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Abstract—In this paper, we address the Line-of-Sight (LOS)
localization problem in a monostatic Integrated Sensing and
Communication (ISAC) system based on colocated Multiple-
Input Multiple-Output (MIMO) technology in the presence of
multipath scenarios. Firstly, we derive Generalized Likelihood
Ratio Tests (GLRTSs) to distinguish LOS paths from Non-Line-
of-Sight (NLOS) paths based on full-rank and rank-deficient
transmit waveform, providing closed-form expressions for false
alarm probability and detection probability. Furthermore, in the
case of unknown path parameters, we employ the GLRT philos-
ophy, utilizing meticulously developed estimators to replace the
unknown parameters. The angular parameters of both LOS and
NLOS paths are estimated using a sparsity-enforced Compressed
Sensing (CS) approach, aiming at estimating angular parameters
in the continuous domain. Finally, we compare the performance
of full-rank and rank-deficient waveforms in different scenarios
and demonstrate the effectiveness of the proposed detection-
estimation solution through simulations.

Index Terms—ISAC, multipath, LOS detection.

I. INTRODUCTION

In recent years, Integrated Sensing and Communications
(ISAC) has garnered significant research attention due to its
potential as a compelling solution for integrating sophisti-
cated radar sensing functionalities seamlessly into the existing
cellular infrastructure [1]. Colocated Multiple-Input Multiple-
Output (MIMO) technology has become integral to ISAC
systems, offering a multitude of advantages. For sensing
purposes, colocated MIMO systems can create virtual arrays
using a relatively small number of antenna elements, thus
offering enhanced precision in target angle estimation [2].
This capability enhances the precision of target localization
and tracking, contributing to the overall efficacy of ISAC in
diverse scenarios. Furthermore, in the context of communi-
cation, colocated MIMO introduces a valuable attribute by
offering more degrees of freedom (DOF) in signaling strategies
[3]. This increased DOF allows for the exploitation of the
propagation channel in a manner that enhances communication
performance, making colocated MIMO a pivotal technology
for both sensing and communication aspects within ISAC
systems.

Traditional ISAC-based solutions typically assume a simple
Line-of-Sight (LOS) channel, but real-world ISAC systems
encounter more complex multipath scenarios [4]. In real-world
scenarios, Non-Line-of-Sight (NLOS) paths are relatively

abundant. Usually, range gating can effective in eliminate
NLOS paths from the target under detection, owing to varia-
tions in propagation delays. However, for NLOS paths, signal
reflections from multiple surfaces result in the breakdown of
the assumption in colocated MIMO systems that the direction
of departure (DOD) equals the direction of arrival (DOA).
This fact can lead to a degradation in the performance of
traditional angle estimation [5]. Therefore, the LOS paths
of intended targets might be affected by NLOS paths from
unrelated objects. Effectively extracting LOS information from
the densely distributed NLOS environment becomes a crucial
challenge for optimizing the performance of ISAC systems.

In some distributed systems, such as cooperative base
stations [6] and distributed MIMO radar [7], the extraction
of LOS paths and target localization typically relies on the
matching processing of range measurements. However, within
the framework of monostatic ISAC systems, LOS extraction
cannot be achieved through distance matching. An alternative
approach for estimating the number and angles of multipaths
is proposed in [8]. This method assumes a single LOS path
scenario and utilizes Convolutional Neural Networks (CNNs)
for LOS identification and parameter extraction. Another strat-
egy introduced in [9] involves a multipath detection approach
employing the Generalized Likelihood Ratio Test (GLRT) to
distinguish whether the estimated angles correspond to LOS or
NLOS. However, this method is constrained by its assumption
of the existence of only one set of multipaths in the scenario.
Consequently, these methodologies encounter challenges in
achieving precise LOS localization and identification within
more complex multipath environments.

