem that encapsulates sensing
and communication performance [23], [24]. In [23], the
communication beamformer is computed making sure that
the obtained beampattern matches the sensing beampattern
that meets communication performance requirements in a
separated deployment of sensing and communication antennas.
In contrast, the sensing beampattern is designed to meet
communication SINR requirements for shared deployment of
sensing and communication antennas in [23]. [24] proposes low
complexity algorithms to design a waveform by performing
weighted optimizations for a tradeoff between sensing and
communication performance. Liu et al. [9] pose ISAC wave-
form design as a problem of optimizing communication and
radar transmit precoding with the MIMO radar beampattern
as performance metric, while satisfying SINR constraints at
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each communication user. Cramér-Rao Lower Bound (CRLB)
constrained to meet SINR at each communication user is
used as an objective function to design the waveform in
[8]. He et al. [25] propose to compute the communication
precoder and sensing signal by maximizing communication
energy efficiency of the system while guaranteeing the sensing
performance in terms of radar illumination along individual
target direction. In [26], waveform with tunable peak-to-average
power ratio (PAPR) is designed by formulating a non-convex
optimization problem that minimizes multi-user interference for
communication, while enforcing similarity to a specified radar
chirp signal. An RIS-aided bistatic ISAC system is proposed
in [27] that optimizes RIS phase shifts, transmit covariance,
and analog beamforming at the passive receiver to minimize
interference from direct and indirect paths, thereby reducing
the dynamic range at the sensing unit while maintaining
communication and sensing performance.

In [28], a waveform is designed for a full duplex ISAC
system in which communication downlink and uplink are
happening simultaneously, along with the sensing of a target.
The downlink ISAC transmit signal is jointly computed with
uplink receive beamformers at the BS and the transmit power at
the uplink users, with the objectives to minimize transmit power
and maximize sum rate. Two sensing criteria, matching of the
ISAC waveform beampattern with the desired beampattern and
the maximization of the minimum weighted ISAC waveform
beampattern gain, are adopted in [29] to optimize sensing
performance while guaranteeing SINR requirements at the
communication users. The authors consider two types of
communication receivers in [29], which have and do not
have the capability of canceling the interference from the
a-priori known dedicated radar signals. Chen et al. [30]
propose two waveforms for an RIS-aided ISAC, both of
which use minimization of sensing beampattern matching error
as the sensing performance criterion. As for communication
performance, the maximization of weighted communication
sum rate and the minimization of communication power
with assured SINR performance for communication users
are employed as optimization criteria. Yiu et al. emphasize
robustness and security, synchronization issues, or movable-
antenna-enabled airborne ISAC beamforming in [31]-[33].
Authors of [31] propose a robust optimization framework for
an RIS-assisted autonomous aerial vehicle (AAV) ISAC system
that jointly optimizes the AAV trajectory, RIS, and beam-
forming to maximize secrecy rate for communications while
satisfying sensing constraints under imperfect eavesdropper’s
channel information. In [32], a movable-antenna-enabled ISAC
system is presented for low-altitude vehicle system that jointly
optimizes antenna positioning and beamforming to maximize
communication SNR while satisfying sensing SNR constraint.
Yiu et al. [33] propose a movable antenna-aided cooperative
ISAC system that jointly accounts for time synchronization
and channel state information (CSI) errors, optimizing antenna
position, beamforming, and base station (BS) selection factor
via constrained deep reinforcement learning to minimize
power while maintaining robust communication and sensing

performance.

The ISAC waveform in [24] is designed by minimizing
the interference at the communication user, but not SINR,
which dictates the communication performance. The sensing
signal in [23] cannot realize the maximum possible value of
its degree of freedom when the number of users is smaller
than the number of antennas [9]. The solutions proposed in
[9], [23]-[25], [28]-[30] compute the rank-1 approximation of
a full-rank Hermitian matrix to evaluate the ISAC waveform,
which leads to degradation in performance. Moreover, the
optimization criteria used in [9], [30] to compute the dedicated
sensing signal do not include the communication signal, which
effectively neglects the impact of the communication signal
on sensing performance. In this paper, we optimize both the
transmit communication precoding and dedicated sensing signal
that form the ISAC waveform similar to [9], [25], [28]-[30].
The jointly optimized dedicated communication and sensing
waveforms allow the sensing waveform to attain the maximum
degree of freedom, equal to the number of antennas [9], [29].
We consider power-efficient communication aided by RIS to
design individual communication signal, like [30].

This paper focuses on power-efficient, RIS-assisted wave-
form design using null-space projection and tunable sensing
power. The RIS provides passive beamforming gain to achieve
the required level of communication performance for each
user with lower communication power compared to the case
with no RIS, thus minimizing the effect of communication on
sensing. In the absence of a direct channel between the BS
and the communication user, the power needed to maintain
a particular communication SINR level is still high. The
sensing signal in [30] is designed without considering the
precoded communication signal. However, the echo of the
ISAC signal reflected off the target also consists of the reflected
communication signal, which can interfere with the sensing
signal and negatively impact sensing performance. As opposed
to the route taken in [30], we include the communication signal
in the design of the sensing signal as we aim to match the
beampattern of the ISAC signal, not only the dedicated sensing
signal, with the desired beampattern. This approach ensures that
the communication signal power has a limited effect on sensing
performance. Moreover, the ISAC signal in [30] utilizes the
whole of the available transmit power. In contrast, the power
of the sensing signal can be adjusted according to the required
sensing SINR in our design, making it more efficient in terms
of power utilization. The sensing signal is projected onto the
null space of the communication channel to cancel its effect
on the communication performance. This approach allows us
to separate the problem of designing an ISAC waveform into
two subproblems, a designing the communication precoder
along with passive beamforming, and b the sensing signal. Our
contributions can be summarized as follows.

(1) To determine the communication signal, we propose an al-
ternating optimization-based solution that jointly optimizes
the transmit precoder and the passive beamforming at the
RIS to minimize communication power while guaranteeing
a required communication SINR for each user.



(i) We also propose a low-complexity, two-stage solution
to determine the communication signal by minimizing
the weighted sum of channel gains to compute passive
beamforming, while minimizing the sum of lower limits
of power to the individual users to evaluate transmit
precoding.

