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Abstract—Integrated sensing and communications (ISAC) and
reconfigurable intelligent surfaces (RIS) have been identified as
key technologies in the realization of next-generation wireless
networks. ISAC provides spectral and hardware efficiency by
integrating the communications and sensing functionalities into
one system, whilst RIS is used to improve signal transmission.
In this letter, a low-cost RIS-ISAC receiver is proposed for the
first time in a multiple-input multiple-output (MIMO) system. A
search-tree is deployed to detect the MIMO RIS-ISAC trans-
mitted communication signals. Next, the K-best algorithm is
proposed to reduce the computational complexity of maximum
likelihood (ML) detection while achieving near-ML bit-error rate
performance. Additionally, the minimum mean-squared error
estimation technique is adopted to estimate the reflection coeffi-
cients of a nearby target. Computational complexity analysis and
Monte Carlo simulations are provided to support the findings.

Index Terms—Integrated sensing and communications (ISAC),
reconfigurable intelligent surfaces (RIS), K-best algorithm,
multiple-input multiple-output (MIMO), complexity analysis.

I. INTRODUCTION

EXT-generation networks are considered key enablers

for applications such as ubiquitous Internet-of-things,
autonomous driving, smart cities, and virtual reality. Many
of these emerging applications require environment/location-
related information in their operation, achieved through sens-
ing and enhanced connectivity to transmit the sensory infor-
mation. Integrated sensing and communications (ISAC) is an
emerging technology that seeks to merge the communications
and sensing functionalities into one block to achieve a more
spectrally efficient system [1].

Despite the potential of ISAC systems, the stochastic prop-
erty of the wireless channel remains an undesired character-
istic. Obstacles in the environment that randomly scatter or
reflect electromagnetic waves present an inherent unreliability
in the channel. This random behavior of the wireless channel,
if not mitigated, can severely impair the performance of
the communication system. In recent years, reconfigurable
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intelligent surfaces (RIS) have risen to prominence as a
technology to mitigate the effects of the random behavior of
the wireless channel [2], [3]. By correctly characterizing the
wireless channel, an optimized RIS can be used to achieve the
desired reflection of the electromagnetic waves and improve
the overall performance of a wireless communication system.
While research in RIS-ISAC systems remain state-of-the-
art, a significant number of the studies that have been carried
out in this area focused on beamforming design [4], [5] and
optimizing the phase shift of the RIS [6], [7]. Additionally,
a simultaneously transmitting and reflecting RIS-aided ISAC
scheme was proposed to simultaneously enhance an in-vehicle
user equipment (UE) communication and sense the vehicle
[8]. Nonetheless, to the best of our knowledge, no existing
work has explored the design of a joint receiver for RIS-ISAC
systems. The design objective of the joint RIS-ISAC receiver
is to simultaneously recover the transmitted communication
symbols and estimate the presence of a nearby target with
minimal errors. A theoretical joint ISAC receiver was proposed
in [9], in which maximum likelihood (ML) detection was
used to detect the communication symbols in a single-input
multiple-output (SIMO) system, while the minimum mean
square error (MMSE) estimator was used to estimate the target
coefficients in an interference cancellation (IC) technique.
Although ML detection offers theoretically optimum perfor-
mance, its complexity scales exponentially with the number of
transmit antennas in a multiple-input multiple-output (MIMO)
system. Motivated by the prohibitive complexity of ML detec-
tion and compared to [9] that studies a SIMO ISAC system,
this work considers a reduced complexity detection algorithm
for a MIMO RIS-ISAC system to address the complexity
bottleneck arising from a higher number of antennas and a
cascaded channel. The contributions of this paper are:

« First-time investigation of a reliable joint receiver for an
optimized-phase shift RIS-ISAC system in the literature.

« System model reformulation to efficiently use a search-
tree (ST) approach in detecting communication symbols.

« First-time application of the K -best algorithm (KBA) in
the ST technique in a MIMO RIS-ISAC system to achieve
near-optimal performance with reduced computational
complexity and greater degrees of freedom.

o Adopting the IC technique from [9] to estimate the
coefficients of a target in the MIMO RIS-ISAC system.

o Deriving general formulas for the complexity in terms of
the number of real additions (RA) and real multiplications
(RM) involved in the proposed KBA.

« Providing Monte Carlo simulations to verify the findings.