In our previous journal paper [10], we proposed a method
for identifying ghost targets caused by multipaths, presenting
multipath estimation methods alongside a GLRT detection
framework for automotive radar. Building upon this founda-
tion, in this paper, we extend our exploration to the application
of the GLRT framework for LOS detection and parameter
estimation in monostatic ISAC systems. The LOS detection
is framed as a binary hypothesis problem: #, assumes obser-
vations contain only NLOS paths, where DOD and DOA don’t
coincide, while H; suggests the presence of LOS paths with
matching DODs and DOAs. To tackle this, we employ the
GLRT philosophy to design the detector structure, utilizing
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meticulously developed estimators to replace the unknown
parameters. Furthermore, this paper extends our previous work
[10] by analyzing ISAC waveform characteristics, including
both full-rank and rank-deficient waveforms, to deepen our
understanding of LOS detection capabilities in ISAC systems
and their performance implications. The effectiveness of the
proposed strategy is evaluated through simulations, providing
validation for the robustness and efficacy of the approach.

II. SIGNAL MODEL

In this paper, we consider a colocated MIMO array with Mp
transmitter antennas and My receiver antennas. The signal
transmitted by m-th TX is

t) = Z xm

£t =01 -1)T), (M

where 1" denotes frame repetition time, each frame having the
same duration 7. = T/Q,Q € N. x,,(I) denotes the m-th
transmitted symbol in the [-th time spot, L is the code length.
The &(+) represents a transmit signal that satisfies the Nyquist
criterion with respect to 7., where the bandwidth is 1/7,, and
@ range cells are defined [11].

Given the presence of multiple reflecting objects within
the field of view, LOS paths from intended targets may be
compromised by NLOS paths originating from other unrelated
reflecting objects. Assuming there are Ky LOS paths and K
NLOS paths present in the g-th range cell, i.e. they hit receiver
with time delay ¢7,, thus generating echoes at time instants

{¢T. + (1 — 1)T}[-,. Denoting x(t) = [x1(t — qT¢), x2(t —
qT.), ..., X (t—qT.)]T, the signal returned form g-th range
cell of n-th receiver antenna can be written as
Ko
Yn(t) = arvn(Ok)ar () X (t) + wn (t) @)
k=1
Ky

+ Y (ah pon(Or)at (i) x() + a yon(r)ar (9)x (1)) |
k=1

. 27d sin(6)

where ar(f) = \/— 1L,el™ ,...,eij
denotes the transmitter steering vector with input angle 6; A
denote the wavelength; d is the inter-antenna element spacing
with d > A/2; {ag}7=F and {a} 15 O JI=E are the
complex reflection coefﬁc1ents of k-the LOS g)ath and k-th pair
NLOS paths, respectively; v, (6) = S enotes the
response of n-th receiver to the angle 6; 6, represents the DOD
for the k-th LOS path, which coincides with the DOA; 1), and
i denote the DOD and DOA, respectively, for the k-th pair
of NLOS paths, where ¢, # pr; w,(t) constitutes spatially
uncorrelated, zero-mean, complex Gaussian noise.

To derive the discrete-time representation of observa-
tions, we project y,(t) onto a set of orthogonal functions

&t —qT. — (1= 1Ty, ie.,
Yn,l = <yn(t)a g(t - ch - (l - ]-)T)>
= ZO akvn(Gk)ag(Qk)x(l) + Wp1 3)
k=1
K,
+ > (a gon(Pr)at (or)x (1) + ab v (or)ar (9)x(1))
k=1

where (y(t), q(t)) is defined as the integral of the product of
y(t) and the complex conjugate of ¢(t) over the entire real
line, given by [ y(t)q*(t)dt; wyy = (wy(t),&(t — qT. —
(I —1T)), x(1) = [21(1),-- , 20, (1)]F € CM7X1 denotes
the coded waveform at the [-epoch.

The discretization process can equivalently be represented
by the common practice in radar receivers of performing
matched filtering using a filter matched to the pulse waveform
&(t), followed by sampling at the inverse of the bandwidth
T.. Denoting w(l) = [wy, - ,way )t € CMX1 y(l) =
Y10, ,yMR_,l]T € CMrx1 we have

= 3" aran(By)ad(@)x() + w(d)
k=1
ot T / T (4)

+ 3 (0 san(or)al(90) + o san(h)al (1) (D)
k=1

= (Hros + Hyros)x(1) + w(l),

S e0 apag(fr)ak(6y) and Hyros =

1%, (afaan(enal (9h) + af an(@i)ak(p)) represent
the channel response of LOS paths and NLOS paths,
respectively; apr(-) € CMrX1 is the steering vec-
tors of receiver array with the form of agr(f) =

where Hip,og

\/F [1 ej27rdsm(9)//\ ) .’ejQﬂ(AlRfl)dsin(G)//\]T where 0
denotes the angle input of ag(-).