(iii)) We design the sensing signal by matching the beampattern
of the ISAC signal with the desired beampattern, which
is subsequently projected onto the null space of the
communication channel. The power of the sensing signal
is adjusted to fulfill the required sensing SINR at the
receiver, which helps efficiently utilize the transmit power
available. The proposed low complexity algorithm avoids
the need to compute rank-1 approximation from the
sensing covariance matrix, unlike [9], [23]-[25], [28]-[30].

The paper’s novelty lies in designing the sensing signal
with adjustable power to achieve the sensing SINR
target, while integrating the communication signal into
the sensing design to match the ISAC beampattern. This
approach ensures that the communication signal’s power
minimally impacts sensing performance and the power is
used efficiently.

A. Notations

X represents a vector, whereas X represents a matrix; x;
represents the i element of x; x; ; represents the (i, j)th
element of X; x;, is the k*" column of X; ||x|| is the £2-norm
of x; [|X|| is the Frobenius norm of X; Tr [X] is the trace
of X; exp (X) is a matrix whose (i,7)!" entry is exp (z; ;),
where exp (.) is the exponential operator; X!, X and X*
are the inverse, pseudoinverse and Hermitian transpose of X
respectively; ® is the Hadamard product of two matrices;
diag (X) is a column vector containing the diagonal elements
of X; DIAG (a1,...,a,) is an n X n diagonal matrix with
ai,...,a, as the diagonal elements; DIAG (x) is a diagonal
matrix with the elements of vector x as its diagonal elements;
BLKDIAG(A;,Ao,...,A,) is a block-diagonal matrix in
which A1, Ao, ..., A, form the diagonal; rank (X) is the
rank of X; Iy is an N x N identity matrix; R denotes the
set of positive real numbers; R (-) represents the real part
of the argument; E[.] is the expectation operator; ~ means
‘has the probability distribution of’; £ means ‘is defined as’;
N (1, 0?%) represents complex Gaussian variable with mean
w and variance 02; CA'(p, C) represents complex Gaussian
vector with mean p and covariance matrix C.

II. SYSTEM MODEL

We consider an RIS-assisted ISAC system as shown in Fig.

1. The base station (BS), which serves the dual functions of
communication and sensing, is equipped with NV; transmit
antennas and [V, receive antennas to transmit the ISAC signal
and receive its echoes for sensing, respectively. The BS serves
K single-antenna communication user equipment (UEs) and
sends radar probing signals to @) targets. We assume that
N, > N; > K, which guarantees feasible precoding design

and avoids the loss of information from sensed targets [8].
We consider an RIS having M elements deployed near the
communication users to enhance communication.

Let x € CN+*1 be the narrowband transmit downlink ISAC
signal so that the received signal at K communication users is

ye=Hx+n, ey

where H = [h{ hi, ... h%] " is the communication channel
from the BS to the users and n. € CEX*1 i the additive white
Gaussian noise (AWGN) such that n, ~ CA (0, 0’1 K). The
channel hy from BS to the k" user is devoid of the direct
channel and composed of the composite BS-RIS-user channel,

h; = hr  PHpg,

Vk=1,2,... K, )

where hg ; € C'*M is the channel from the RIS to the k*"
user, ® = diag (¢1, ¢o,...,0n) and Hpr € CM*Ne is the
channel from the BS to the RIS. The transmit signal x is
composed of a precoded communication signal and a dedicated
radar probing signal as

x = Fs. +s,,

€)

where F € CV+*¥X s the communication precoding matrix,
S. € CK*1 are the communication data streams and s, €
CNex1 is the dedicated sensing probing signal respectively.
Even though the same ISAC signal x is used for both
communication and sensing, we will refer to F's, as the
communication signal and s, as the sensing signal throughout
the paper. The sample covariance matrix of the ISAC waveform
x is

R, = (Fs. +s,)(Fs. +s,)? =FFf +R,, (4

where R, £ s,.siH . We make assumptions that the communi-
cation and sensing signals are statistically uncorrelated, i.e.,
E [scsfl] = 0 and E [srsf] = 0, the sample covariance
matrices of communication and sensing probing signals are
equal to their statistical counterparts, and E [s.s| = 1. We
assume that the user channels are uncorrelated. Since we aim to
minimize communication power with the aid of an RIS which
eases the burden on precoder F, we assume \LFSCH2 < |lselI?
and hence ||x||> ~ ||s,||* and |z.,|* ~ % = |s,, |- That
is, most of the transmitted signal power is contributed by the
sensing signal. However, this assumption might not hold true
when dealing with moderate sensing SINR targets, correlated
user channels, or imperfect RIS control. The echo signal
reflected from the ¢! sensing target at the receiver of BS
is

Y, = Vb0 al) x+n, ¥g=12....Q (5

where 6, is the location of the ¢'" target in terms of azimuth
angle relative to the BS, 7, is the radar cross section of the q"
target, and n_ € CNrx1 ig the additive white Gaussian noise,
ie,n, ~CN(0,62Iy,). b(0) € CN-*! and a () € CNe>?
are the receive and the transmit steering vectors respectively.
The reflection coefficient of the ¢'" target, o, x Vg
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Fig. 1: RIS-aided integrated sensing and communication (ISAC)

The signal-to-interference-plus-noise ratio (SINR) at the k"
communication receiver is given by

hy.f |?
SINRy, = — [ Vk=1,2,...,K. (6)
> [hefi” + [hys,|* + 02
=

The power of the sensing probing signal is P, = [|s,||*, and
the power of the communication signal is given by

P.=E[Tr (FssPF?)] = Tx [FFH] ©)

thus making the total transmit power P, = ||x||* = P. + P,.

III. PROBLEM FORMULATION

Our goal is to utilize transmit power to enhance ISAC
performance efficiently. We seek to minimize both the transmit
power of the communication signal and the difference between
the ideal and actual beampattern of the ISAC signal. While
we attempt to minimize transmit communication power, the
minimum SINR must be maintained at each UE to ensure
acceptable spectral efficiency, and the total transmit power
cannot exceed a certain power level Pr, known as the maximum
total transmit power. Since the communication power is
minimized, most of the transmit power is available for the
sensing signal, which allows us to maintain the required sensing
SINR at the receiver. However, we can save additional transmit
power by tuning the power of the dedicated sensing signal to
meet only the required sensing SINR at the receiver.