II. SYSTEM MODEL

The system model investigated in this paper is presented
in Fig. 1. A full-duplex base station (BS) with N;¢ transmit
antennas and N, receive antennas is considered, using uni-
form linear array (ULA) with antennas spaced at the half-
wavelength distance. For simplicity, we assume that self-
interference is canceled at the full-duplex ISAC BS before
processing the joint received signal [10]. The ISAC BS jointly
receives the uplink communication signals from a UE with
Ny, transmit antennas and the echoes from the reflection of
the sensing signal by the target. It is assumed that N,. > Ny, to
avoid an under-determined system. Due to the rich scattering
environment in the direct UE-BS channel, an RIS is employed
to provide virtual line-of-sight (LoS) links and enhance the
quality of signal transmission [11].

ISAC BS

Fig. 1: The MIMO RIS-ISAC system model.

Denoting x € CNt«*1 ag the UE transmitted signal drawn
from the symbols of an M-quadrature amplitude modulation
(QAM) constellation, where M is a square number, then the
communication signal received at the ISAC BS comprising
both LoS signals and the reflected signals from N RIS
elements, ¢ € CVr*1 s expressed as

¢ = \/P. (HLos + GOF)x + w,, (1)
where P, is the total transmitted communication signal power.
Hp,s € CNr*New is the UE-BS Rayleigh fading channel (i.e.,
Hios ~ CN(0,1)), whilst F € CVN*New and G € CN-XN
are the virtual UE-RIS and RIS-BS LoS channels respec-
tively. ® = diag(e?:, .- e/, ... elfn) € CV*N js a
diagonal matrix that represents the RIS phase shifts, where
0, € [—m,m) is the phase shift introduced by the n-th
RIS reflecting element. The RIS phase shifts are optimized
using the alternate optimization technique [12]. w, € CVrx1
is the additive white Gaussian noise (AWGN) term for the
communication signal with zero-mean and variance 0.502. o2
is the total noise power of the MIMO RIS-ISAC system.

Similarly, the sensing signal transmitted by the ISAC BS is
denoted by p. To avoid the sensing signal interfering with the
RIS component of the communication signal, it is assumed
that the RIS is placed close to the UE, and an obstacle blocks
the target echoes from impinging the RIS, as shown in Fig. 1.
The sensing signal received by the ISAC BS, s € CVrx! s

s = VP Cr(o)t (9)bp + ws, @)
where P; is the total transmltted sensing signal power and
()" is the Hermitian transpose operator. ¢ is the angle of the
target in radians. ¢ represents the target reflection coefficients.
Following [9] and case II of the Swerling target model [13],
it is assumed that the target’s reflection coefficient fluctuates

from one pulse to another, exhibiting an amplitude distribution
that follows a Rayleigh distribution. Based on this assumption,
¢ ~ CN(0,1) is modeled as an independent and identically
distributed (i.i.d) random variable. b € CMts*1 is the beam-
forming vector. w, € CVr*1 is the AWGN for the sensing
signal with zero-mean and variance 0.502, being independent
of w.. t(¢) € CNe=*1 and r(¢) € CNr*1 are the transmit and
receive steering vectors, respectively, given by [14]

t(¢) = [17 &%Si“(@’ . 7ej¥(Nts—1)Si"(¢)}T , (3)

and
2nd

r(¢) = {1 eI XT@) L e
Here, ()T is the transpose operator, d is the separation between
the elements of the ULA, and X is the signal wavelength. It is
also assumed that the radar is perfectly locked on the target,
in which case b = t(¢). The joint received signal at the ISAC
BS, y € CN»*! can be written as
y=c+s+w

= /P. (HLos + GOF) x + /P.(r()

where w = w, +wg and w ~ CN(0, 0 ) By adopting the IC
technique proposed in [9], the communication signal is first
processed, in which s and w are considered as interference
and noise signals, respectively. Thus, (5) becomes

y = \/Pe (Hros + GOF)x + v, (6)

where v = /P(r(¢)t"(¢)bp + w. It can be noticed that
v arises due to a linear combination of ¢ and w. Thus, v
also has a zero-mean Gaussian distribution. Assuming perfect
knowledge of the channel state information at the receiver, the
ML detection problem is formulated as

j@(NTfl)sin(ﬁb)}T . (4)

5
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XmL = arg min||y — Hx||?
st. x e ANt

where H = /P, (Hyos + GOF) and AN« represents the set
of all realizations of the complex-valued transmitted symbols.