Denoting @ = [01,0o,...,0k,] € REe, 9 =
[791319%"'719[(1] € RKI’ ¥ = [%‘Pw--,‘PKl] €
R, o = Jaj,a,...,ax,]f € CEX1I o =
(@)1, O 1, @y a’Kl,Q]T € C2K1x1 we have

Hios = Agr(0)AAL(6), 5)
Hyios = Agr(P)AATL(¢r), (6)
where %, = [pid], i — [Figl A = ding(a), A’ —

diag(a’), Ar(0) and Ar(0) denote the steering matrices of
the radar TX and RX arrays with the input angle set @

AT(O) = [aT(01)7 aT(€2)7 e 7aT(9K0)] €

AR(O) = [aR(el)v 83(02), ceey aR(eKo)] €

The Ar(v:) and Ag(t),) share the same form, with the

input angle set @ being replaced by 1); and ,., respectively.

Denote X = [x(1),---,x(L)] as space-time code-matrix,
W = [w(l),---,w(L)], we obtain

Y = [y(l)a 7y(L)] € (CJWRXL
= (Hros +Hnpos)X + W, @)

Mz x K
CT O7

(CMRXKO'
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where W is additive white Gaussian noise with zero mean

and variance 2.

III. DETECTION AND LOCALIZATION
A. Detector design

1) Full-rank waveform: Consider X is pilot waveform with
full-rank characteristics and we use a set of My matched
filters each matched with one of My transmitting waveforms
to extract signals corresponding to each TX-RX pair

7 = YXH c C]\/IRXMT
= (Hpos + Hypos)XX" + WXH. 8)

We vectorize Z to obtain

z = vec((Hpos + Hypos) XXM + WXH)
(X*XT @ Iny) (ALosa + Anposa’)
+(X* @ Ip,)W, )

where I, denotes the Mpr x Mp identity matrix; Arog =
Ar(0) o Ar(0), AnLos = Ar(¢p;) o Ag(ep,) denote the
steering matrix of LOS paths and NLOS paths, respectively;
®@ and o denote the Kronecker product and Khatri-Rao (KR)
product, respectively.

Defining R, = X*X7, r = (X*®@1Ip,)W, Bo = o, B1 =
[T, (a)T]T, Ay = AnrLos and A; = [ALos, Axros), We
formulate the problem of LOS detection as a binary hypothesis
test as follows

Ho: z= (R, ®In,)A0B0 +r,
Hi: z= (R, ®In,)A181 +r.

According to the Neyman-Pearson criterion, the optimum
solution to the hypotheses testing problem (10) is the likeli-
hood ratio test. In what follows, we introduce and examine
a GLRT, operating under the assumption that the number of
LOS and NLOS paths, along with their associated angular
information—that is, the matrices Arps and Anros—are
known. Since

E(rrf)

(10)

E ((X* @ Ly )Wo' (X* @ Tng,)¥)
(X* @ Ing, )0 g (XT @ 1py,,)

= *(X*XT) @Iy,

’R, @ Iy,

an

we have r ~ CN(0,02%,) where ¥, = R, ® I1,,. Because
rank(R,) = rank(X) = My, the correlation matrix 3, is

also full-rank. The data z can be whitened by 3, 1/2 , the test
can be converts to
Ho :ZNC./\/—(E;/%A(),Bo,02:1:]\/[T]\/1R)7 (12)
Hy :Z ~CN(ZY2A1 81, 0% Taig )
where z = X, Y 24. The maximum likelihood estimates

(MLE) of By and ,81 can be readily constructed as
Bo (Z2A0)2,8, = (SY?A1)tz, where (-)T de-
notes the pseudo-inversion. Plugging those estimations into
likelihood function, we can obtain the MLE of o2 under

2
Z*Ei/zAl,@l ;00

~2
H, and Ho as o7

1
MT Mg

MTlMR zZ— X 1/ Aoﬂg , and, as a consequence, the GLRT
becomes
55 _ |1 Poz|” %
Tr =20 = 120213 5, (13)
ot ||Pta|?
where PL = Ty, — SY2A0(SY?Ag) and P =
L, — Egl/zAl(El/zAl)T A¢ denotes the detection
threshold.