A. Sensing performance

The dedicated sensing probe signal s, is determined by
minimizing the difference between the ideal and the actual
beampatterns of the ISAC signal. The beampattern in the far-
field at 6 € [—90°, 90°] is given by

®)

The objective function for the beampattern design problem can
be formulated as [34], [35]

B(0) = (a(e)Hx

€))

n=1

where {0,,}_, are the discrete angles obtained by dividing
the interval [—90°, 90°] into N sub-intervals and d,, is the
desired beampattern at § = 6,,. To counter the intractability
of the objective function in (9) because of the |.| operator,
the authors in [34] introduce phase variable ¢,, to make the
problem tractable. The optimization problem (9) is reformulated
as an optimization problem over w,, and s, as

min
X,Wn

N 2
j H

3 ‘dne“" —a)"x (10)

n=1

It is preferable for the waveform transmitted from each

antenna for target probing to have a constant modulus,
2

ie|rm|” = % The optimization problem for determining

the sensing signal can be written as

min ||d Ax|? (11a)
st sy, | = PTT:PC, m=1,2---,N;, (11b)
where
dy a(@l)Z
d= d:2 and A = a(eé)
dx a(on)"



s, is constrained to have constant modulus. For the time
being, we consider s, uses all the available power for sensing,
i.e., P. = Pr — P., where Pr is the total power constraint. If
the reflection coefficients or RCS of the sensing targets are
known, we can adjust P, by making sure the sensing SINR
of each target at the receiver meets the minimum required
sensing SINR, as shown in Section VI-C.

B. Communication performance

For each user k the numerator of the SINR, |h;€fk\2 <
|hksr\2. We ensure |hksr|2 = 0 by making sure s, lies in the
null space of channel H, which helps in achieving the same
SINR with much smaller communication power. As a result,
the SINR for the k" user reduces to

hy. £ |?
SINR;, = — [ i | Vk=1,2,....K. (12)
Y [hefif” + o2
=k

The optimization problem of minimizing communication
power can be described as

min  Tr [FFY] (13a)
hy. £, |2
st — [ i | >5,Vk=1,...,K  (13b)
> [hefi” + o2
i=1,i#k

where ~, is the minimum SINR requirement for the user k.
Without loss of generality, it is assumed that the communication
power Tr [FF*] required to achieve the given SINR is much
smaller than Pp, the maximum total transmit power.

We observe that the communication performance is not
dependent on the sensing signal; however, the sensing perfor-
mance is dependent on the communication signal. Thus, we
determine the communication signal first, which depends on the
computation of transmit precoding F' and passive beamforming
® at the RIS. After determining the communication signal, we
optimize sensing performance to compute the sensing signal,
keeping the communication signal constant.

IV. ALTERNATING OPTIMIZATION BASED SOLUTION FOR
COMMUNICATION SIGNAL
A. Minimum power precoding solution

The problem (13) can be translated into a second-order cone
programming (SOCP) [36] as

min & (14a)
F
1
sty [1+ —hyf > H [h’“F} ,Vk=1,...,K, (14b)
Ve Oc
K
> Il < 5, (14c)
k=1

which can be easily solved using cvx [37]. The channel H,

however, is dependent on ®, which is unknown to solve
problem (14). Thus, we can initialize ® with a random but
valid value and solve (14) for F. In the next step, we solve
for @ using the obtained value of F. We solve for F' and ®
alternately until convergence.

B. Passive Beamforming Solution

The objective value in (14a) is not dependent on ®, and
only the constraint (14b) is dependent on ®. We may choose
any & that satisfies constraint (14b), which would reduce it to
the feasibility-check problem.

However, we seize this opportunity to leverage the passive
beamforming furnished by the RIS to enhance the communica-
tion performance. We define an objective function that seeks
to maximize the minimum SINR for all users and optimize the
passive beamforming or the RIS phase-shift matrix ®,

max v (15a)
Tr[HIR,HLR
st — r[H Ry H Ry >u Vk=1,... K,
Z TI‘[IjIkHR¢IjIkRF7i] + O'g
i=1,i%k

(15b)

diag (Ry) =1, (15¢)

R, = 0, (15d)
rank (Ry) = 1, (15e)

where ﬁk £ diag(thk)HBR, RF,k e f}cflfl and R¢ £ d)d)H
The term on the left-hand side of (15b) represents the SINR
for the k*" user. We relax the non-convex rank-1 constraint
and reformulate the problem as a semidefinite programming
problem (SDP),

md&)xx v (16a)

s.t. Tr[ﬁ£R¢IjIkRF7k] 2
K
v > THEIRHERp+02|, VE=1,... K,
i=1,i#k

(16b)

diag (Ry) =1, (16¢)

R, - 0, (16d)

By relaxing the rank-1 constraint on R4, we make the
optimization problem convex. If the solution to the SDP has
rank one, the relaxation is tight, and the solution is also optimal
for the original problem. However, when the SDP returns a
solution of rank greater than one, we need to approximate
a rank-1 solution from the SDP solution, thus making the
relaxation-based solution suboptimal. The optimization problem
(16) is quasi-convex because for any value of v, the feasible
set in (16) is convex. We can combine the bisection search
algorithm with the feasibility-check problem to solve the
problem (16). We determine the maximum feasible value of
v within an interval by using the bisection search algorithm.



Algorithm 1 Alternating Optimization Based Algorithm

Require: hr ;,Hpgr,v,,0c.
1: Initialize ®(©) = diag (exp (jab)), where 1 is N;-length

column vector and v,, ¢ = 1,..., N; are random phase
angles, and set k = 1.
2: repeat
3: Solve problem (14) for F using cvx.
Compute ﬁk = diag(hpL,k)HBR, RF,k = fkf]f Vk =
1,2,..., K.
5: Solve problem (16) for Ry = ¢t . Compute ¢ from
Ry.
k+k+1

7. until convergence, i.e., F(’“)Hi - HF(k_l)HgF < €101,
small positive value or k > iter,,q,, Where iter,,q. is the
maximum of number of iterations.

8: Compute s, by solving problem (11) using Algorithm

9: return F, ® and s,.

The feasibility problem to determine the feasibility of a value
of v can be written as

Find ¢
(16b), (16¢), (16d).

a7

s.t.

The feasibility problem (17) with SINR constraints to determine
¢ is first solved for R, which is a semidefinite programming
(SDP) problem that can be solved using cvx, following the
procedure summarized in Algorithm 2. We can approximate ¢
from the obtained R, either using a Gaussian randomization

or the dominant singular value decomposition (SVD) vector.