After detecting the communication symbol, the MMSE
technique in [9] is extended to estimate the target’s reflection
coefficients from the received echoes in the MIMO RIS-ISAC
system. Using this technique, the detected communication
signal is subtracted from y to obtain an estimate of the target’s
echoes received by the ISAC BS, y, € CNrx1 g

y = y— \/ HLoS +G@F) )A(ML
= v/ Ps(r(p)t" (o)bp + w + A,

where A = H(x—Xmr). Con51der1ng that Xy — X in practical
communication signal to interference plus noise ratio (SINR)
regime, the effect of A on y, in the presence of RIS can be
assumed negligible. Hence, using the MMSE technique, the
Bayesian linear problem in (8) is solved as

(7

(®)

. -1
Cuvse = 4" [qq+ 07T Ty, 9)
where q € CN"*1 = \/P,r(¢)t"(4)b. The received commu-

nication SINR is defined as
E {PC|HL05 + G®F|2}

E{P[¢r(¢)tH(¢)bp|?} + 02) -
(10)

SINR¢ = 10log, <



III. PROPOSED K-BEST ALGORITHM

KBA was initially proposed in [15] to address the high
computational cost of ML detection in MIMO systems, which
scales exponentially with the number of transmit antennas and
the modulation order. As a breadth-first-based lattice decoding
algorithm, the KBA seeks the best distance path in the forward
direction and retains the K minimum metric nodes at each
level of the sub-lattice. All other nodes that do not meet
this K -best criterion are discarded. This principle ensures
a constant decoding complexity. On one hand, although K
should be sufficiently large enough to achieve near ML per-
formance, this increases the computational complexity. On
the other hand, reducing K minimizes the complexity and
degrades the performance. Thus, it is necessary to find the
value of K that achieves an optimal trade-off between the
performance and complexity. In contrast to MIMO systems,
MIMO RIS-ISAC systems present a more complex challenge
at the receiver because of the interfering sensing signal and
the cascaded channel due to the RIS. To adopt the KBA for
this problem, the system model should first be reformulated.

A. MIMO RIS-ISAC System Reformulation
Let n = 2N, and m = 2N,. To solve (7) using an ST
approach, (7) can be reformulated as

y=Hx+v
oot =t ] ] B

(11

where y € R"*1, v € R**!, H € R"™™ and x € R™*!,
Re(-) and IJm(-) represent the real and imaginary parts, respec-
tively. Due to this real-valued reformulation, the symbols of x
belong to a v/M-pulse-amplitude modulation (PAM) scheme.
H is QR-decomposed as H = QR, where Q € R™™" is a
unitary matrix and R € R™*™ is an upper triangular matrix.
It should be noted that coefficients of H are 1.i.d, which leads
to H being full rank. Thus, a left-multiplication of (11) by Q"
yields

y=Rx+v, (12)
where § € R™! = Qy and v € R"*! = Q"v. Due to the
upper triangular property of R, (7) simplifies to [16], [17]
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m
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Ym—1 — Z Tm—1,bZb

b=m—1

= arg min <|gm — Tm,mx'm\2 +

)
13)

where g, represents the a-th element of vector y, r, , denotes
the (a, b)-th entry of R, and &, represents the b-th element of
x. Q2 is the set of symbols of a v/M-PAM scheme. From (13),
it is possible to represent (7) by an ST with m levels with its
nodes characterized by the partial Euclidean distances (PEDs)
as a metric. Each node in the ST is expanded to |Q| child

m
U1 — g 71,6%b
b=1

st. €9,

nodes, with |-| as the cardinality of a set, until the bottom
level is reached. The accumulated PED at the a-th level, d,,

of the ST is

da - da+1 + |€a|27 (14)

. . _ 2
where the distance increment |eq|? = |Jo — > pr, Tap@s| - It
is important to recall that d,, 1 is initiated with 0.