2) Rank-deficient waveform : To mitigate the potential
impact of unknown reflection coefficients, which may reduce
the received signal energy to levels unsuitable for reliable
detection [12], the ISAC base station (ISAC-BS) judiciously
allocates its total power across various paths using a cus-
tomized transmit beamforming (TBF) approach. We can ex-
press the transmitted waveform as X = FS, where F =
[f1,fs, ..., fs] € CM7*7 denotes the TBF matrix, S € C/*F
denote the space-time code for .J beams. Thus, the receive
signal can be rewritten as

Y = (Hpos+Hypos)FS+W. (14)

Generally, the number of transmit beams is less than the
number of transmit antennas, so the covariance matrix of
the waveform X is rank-deficient. Hence, we define it as a
rank-deficient waveform. We employ matched filtering of the
received signal using the transmission signal S and obtain

z = YS"ecM/
= (Hpos + Hxros)FSSY + wst
(AR(0)AAT(6) + Ag(yh,) A AT (¢,))FSS”
+wsH
= (AR(O)AATL(0) + Ar(h,)A AT 5(¢))SS™
+WSH, (15)

where Arp(-) = FTArp(-) denotes the transmit steering
matrix after beamforming. We vectorize Z to obtain

vec((Hpos + HNLOS)FSSH + WSH) e CMrJ
= R, ®In, (ALOSOL + :&NLOSO/)

+(S" @ Inr,)W, (16)
where Apos = Arg(0) o Ar(0), Axros = Arp(i) o
Ag(¢,), Ry = S*ST. Similarly, we define £, = Ry ® Ing,,
r=(S" ®IMR)W Ay = Axros and Ay = [Apos, Axros).
The hypothesis testing problem is rewritten as follows

z=(R,® IMR)éoﬁo +1,
7 = (R,S 24 IZVIR)Al/Bl +r.

7‘[0:

Hi e an
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Denote z = E;l/Zz, lié- = IMTNMR—Ei/Z_/XO(Zi/QI&O)T and
P =Ty, s fE;/ZAl(E;/zAl)T, we follow the derivation
for the full-rank waveform and obtain the GLRT as:

HISOLZH Hi o~
Tr=——""53 2 Ac, (18)
| e

where \ denotes the detection threshold.

B. Performance analysis

Let’s begin with the full-rank waveform. Denoting S as the
orthogonal complement of R(Pi") in R(Pg-), we rewrite the
test as

|Pozl” _ | Piel” - IPsal” | psEl®
_n2 —112 - _12°
(Ll 1Pz 1Pz
| Pz

Let’s define X = ||Pi’||2’ under the null hypothesis H,,
1 z

X represents the ratio of two independent central Chi-square
random variables, with 2K, and 2(MrMp — Ko — 2K;)
degrees of freedom, respectively. Consequently, X follows a
Fisher-Snedecor distribution [13, Section VIII], with a density
function given by
1

B (Kp;m)
where B (a;b) denotes the beta function with parameters a
and b, and

Fx i, () 2 Ko 1(1 4 2)~(m+Ko) (20

m = MyMp — Ko — 2K]. @1

Under #;, assuming 31 ~ CN(0,051k, 2x,) With covari-
ance ag, we have

E (1Ps7’ 1) = E (IPsA1 8 + Por|*)
= Trace (A?Z}/QPSE}/?Al) U?j + %K, 22)
= Trace <A£JOSE;/2POJ‘E;/2ALOS) O'% + %K,

the random variable X has density

Kofl
Fros (@) s (1)
IX I (1+p1)B (Ko;m) \1+ p
- —(m+Ko)
X1+ , 23
( 1+ p1> @9
where

Trace (AEOSE}C/QPOLEgl/QALOS) o3

p1 = . 24)

K 00 2
Then, the performance of the test can calculated:

1 m—1 ( 1)1 1 Ko+i
- ey
P =1 B koim) 2 (" )K0+71<1 )\G> ’

i=0

(25)