In this paper, we obtain the dominant SVD vector of Ry
and normalize its each element to unit amplitude so that the
diagonal constraint is satisfied to recover ¢ from Ry.

Algorithm 2 Passive Beamforming Algorithm

Require: Hy, Ry, 0., v, V

1: Set Vpn, = min (7).

2: repeat

3 V= (Vmin + Vmaz) /2

4 Solve problem (17). If the problem is feasible for v, set
Vmin = V and ijl = Ry where Ry is the solution
of (17). Otherwise, set V,,qz = V.

5: until convergence, i.e., Vipaz — Vmin < €tol, & CONVergence

threshold.
6: return R5 as solution.

max *

V. TWO-STAGE LOW COMPLEXITY SOLUTION FOR
COMMUNICATION SIGNAL

The solution based on alternating optimization in Section IV
is cumbersome and computationally complex because of both
the alternating optimization and multiple executions of the
feasibility-check algorithm, especially for the system with large
arrays of transmit antennas and/or RIS. In this section, we
propose a low complexity algorithm where we first fix RIS

phase-shifts and then determine the minimum power precoding
solution.

A. Manifold optimization-based passive beamforming solution

We use the asymptotic beamforming property to develop
an optimization problem for RIS phase-shifts. Zero-forcing
(ZF) precoder is asymptotically optimal at high signal-to-noise
ratio (SNR) regime where the system is interference-limited
[38]-[40]. Considering the ZF precoder at the transmitter, we
aim to frame an optimization problem for RIS phase-shifts.
The ZF precoder is computed as

_ 1 1
F,. — (HHY)'H'P: —HIP’ (18)

ZF’

where P, is the power allocation matrix, and P,, =
diag (7,02,7,02,...,7,02) to satisfy individual SINR con-
straints. Since we are trying to minimize power, the objective
function for determining RIS phase-shifts ¢ = diag (®) is

min T [F,, Y| = Tr (mp)’| a9
Using the results from Appendix A, we can write
T [(HE P H)' - 2
- >
[( o+ H) } T Tr[(HYP,IH)]’ 20

where r = rank (HH P;; H) In order to develop a low
complexity solution, we choose to minimize the lower limit of
the objective function in (20), similar to the approach taken in
[41],

max  Tr [H"P ! H] (21a)

s.t. |m| =1,

The objective function (21a) can be expressed as
Tr [H'P ! H]

1

m=1,2,...,m.

21b)

-

v (H,  HprHEH) v

K
; YiO¢
K
2

= VHRHkV
k=1
K
=vi (Z RHk> v
k=1
where v £ ¢*, RHk = 102 (Hr,kHBRHgRka) and

H, ; = diag (h, ;) Hgg. We rewrite the optimization problem
(21) in terms of the optimization problem for v,

max
v

s.t.

(22a)
) (22b)

H
viR,Vv

m=1,2

g Ly ooy

M

|Um| = 17

where R,, 2 SO0 R, € CM*M is a Hermitian semidefi-
nite matrix. The optimization problem in (22) is a nonconvex,



NP-hard problem [35], [42]. We adopt a manifold optimization
approach to solve problem (22), as v represents a complex
circle manifold. We start with a light introduction to manifolds.

Algorithm 3 Armijo Backtracking Line Search

Require: Function f(X), gradient V[, current point X,
descent direction z, initial step size «, > 0, reduction
factor p € (0,1), Armijo constant ¢ € (0,1)

Ensure: Step size « satisfying the Armijo condition

1: Initialize o <+ o,

Compute fx « f(X)

Compute V fx < Vf(X)

while f(X + az) > fx + caV fiz do
o — pa

end while

return «

A o

a) Introduction to Manifolds: Manifold is a topological
space that looks like an Euclidean space locally [43]. Rieman-
nian manifold, in particular, has the inner product defined on
each tangent space, known as Riemannian metric. Tangent space
at a point « on the manifold M, denoted by 7, M, is the vector
space that consists of all tangent vectors to the curves on the
manifold passing through the point  [44]. Riemannian metric
allows us to define geometric concepts such as lengths, angles,
and distances on the manifolds [43]. Riemannian manifold
enables the use of calculus and defining of gradients so that
optimization can be performed [44].

The feasible set of problem in (22) can be viewed as a
product of M complex unit circles where each complex circle
S is defined as S 2 {2 € C: || = z2* = 1}. The product
of M such unit circles is called the complex circle manifold
which is defined as

M% = {XE(CM : |Im‘ :xmx:,b =1,m= 1727“.7M}
(23)
Tangent space at point x € M is defined as

TMM ={yeC" : R(x*Oy)=0u} (24)
The complex circle manifold M2/ is a Riemannian submani-
fold of C™.

b) Optimization over manifolds: We briefly explain how
optimization is performed over manifold. Consider the opti-
mization of a smooth real-valued function x over a manifold
MM,

e SO 9
The modified form of line search based algorithms used in
Euclidean space are employed in optimization over manifolds
[35]. Riemannian gradient represents the direction of steepest
ascent for a function f (x) on manifold, and hence the negative
of Riemannian gradient is used as the direction of descent while
minimizing the function on a manifold. In general, we repeat
following steps until convergence during optimization over

manifolds.

o The Riemannian gradient of a function f(x) at point
x(*) is computed by projecting the Euclidean gradient
Vf (x) onto the tangent space T, M™ by means of a
projection operator [45],

gradym f(x) = Projem V£ (x)
=V/f(x) -R{Vf(x)ox"}ox (26)

o The update is performed on the tangent space along the di-
rection of the projection at x(*) which is Proj, V f (x(*)),

x*) = x®) _3(*) Proj_ o, V f (x(k)), x*) € T oo MM,
(27)

where 3%) is the step-size that ensures that the objective
function is non-increasing at each iteration. Armijo back-
tracking line search step is used to guarantee the objective
function to be non-increasing in each iteration.

« Finally, x*) needs to be mapped back to the manifold
M using the retraction operator as,

xF+D = Retry. (ic(k)> , (28)

where Retr, ) (+) is the retraction operator that maps
a tangent vector at point x; on manifold M to the
manifold M™ itself.

For more details on optimization over manifolds, we suggest
the readers to refer [43], [45], [46]. Next, we develop the
manifold based optimization for solving (22). Following [35],
we make a slight adjustment in the objective function in (22)
and rewrite it as a minimization problem,

AR, —al)v
m=1,2,..., M,

min
A

s.t.