B. Using KBA in the ST

A drawback of (13) is the high complexity of the exhaustive
search over the entire constellation space throughout the ST to
reach the ML solution. As a result, some nodes in the ST with
high accumulated PEDs can be rejected to save complexity
without affecting the optimal performance. Hence, the KBA
limits the search of (13) as

m 2

Ym—1 — Z Tm—1,bZb

b=m-—1
2
2
< pKBA)

where pip, represents the threshold of the KBA to restrict

the search space inside a specific radius. It is worth noting that
prpa varies to guarantee that the proposed KBA visits only
the lowest K nodes at each ST level. With a proper selection
of K, the proposed KBA can achieve ML performance with
a significant reduction in complexity.

Fig. 2 shows a numerical example of the proposed KBA for
4-QAM 2 x 2 MIMO RIS-ISAC system. In each level, only
the smallest K = 2 nodes are expanded into 2 child visited
nodes (VNs). Algorithm 1 summarizes the proposed KBA.

~ . ~ . 2
XKBA = arg min (ym — Fmm@m|” +

m
U1 — g 716X

b=1

st. €,
1s)

IV. COMPUTATIONAL COMPLEXITY ANALYSIS

The computational complexity of the proposed KBA gener-
ally depends on the number of VNs in the ST and the cost of
obtaining each node in terms of the number of RA and RM. To
determine the computational complexity of the KBA, the ST’s
levels are grouped into groups 1 and 2. In group 1, the number
of VNs in each level, V NKBA < K| while VNXBA > K for
each level in group 2, as shown in Fig. 2. In light of [18], the
number of VNs by the KBA for a given K and M is

VN _ 1- (VM)
CKBA_\/M ].—\/M

where L = Llrllr(’\(/%)j is the number of levels in group 1 of

+(m—-L-1K|, (16)

the ST, with [-] as the floor operation. It can be observed
that 0 < L < m, depending on the value of K and M. The
computational cost of each VN in terms of the number of RA
and RM, respectively denoted by CRg, and CRML, , are derived
herein by grouping the range of L into three cases.

1) Case I (L = 0): Beyond the topmost level that always
has VM nodes, the cost of obtaining the nodes in the ST,
if L = 0, is an arithmetic series of K+/M arising from the
addition of the PEDs from the previous level. Thus, the number
of RA and RM are respectively given by CR2, = VM +
S, (a+ 1)KVM, and CRY, = VM + 30", aKV/M.
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Fig. 2: Numerical example for the proposed KBA of a 4-QAM
2 x 2 MIMO RIS-ISAC system using K = 2.

2) Case II (0 < L < m — 2): Each node in the topmost
L levels is expanded to VM child nodes. If L < m — 2,
every VN is expanded to /M child nodes until the ST
reaches the (L + 1)-th level. From the (L + 2)-th level to
the bottom of the ST, the complexity takes the same form
as Case I. In this case, the computational complexities are
CRoA=VM+ Y05 (a+ )ME+YT ) (a+ DEVM,
and ORMy = VM + Y10 aM s + 7 aKV/A.

3) Case III (L > m — 1): This case includes the real-
ization of ML detection by the ST. In this instance, each
node is expanded until the bottom of the ST is reached.
Thus, the number of VNs increases exponentially as the ST
is traversed from top to bottom. The computational costs
for thls case are CR§, = VM + Y, (a+1)M%, and

Cfga = VM + 300, aM 5.

In summary,

VM + 30, (a+ )EVM, if L=0
C \/7+2L+1( )M2—|—
Ko Za=L+2(a+1)K\/7, if 0<L<m-2
\/M+EZL2(G+1)M2 if L>m-—1
17)
and
VM +3" ,aKVM, if L=0
CRM VM + Y ams +
AT S ek VA, it 0<L<m—2
VM A+ aM%,  if L>m—1

(18)
The amount of complexity saved by the proposed KBA
compared to the complexity of ML detection is expressed as

Cksa
1-— x 100. 19
< CwL (19

V. NUMERICAL RESULTS
This section presents numerical results illustrating the com-
munication and sensing performances of the RIS-ISAC sys-
tem, in terms of bit-error rate (BER) and MSE respectively,
using Monte Carlo simulation. The parameters used in simu-
lation are: N;; = Ny, = N, = 4, and SINR¢ is varied within
the range of —15 to 30 dB. F and G are both modeled as
Rician fading channels with a Rician factor, Kqg = 7 dB. The
performance of the proposed KBA is compared with that of

the ML detector, as an optimum benchmark.
Figs. 3(a) and 3(c) illustrate the variation in the BER and
MSE performances for the proposed KBA at N = 10. When

Csa'ued =

Algorithm 1 Pseudo-Code of the Proposed KBA

1: Reserve d = [-] to store the node metrics.