R 1 m—1 <m_1) (71)1 ( >\G -1 >Ko+i
¢ B (Ko;m) ¢t Ko +i \ g+ m '
(26)
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Similarly, we can derive the theoretical performance of the
detector with the rank-deficient waveform. The false alarm
probability and detection probability are given by (25) and
(26) with m and p; replaced by

m=JMp — Ky — 2K 27)

and

Trace (AEOSE;/le&-Zi/Q.&LOS> 0[23
K 00 2 ’

respectively. This expression of probability of false alarm

shows the threshold setting is feasible with no prior knowledge

as to the clutter power, namely it exhibits the desirable constant

false alarm rate (CFAR) property against the disturbance
covariance matrix.

(28)

p1=

C. Angle estimation

When the number of paths and their corresponding an-
gles are unknown, the matrices Aros and Anpos are not
known, even in terms of their order. This makes it chal-
lenging to implement the detector. Following this, we will
outline proposed angle finding technique aimed at provid-
ing the detector with the necessary information, thus ren-
dering the test (13) implementable. To obtain the MLE
of the matrices Apops and Anpos, it involves addressing
problem minKo’KllAlecl\dTNIR><(KU+2K1) HPILZHQ However,
directly solving it often leads to overestimation of the model
order, as larger values of Ky and K; tend to minimize the
objective function. So we resort to introduce the sparsity
in the paths, where Ky and K are typically much smaller
than MpMp, to estimate the angles and number of paths.
Specifically, the problem of estimating these matrices can be
formulated as:

(Ko, K1, ALos, ANLos) =

argmin Ky + 0K

0,K1,
Apos€eCHoxt,
AnroseC?Kixt

S.t. || zZ — Ex(ALosOé + ANLOSa/) ||2§ 62,

where § is the parameter characterizing the weights be-
tween Ky and K. It is worth noting that for any A; =
[ALos, Axrosl, B = [@T, (a/)T]T should be (Z3/?A;)iz
to minimize | z — ¥, (ALosa + Anxrosa@’) [|?, so the
constraints degrades to HPILZH2 < €2. The Continuous Do-
main Compressed Sensing method (CSCD) proposed in [10]
employs an iterative procedure to solve (29). In each iteration,
it initially obtains coarse estimates of the paths through grid
search, followed by fine angle estimation using the Levenberg-
Marquardt (LM) method. Additionally, CSCD utilizes a group-
sparsity enforced structure to leverage the paired characteristic
of NLOS paths and has demonstrated robust performance in
multipath estimation.

Once the Apos and Anros are estimated, the test is then
utilized for the detection of #4 from H,

(29)

—~ ~ 2
Hz - Egl/on(E}/?Ao)TZH "
2% al/2h 2 5 A,
Hz—zx Azt Al)TZH o

(30)



where 110 = XNLOS and ;&1 = [.&Los, :&NLOS]«

IV. SIMULATIONS

In this section, numerical simulations are conducted to eval-
uate the detection performance of the full-rank and deficient-
rank waveforms when the path parameters are known, as well
as the estimation performance of full-rank waveforms when
the path parameters are unknown.

For the detection scheme with unknown parameters, the
CSCD estimation method is adopted to estimate the unknown
angles, so the detector is named GLRT-CSCD for simplic-
ity. Additionally, we adopt an Orthogonal Matching Pursuit
(OMP)-based estimator [14] to provide angle estimation and
introduce GLRT-OMP algorithms for the purpose of compari-
son. OMP is a classic on-grid method in Compressed Sensing
(CS) that doesn’t require grid refinement in the continuous
domain, resulting in lower computational complexity. Based
on our analysis of the complexity of both algorithms [10,
Section V], the CSCD-based estimator, due to the addition
of refined angle estimation, has a slightly higher computa-
tional complexity than the OMP-based estimator. However,
it’s important to note that the computational complexity of
the refined estimation is independent of grid density, enabling
us to reduce computational load by employing a coarser grid.
The simulation parameters are set as follows:

1) Denote x,, = [7,,(1),2,(2),- -+, 2, (L)]* as the code of
n-th transmitter across L epoch, we normalize the trans-
mission power of each transmit antenna, i.e. xf X, = 1.
The space-time code, with a length of L = 256, are
generated through random phase encoding with con-
stant modulus. The TBF matrix for the deficient-rank
waveform is constructed based on the known LOS path
angles, where J = Ky, i.e., F = /My /K A% (9).