(29a)
(29b)

—V

|Um| =1,

where o > 0 is used to control convergence. It is shown in

[35] that v should be chosen such that & > —Apg,~ to ensure
convergence, where A is the largest eigenvalue of R, . The
addition of avfv = oM to the objective function makes no
difference to the optimization problem and its solution as aM
is only a constant.

We summarize the procedure of solving the optimization
problem (30) with the manifold based optimization technique
in [35]. The Euclidean gradient of the cost function in (29a),
f(v)=—vHE (R, —al)vis

Vilv)==-2R, —al)v (30)

The problem is solved iteratively by performing following steps
at each iteration k:

(i) The gradient V f (v) is projected onto the tangent space
Ty MM at point v(*) on the complex circle manifold
MM using the relation (26) which gives the Riemannian
gradient.



(ii) The current value of v(¥) on the tangent space T, ) MM
is updated to v(*) using the relation (27). In our Al-
gorithm 4 to solve (23), we employ Manopt toolbox
for MATLAB [47] which uses Armijo backtracking line
search to guarantee that the objective function is non-
increasing. Alternatively, the value of 5 can be chosen as

0<p< . 1+71 where )\RH 41 1s the largest eigenvalue

of R, + WIfias suggested in [35]. Armijo backtracking
line search uses a variable step size unlike [35].

(iii)) The update on the tangent space is retracted back to
manifold M2 by using the retraction operator,

1
Retr,, ) (\_f(k)> =v® © m7
v

(3D

where ‘\7(’“)| represents a vector with entries equal to the
absolute values of corresponding elements of v(*).

Algorithm 4 Steepest Descent Algorithm for Passive Beam-
forming Based on Manifold Optimization

Require: Cost function f (v), initial v(°) and convergence
threshold ¢;,;.
1: Set k =0.
2: repeat
3: Evaluate Euclidean gradient of the cost function:
Vf (v).
4: Evaluate the projection of V f (v(k)) onto the tangent
space Ty M2 using (33).

5: Compute the step size S using Armijo Backtracking
Line search method

6: Update the current value of v(*) on the tangent space
Ty MM to v(*) using (34).

7: Evaluate the next iterate by retracting v(*) back to the

complex circle manifold using the relation v(*+1) =
Retry o) (V(%)), where Retr,u (Vv(¥)) is computed
using (38).
8: until convergence, i.e., |f (v(kH)) —f (v(k))| < €401
9: return v(**t1 as the solution.

B. Minimum power precoding for communication

We develop a low complexity algorithm to determine mini-
mum power precoding solution to minimize communication
power. We consider that the precoder F = UP:z, where
U € CNexK has unit norm columns and P is a di%gonal
matrix. P = DIAG (p) where p = [p1,p2,...,pK] and
{pr}1—, represent the power intended for the k" user. We
can rewrite the optimization problem as,

K
s Zpk (32a)
k=1
K 2
Y hewlTp + o2
s.t. pp = 7, =7k  Vk=1,...,K (32b)

lhyuy|”

lae>=1, k=1,..., K, (320)

where we assume that the total power required to achieve the
given SINR constraints is much smaller than the maximum
transmit power allowed. The constraint (32b) is obtained by
rearranging the constraint (13b). In (32b), we have only taken
the lower limit of pj as it gives the minimum p;. We can see
that the two optimization variables are coupled. Hence, we
solve for one variable at one time while another is kept fixed.
Assuming {pk}le is known, we can rewrite optimization
problem (32) as an optimization problem for U,

K ) ,
> |hulpi 402

K
. i=1,i#k
min Y. (33a)
U l; k |hkuk|2
st JwP=1,k=1,...,K, (33b)

where we have replaced pj in (32a) with the expression given
by (32b). As U lies on the complex oblique manifold, we
propose to solve the optimization problem (33) by using steep-
est descent algorithm on complex oblique manifold. Complex
oblique manifold M’5™ is a Riemannian submanifold and
defined as a set of complex matrices with unit-norm columns,
ie.,

nxm

oyt ={XeC™™ x| =1Vji=1,2,...,m} (34)

Algorithm 5 Steepest Descent Algorithm for Precoding Based
on Manifold Optimization

Require: Cost function g (U), initial U(®) and convergence
threshold ¢;,;.

1: Set 7 =0.

2: repeat

3: Evaluate Euclidean gradient of the cost function:
Vg (UW).

4 Evaluate the projection of Vg (U")) onto the tangent
space TUm./\/lgtBXK using (43).

5: Compute the step size 5U) using Armijo Backtracking
Line search method

6: Update the current value of UU) on the tangent space
T MY E to UY using (37).

7: Evaluate the next iterate by retracting U) back to the
complex oblique manifold using the relation UG+ =
Retryw (Ij(j)), where Retry;) (Ij(j)) is computed
using (39).

8: until convergence, i.e., ‘g (UUHD) —g (UU))’ < €1ol-

9: return UUHD) as the solution.

The problem (33) is solved iteratively by steepest descent
algorithm on complex oblique manifold ngBXK by pursuing

the following steps at each iteration j:

(i) The Euclidean gradient Vg (U) where ¢ (U) is the



Algorithm 6 Iterative Algorithm to compute communication
power allocation

Require: H, 0., v,, convergence threshold ¢;,;, U and the

B

R A

initial power allocation vector p(©).

Set iteration index j < 1.
repeat
for k=1,2,..., K do
" S e el 4o
J) _ i=1,i#k
Update p;’ =7, S
end for
j—i+1

until convergence, i.e., Hp(j) — p(jfl)H < €tol-
return p¥)

(ii)

(iii)

objective function in (33a) is given by

K

2.

i=1,i4k
4
[hyuy|
2v,hf h,uypy,

hyu; |

lhyu;[*pi + o2

Vg (U) =— 27, hi hyuy

K

>

i=1,i£k

(35)

Riemannian gradient is evaluated at current iterate U(/)
by projecting the Euclidean gradient Vg (U(j)) onto
the tangent space at point U/) on the complex oblique
manifold ./\/lgtBXK using the relation,

grad g (U(j))
=ProjVyg (U(j)

=Vg (U9) - % {DIAG (U9 vg (UD)) } & UV
(36)

The current value of UW) on the tangent space is updated
to UU) using the relation,

UW) = Ul — U Proj vy (U(”), (37)

where UV € TU(j)MgtBXK, the tangent space at UU),

Armijo backtracking line search is used to determine step
size SU9),

The update on the tangent space is retracted back to
manifold M gthK by using the retraction operator,
al?) ﬁ%)

T

yeey

RetI'U(j) (I_J(j)>

where we have normalized each column of U, the
update on the tangent space. We have summarized the
algorithm to compute U when p is known in Algorithm 5

Algorithm 7 Two Stage Algorithm based on Manifold Opti-
mization

Require: H, {fyk}iil ,0. and convergence threshold €;,;.