2: Initialize root node with metric d,,4+1 = 0.

3:fora=m:—-1:1do

4:  if a = m then

5 Compute d, = |§, — 74.07|* + doy1, Vo € Q.

6: else

7: for £k =1: min(K,|Q|) do

8 Expand the min(X, |©|) survived nodes from the
(a+1)-th level to |Q| child nodes each.

9: Compute
m 2
do =|ja — (Taa®+ > Tapdor)| +du,(k),Vz € Q.
b=a-+1
10: end for
11:  end if

12 Determine the number of child nodes at level a:
nodes = numel(d, )
13:  Sort d, in ascending order as: [d,,d;] = sort(d,).
14:  Select the K least path metric nodes as:
d,,., = d, (1 : min(K, nodes)).
15:  Set X, — Q{d;(1 : min(X, nodes)}.
16:  Update the path history of X,.
17: end for

18: Estimate Xgps from Xgpa = f‘a(min(dvb )

K =1, the BER is significantly higher than the ML. As K
increases, there is an exponential decrease in BER, aligning
closely with the ML performance at K = 5, as depicted
in Fig. 3(a). This alignment is further verified by Fig. 3(b)
for different values of SINRc. Two behavioral regions are
apparent in Fig. 3(c). At low SINR(, +/P. in (8) significantly
contributes to the rise in the MSE of estimating (. Once
SINR¢ surpasses a certain value, there is a notable decline in
the MSE due to A in (8) approaching zero. It can be seen from
Fig. 3(d) that the proposed KBA achieves identical BER results
to that of ML detection at different A/ and SINRs, indicating
the KBA'’s applicability for higher modulation orders.

Fig. 4 shows the BER and MSE performances for N =
0,10, and 20. As illustrated in Fig. 4(a), the BER improves
with N due to the RIS providing multiple signal replicas
through LoS and multipath components, enhancing system
diversity and symbol detection accuracy. The MSE behaves
differently across regions of SINRc. At low SINR(, smaller
N values yield minimal MSE, mainly affected by H as
outlined in 8. As N increases, the MSE initially rises due to
errors from the enhanced channel matrix, but at higher SINR¢
and improved BER, the MSE for N = 20 shows a rapid
decrease, surpassing the performance of N = 0. This trend
suggests that increasing the number of reflecting elements
significantly improves BER and MSE as SINR( rises, owing
to the virtual LoS paths created by the RIS.

The computational complexity gain attained by the proposed
KBA is shown in Fig. 5 in terms of VNs, RA, and RM. The
comparative computational complexity analysis indicates that
with K = 5, the algorithm reaches close to ML performance,
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Fig. 5: Complexity saving by the proposed KBA.

resulting in substantial savings of 87%, 90.3%, and 90.7% in
VNs, RA, and RM, respectively. One of the key advantages of
the proposed KBA is its flexibility due to the trade-off between
complexity and BER, as seen in Fig. 3 and Fig. 5. Thus, in
practical scenarios requiring a target BER, selecting a lower
value of K can further reduce computational complexity. This
capability makes the proposed KBA beneficial for systems
prioritizing efficiency without compromising performance.

VI. CONCLUSION

This letter investigated a MIMO RIS-ISAC system. The RIS
was introduced to enhance the communication channel and
improve the BER performance. The received signal equation
was reformulated to employ the ST to decode the communica-
tion signal. Moreover, the KBA was proposed and studied for
the MIMO RIS-ISAC system. It was observed that the KBA
achieves near-ML performance with about 90% less complex-
ity. Also, the proposed KBA demonstrated a desirable trade-off
between complexity and performance, making it suitable for
practical systems. By increasing the value of K, the proposed
algorithm showed improved BER performances at increasing
complexities. The IC-based MMSE technique was adopted to
estimate the target’s reflection coefficients in the MIMO RIS-
ISAC system after detecting the communication signal. It was
found that at low communication SINR, the introduction of
the RIS improved the BER at the expense of the estimator’s

MSE. The latter was due to the increased error propagation
during the IC-based estimation. Future work could investigate
the dynamic selection of K for a variety of initialized systems

and improved target coefficient estimation techniques.
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