2) The number of transmitting and receiving elements in
the MIMO array are set as My = 10 and Mp = 10,
respectively. The noise follows a Gaussian distribution
with variance 0% = 1. We set 81 ~ CN(0,031, 2k, )
and define the signal-to-noise ratio (SNR) as 07 /0.

3) The angle space ranging from —90° to 90° is discretized
with a step size of 2° to obtain the grids. Both the OMP-
based and CSCD-based estimators have a maximum iter-
ation limit of 7" = 10. The stopping criterion parameters
are defined as € = /o2MrMpg and 6 = 1.

4) The false alarm rate for detection is set to 10~%, and the
number of independent trials used for detection is 10%.
The Monte Carlo trial count for estimation experiments
is set to 2000.

Firstly, we would like to assess the influence of varying
values for K and K; on detection performance, assuming
known path parameters. In Fig. 1, with K; fixed at 1, we
observe an improvement in detection performance for both
waveforms as the K| increases. Notably, the rank-deficient
waveform benefits from the gain introduced by the formation
of transmit beams, resulting in p; being significantly larger
than p; of the full-rank waveform. This leads to a significant
enhancement in LOS detection performance compared to the
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Fig. 2: P, versus ag /o? with different K.

full-rank waveform. Intuitively, this can be explained as the
rank-deficient waveform, equipped with the TBF method,
concentrating energy on the LOS path, thereby enhancing
detection performance.

In Fig. 2, we set Ky = 2 and investigate the influence of
increasing K. Different trends are observed. For the rank-
deficient waveform, although performance is notably superior
to the full-rank waveform when K; = 3, it gradually decreases
with an increase in K. In the case of K7 = 7, its performance
is significantly inferior to the full-rank. This is because the
full-rank waveform having a DOF m much larger than the
rank-deficient waveform’s DOF m. With the ability to fully
utilize the available degrees of freedom to generate as many
diversity branches as possible in the signal space, the full-
rank waveform exhibits superior LOS detection performance
in scenarios with dense multipaths (larger K;).

When the angles of paths are unknown, generating the
TBF matrix to employ the rank-deficient waveform becomes
unimplementable due to a lack of prior information on LOS
angles and the number of paths. So we validate the detection
and estimation performance of LOS in full-rank waveforms.
Firstly, in Fig. 3, we set the path number Ky = 2, K1 = 3
and evaluate the root-mean-squared-error (RMSE) [10] of the
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angle estimation algorithms. We refer to the RMSEs condi-
tioned on the correct path estimation, with a path considered
correctly estimated if its estimation error is smaller than the
grid resolution. As expected, we find that both NLOS and
LOS have better estimation accuracy when using the CSCD
method for continuous-domain angle estimation compared to
using the OMP method on a discrete grid. This difference in
estimation performance is reflected in GLRT, as seen in Fig.
4, where GLRT-CSCD consistently outperforms GLRT-OMP
in detection performance.

V. CONCLUSION

In this paper, we investigate localization using a monostatic
ISAC system in the presence of multipaths. We formulated the
LOS detection as a binary detection problem and derived the
corresponding GLRT detectors for two waveforms: the full-
rank and rank-deficient waveforms. The theoretical detection
performance of the proposed GLRT has been analyzed un-
der perfect angle estimation. We find that the rank-deficient
waveform can benefit from accumulation advantages through
TBF, enhancing detection performance in low-density NLOS
scenarios. The full-rank waveform, with its higher degree
of freedom, exhibits relatively stable detection performance

across various scenarios. Particularly, it demonstrates superior
LOS detection performance compared to the rank-deficient
waveform in dense multipath scenarios.

In the case of unknown path parameters, we propose CSCD
method for angle estimation method based on the full-rank
waveform. The proposed CSCD method, which performs LOS
and NLOS angle estimation in the continuous domain, exhibits
superior estimation accuracy compared to methods such as
OMP that operate on discrete grid points. Simulation results
indicate that the GLRT-CSCD outperforms the GLRT-OMP.
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