1: Initialize power for each user p(*) = [y,02,...,7,02].
Set iteration index j < 1.

2: repeat

3: Solve problem (33) for U) using Algorithm 5 with

pU~1 as power vector.

4:  Evaluate pU) using Algorithm 6 .

5: j+—J+1L

6: until convergence, ie.,
£ (U9, pl)) — f (U=, pli=1) ,2 < €0 where
f(U,p) is given by (33) and we take U(® as a matrix
where column £ has all zeros except 1 at the k*" position.

. e
7. return F = UWPU?,

Finally, we can compute {pk}ff:l from (32b) if U is known.
As py depends on the values of {pl}fil i41» We can take

initial value of {p;.},_, and update the values of pj, for each
k=1,2,..., K until convergence. Thus, we have an algorithm
to compute {py};, if U is known, which is summarized
in Algorithm 6. The whole procedure for evaluating F is
summarized in Algorithm 7.

VI. SOLUTION FOR SENSING SIGNAL

A. Projection of sensing signal into the null space of commu-
nication channel

We need to make sure s, lies in the null space of the channel
matrix H. If X = S, + F's. is the solution to the problem (11),
it can be achieved by projecting S, in the null space of H.
But we need to make sure that the power of the resulting
signal does not exceed the available power for sensing, which
is Pr — P.. Thus, the resulting sensing signal can be expressed
as

NS
IV ll”

where N, £ V'V is the null space of H, Vj € CNt*? is the
matrix consisting of right singular vectors of H corresponding
to zero singular values and b = N; — rank (H) and P, is
the adjustable sensing power such that P, < Pp — P,. We
assume that users are spatially separated so that the channels to
different users are uncorrelated in which case rank (H) = K.
However, we aim to simplify the problem. To this end, we
force s, to lie in the null space of H by defining s, = A, 5,
where §, € CV¢*1,

s, =P, (39)

B. Computation of sensing signal

We solve the optimization problem

min [|d - AS, — AFs,|” (40a)

Pr— P,
T "c m=1.2

s.t. , ,2,.
Ny

.. N,  (40b)

|85, | =



where A =
simplified as

AN,

The objective function in (40a) can

|d — As, — AFs,||’

—sA" As, — A7 As, — 57 Afd + ||AF|[3 -
2R (d”" AFs.) +d"d

=sH7Gs, — qf's, —sfq+¢,

where G £ A7A q 2 d”A and ¢ 2 d”d + |AF|3 —
2R (dH AFSC). Thus, the optimization problem (40) can be
rewritten as

min §7Gs, — q’s, —s8q+c (41a)

Sr

_ P T — P, c
|3s,.| = N m=1,2,...

The problem in (42) is similar to the passive beamforming
subproblem based on minimum mean square error (MMSE) in
[48]. Taking a similar route, the optimization problem in (42)
can be written equivalently as

s.t. 7Nt7 (41b)

min 57 (G + ul)s, — q''s, —sfq (42a)
S,
Pr—P,
o |5 | =4 ———, =1,2,..., Ny, 42b
s |5, N t (42b)
where p = . In the absence of the constraint (42b),

the 0pt1mal solution to the problem (40) would be 5¢ =

(G+ uI) q. Thus, in order to determine §,, we normahze
Pr—P
each element of §'° to have an amplitude %,
t
Pr— P, ) _
5, =/~ e (£ ((G+u) " a)) @3
t

Then, we compute s, from S, using (39).

C. Sensing signal power

The received echo signal is passed through a receive
beamformer W = [wy,...,wg] where wy, ¢ = 1,...,Q
is the receive beamformer for ¢ target. The beamformer w,
is designed to maximize the received power,

wa (aqb (04) @ (eq)H X) H2

The optimal w, is given by b (6,) [25]. We determine the
sensing power P, so that individual sensing SINR is met for
each target, i.e., the optimization problem to determine P, is
formulated as

max
Wq

(44)

Find P, (45a)
H a_|?
Tq qu(gq)a(aq) X
st—g ——— >, (sh)
> n|wib0)a0)" x| +02
J=1,j#q

where (_ is the sensing SINR target for the q'" target. We
assume that the required sensing SINR can be achieved by
available power Pr — P.. P, is thus calculated as

P, = max
q

(46)

cquijfwa)a 0)" |~ N2z, a0
J7#q

2
TF| 4 (0

2 2

JW@P@QH

Z Tj

‘wa()awﬁH&
J;ﬁq

where wfb (0q),i=1,...,T is replaced by N,. The sensing
signal is normalized and multiplied by P, to have the power
P..

VII. COMPLEXITY OF THE PROPOSED ALGORITHMS

We compute the complexity of various algorithms by
calculating the computational complexities of the dominant
operations in each of the algorithms.

1) Alternating Optimization-based Solution for Communica-
tion Signal:

o Complexity in solving
O (VK (KN 10g (1))
accuracy.

o Complexity in Feasibility-check problem (16): It is
an SDP which has a computational complexity of
O (K3M?®) [49]. During each iteration of alternating
optimization, it is repeated [ times on average leading
to a complexity of O (IpK3M?5).

SOCP (14)
[36], where € is solution

Thus, the total complexity of alter-
nating optimization-based solution is
C)(Ll(VG?(J(AQfﬁog(g)4-1F33A46)), where

1, is the number of iterations.
2) Two-stage Solution for Communication Signal:

2.1. Passive Beamforming

o Complexity in cost function computation: O (M 2)

o Complexity in gradient computation: O (M?)

« Complexity in Manifold Optimization: O (ImlM 2)
where I,,, is the number of iterations required.

2.2. Precoding

o Complexity in function
O (K*M)

« Complexity in gradient computation: O (K M )

o Complexity in Manifold Optimization:
O (I, K*M) where I, is the number of
iterations required.

o Complexity in Power Allocation Computation:
O (K?M + I,,K?) where I,, is number of iterations

required to reach convergence.

cost computation:

The overall complexity of the two-stage solution for com-
munication signal is O (I, M? + I,, K*M + I,K?).

3) Sensing Signal: The main complexity comes from the
computation of inverse matrix of a Ny X Ny matrix which
is O (N?) [48].

)



Hence, the complexity of waveform design with
alternating  optimization for communication signal
is O (I (VK (KN log (1) + IpK3M®) + N} ),

whereas that of manifold optimization based solution
is O (I, M? + I, K*M + I,K? + N}). The complexity
of manifold optimization based waveform design is much
lower than the complexity of state-of-the-art solution [30]
which is O (I, (KN? + K3MS) + N}°) where I, is the
number of iterations.

VIII. SIMULATION RESULTS

We consider an ISAC MIMO system with a single BS, a
single RIS assisting communication with K single-antenna UEs
and @ sensing targets. The BS and RIS are located at (0,0, 0)
and (36, 36,0). All the UEs are placed on the semicircle of
radius 5m centered at (40, 15,0). The exact placement of
the UEs, however, is chosen randomly. The top view of the
placement of BS, RIS, and UEs is illustrated in the Fig.2. The
distance-dependent path loss model is adopted, which is given

by .
v =Ko ;)

where K is the path loss at the reference distance Dy = 1
m, d denotes the individual link distance, and ( denotes the
path loss exponent. We consider the Rician fading channel
model for all the channels to account for small-scale fading.
The BS-RIS channel and RIS-%*"user channel are respectively
given by

K
Hpr=1L J—E—H
BR (dBR) ( Ko +1 BR,L"’

(47)

1
- H , 48a
PR BR,NL) (48a)
where
T
Hpri = (a(¢.) ak (6r.)) (48b)
hWgpnr ~CN(0,1), m=1,....,M; n=1,...,N;
(48¢)
th:L(dRUk) ( KiRth L+
’ o K +1 ’
#h Vv k (49a)
1 Ri,NL | »
where
T
hp, . =agr (¢,.) , (49b)
Renr ~CN(0,1), i=1,..., M, (49¢)

in which dgp and d,,,, are the BS-RIS and RIS-k'user
link distances respectively, whereas hpg N and h’kk, N, are
(m, n)th entry of Hpp yvr and i'" entry of hp, n 1 respectively.
For simulations, we take Ky = -30 dB, k., = 2, k,, = 2.8,
and ¢ = 2.5 and 3.5 for BS-user and BS-RIS links, respectively.

Ay
RIS © (36, 36)
UE
s ¥ UE
UE 5m \
) XUE
(0, 0) (40, 15)
>
BS X

Fig. 2: Top view of the placement of BS, RIS, and UEs.

The BS is assumed to be equipped with a uniform linear array
(ULA) having NNy antennas, whereas the RIS utilizes a uniform
planar array (UPA) with M = M Y x M~ antennas. All antenna
elements are separated by a distance of half a wavelength. The
noise power 02 = —117 dBm. Minimum SINR constraints for
all the users are considered equal, i.e.,y, =, Vk=1,..., K.
The typical values of all the parameters used in simulations
are given in Table L.

TABLE I: PARAMETERS FOR SIMULATIONS

Parameters | N; | M | K a2 Va
Values 16 | 25 4 -117 dBm | 20 dBm

P'maa:

35 dBm

We summarize implementation details for both AO and
manifold-based methods in Table II and Table III respectively.

TABLE II: ALGORITHM PARAMETERS FOR AO-BASED
METHOD

Parameter | Value
Algorithm 1
F3C) Random Phase angles from uniform distribution
€tol 107
itermax 10
cvx precision | 1.49e-08

Algorithm 2

Vi VYmin

Vmin, Ymax Ymin® “Ymin
€tol 1073

cvx precision | 1.49e-08

TABLE III: ALGORITHM PARAMETERS FOR MO-BASED
METHOD

Parameter | Value
Algorithms 4,5,6
€tol [ 1073 (Alg. 6), 10~F (Alg. 4,5)
Algorithm 7
p,io) agfyk, where v, =7,,,.,Vk=1,..., K
Etol 10—3
Manopt parameters
maxiter 100
tolgradnorm | 10~% (Alg. 5), 10~% (Alg. 4)

We compare the communication performances of the pro-
posed methods with conventional ZF/MMSE precoders and the



existing solution [30]. In the figures, the proposed alternating
optimization-based algorithm is labeled P-AQO, while ZF refers
to the ZF precoding-based solution, MMSE refers to the MMSE
precoding-based solution, and Existing refers to the state-of-the-
art solution based on the algorithm in [30]. In the simulations,
Existing uses a tolerance of 10~4 throughout, initializes RIS
with the phase angles drawn from a uniform distribution, and
makes the rank-1 approximation of the SDP solution via the
dominant SVD vector. There are no step size involved in the
existing algorithm. ZF precoder is computed as

F,r = HY (H7H) ' DIAG (\/%02, e \/’VKOE) (50)

On the other hand, the MMSE precoder is computed as

-1
Fyumse = (HP_I/2 H" +UEI) H,

MMSE (51)
where P, ., = DIAG (v,02,...,7,02). P-MO (random
®) in the figures represents the solution that uses random initial-
ization of RIS phase-shifts followed by manifold optimization-
based algorithm in Algorithm 5, whereas P-MO (2-stage)
refers to the proposed manifold optimization-based two-stage
algorithm to compute communication signal in Algorithm 7.
The performance gap between P-MO (random &) and P-MO
(2-stage) is used to highlight the efficacy of the proposed
passive beamforming solution in Algorithm 4.

We first show the complexity of both the proposed algorithms,
along with the existing method in terms of average runtime
in Fig.3. All the algorithms are executed in MATLAB 2023a
on a personal computer with 11*" Gen Intel Core i7 2.8 GHz
processor and 16 GB RAM. It is evident that both P-AO and
Existing are computationally expensive, with P-AO having
even more computational complexity. However, P-MO is highly
computationally efficient.

10" F

Existing
P-AO
P-MO

Average Runtime (sec)

20 25 30 35 40
Number of transmit antennas

Fig. 3: Average run-time vs. Number of transmit antennas

A. Communication Performance

In Fig.4, Fig.5 and Fig.6, we observe how the communication
transmit power behaves as the minimum SINR constraint,

—e—ZF

S

Existing

P-MO (random @)

P-MO (2-stage)
P-AO

Comm Tx power (dBm)

10 1 12 13 14 15 16 17 18 19 20
Minimum SINR (dBm)

Fig. 4: Communication Transmit Power vs. SINR

the number of RIS elements M and the number of transmit
antennas [V; are varied. When the minimum SINR constraint
for each user increases, there is an increase in communication
transmit power, which is natural as more power is required
to furnish a higher SINR for each user. In Fig.5, we can see
that the communication transmit power decreases with the
increasing number of RIS elements for a fixed minimum SINR
constraint, as the increasing RIS elements furnish more passive
beamforming gain. The transmit communication power curves
exhibit similar behavior in Fig.6 as the number of transmit
antennas increases. This is due to higher antenna gain, which
reduces the transmit power needed to maintain the required
SINR.

The conventional ZF and MMSE precoders perform the worst
as they require the highest power among all the compared
methods to deliver the same values of SINR. In each of
the Fig.4, Fig.5 and Fig.6, we can observe that there is a
huge difference in transmit communication power between
ZF/MMSE and P-MO (random ®). Since ZF, MMSE, and P-
MO (random @) all use random phase-shifts of RIS, the better
power-efficiency of P-MO (random &) shows the superiority of
the proposed Algorithm 7) in determining the minimum-power
precoder. Moreover, P-MO (2-stage) is more power-efficient
than P-MO (random &), which affirms the effectiveness of
the passive beamforming algorithm in Algorithm 4. Overall,
the proposed P-AO and P-MO deliver better power efficiency
performance, compared to the existing method, with P-AO
coming out as the best. Furthermore, we can observe that the
performance gap between the existing and proposed methods
narrows at higher SINR values but widens at higher numbers
of RIS elements and transmit antennas.

B. Sensing Performance

In this section, we compare the sensing performance of the
proposed method with that of the existing one. P-MO (FP),
P-MO (10 dBm) and P-MO (15 dBm) in the figures represent
proposed method with full sensing power, sensing SINR 10
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Fig. 6: Communication Transmit Power vs. Number of transmit
antennas

dBm and sensing SINR 15 dBm respectively. The desired

beampattern is given by

1, 8 = [0, —5°,01, +5°],...,
[QTQ -5 HTQ + 50]

0, otherwise,

d(9) = (52)

where 07, ¢ =1,...,Q refers to target location in terms of
angle and (@ is the number of targets. In Fig.7, the normalized
beampattern of the radar sensing signal of the proposed method
is compared with that of the existing one when the number of
targets is 3. From this figure, it is clear that the proposed sensing
signal has higher illumination at the target locations compared
to the existing sensing signal. On the other hand, the proposed
sensing signal has less normalized power than the existing
sensing signal at angles different from the target locations. This
is further proved by Fig.8, where we compare the integrated-
sidelobe ratio (ISLR) of the proposed and existing sensing
signals as the number of BS antennas is varied. A lower
ISLR value is desirable because it implies that the effective

Normalized Beampattern
[ [ i Existing
P-MO(10 dBm)
P-MO(15 dBm)
P-MO (FP)

Normalized Beampattern (dB)

W @ 40 2 0 2 40 6 &

Angle (Degree)
Fig. 7: Normalized Beampattern of the ISAC signal vs. Angle,
Target location = —60°, 0°, 60°

= Existing
P-MO (FP)

P-MO (10 dBm)
P-MO (15 dBm)

15 20 25 30 35 40 45
Number of BS antennas

Fig. 8: ISLR vs. Number of BS antennas, Target location = 0°

interference seen by any target at a given angle is low, which
directly raises the sensing SINR. The proposed method clearly
achieves better ISLR compared to the existing method. In Fig.9,
we plot the probability of detection vs. the probability of false
alarm. The detection statistic is constructed from the matched-
filter output aligned with the target steering vector, and the
corresponding detection threshold is determined empirically
from noise-only realizations for each probability of false alarm.
The proposed method with full power performs better than all,
including the existing method.

The Fig.10 compares the total power of the proposed
waveform with the existing waveform as the communication
SINR varies. The existing waveform uses all available transmit
power, while the proposed waveform uses only the power
needed to maintain a minimum sensing SINR at the receiver,
thereby utilizing the power efficiently.

IX. CONCLUSION

This paper explores an ISAC system where a Reconfigurable
Intelligent Surface (RIS) enhances communication. We pro-
pose designing an ISAC signal that optimizes power-efficient
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Fig. 10: Total power vs. Minimum Communication SINR

communication, freeing up most transmit power for sensing.

The RIS establishes communication channels between the BS
and the users. The RIS is jointly optimized with transmit
precoding to leverage a beamforming gain to help achieve the
required SINR target for all users. We introduce an alternating
optimization algorithm that alternately determines transmit

precoding and the passive beamforming until convergence.

Additionally, we propose a two-stage algorithm where we
initially optimize passive beamforming and then design transmit
precoding, employing manifold optimization. The sensing
signal is designed to minimize the difference between the
beam pattern of the ISAC waveform and the desired beam
pattern. Finally, the sensing signal is projected on the null
space of the communication channel to cancel its effect on the
communication signal.

APPENDIX A

A >X>---> X >0, 0<r <n are the r non-zero
singular values of a positive semidefinite matrix A € C"*"
with rank 7, the singular values of its pseudoinverse AT are

0< )\fl < )\;1 << )\T_l. We can express the trace of A
and trace of AT as

Tr(A) = i Ai (53a)
i=1
Tr (Af) = Z AL (53b)
i=1
The product of trace of A and trace of AT is
Tr (A)Tr (Af) = Z Ai Z A (54)
i=1 i=1

Since Aq,A9,...,\,. is a non-increasing sequence, and
) ) )
)\1_1, Ay L A1 is a non-decreasing sequence, we can write

ixi iA;l zrixixi—l
=1 =1 i=1

= ’["2’

using Chebyshev inequality [50]. The equality is fulfilled when
A1 = A2 = --- = \,.. Hence,

Tr (A)Tr (AT) > 72 (55)
Since Tr (A) > 0, we may express the trace of AT as
t r’
Tr (A") > ——— 56
(A = Ay (56)

with equality when all the singular values of A are equal.
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