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Abstract—The integrated sensing and communication (ISAC)
technology has emerged as an enabler that promises to transform
the traditional mobile communication networks into the multi-
functional perceptive mobile networks (PMNs), where precise
positioning and motion state estimation of network nodes can
be achieved relying on wireless communications within the
network itself. However, in a practical PMN, multiple types
of individually estimated parameters corresponding to multiple
sensing targets are not naturally associated with each specific
target, which may cause severe obstacles to subsequent signal
processing tasks, such as positioning and motion state estimation.
To address this challenge, a high-performance low-complexity
sensing parameter association algorithm is proposed in this
paper. Different from previous works, we first develop a novel
spatial filter by exploiting the convolutional beamspace based
beamformer to separate paths with different directions of arrival
(DOA), and then leverage a low-complexity correlation-based
algorithm to associate the DOA estimates with the corresponding
paired range-velocity estimates. Extensive simulation results are
provided to validate the superior performance of the proposed
parameter association algorithm over state-of-the-art schemes.

Index Terms—Parameter association, integrated sensing and
communication (ISAC), convolutional beamspace (CBS), spatial
filtering.

THE growing demand for environment-aware intelligent

mobile networks has driven the concept of perceptive

mobile networks (PMNs) [1], which enable high-precision

sensing by exploiting wireless communication signals. In gen-

eral, PMNs primarily utilize two distinct sensing modalities:

passive sensing and active sensing. In passive sensing, the

base station (BS) estimates the desired sensing parameters by

exploiting the reflected signals from user terminals (UTs) or

neighboring BSs. Active sensing requires BSs to transmit ded-

icated signals and process their reflections. High-performance

joint communication and active sensing critically depends

on full-duplex technology, and it is not sufficiently mature
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for efficient implementation [1]. Therefore, passive sensing

constitutes a competitive alternative.

However, significant challenges also remain for realizing

passive sensing in practical PMNs, particularly in the associ-

ation of multiple types of individually estimated parameters to

their corresponding sensing targets. In passive sensing, mul-

tiple sensing parameters, such as direction of arrival (DOA),

range and velocity, are typically estimated independently. This

decoupling creates a critical association problem: the lack of

cross-correlation among parameters may result in mismatch

among distinct perceived targets. For instance, the velocity

estimate of one object could erroneously match with the DOA

of another, which may cause severe obstacles to subsequent

signal processing tasks, such as positioning and motion state

estimation.

To mitigate the impact of parameter mismatch in practical

PMNs, the estimates of multi-type sensing parameters of the

same perceived target must be identified and associated with

each other [2]–[5]. Specifically, the authors of [2] advocated

to associate the individual DOA estimates with different UTs

by exploiting UT-specific pseudo-random sequences based

correlation operation in active sensing. However, this approach

cannot be extended to passive sensing scenarios. In [3], DOAs

were estimated by exploiting the time-spatial domain mea-

surements, and hence the DOA estimates and range estimates

can be naturally associated. Nevertheless, some DOAs may be

missing when the ranges of different UTs are close to each

other. The mirrored multiple signal classification framework

proposed in [4] can mitigate this problem, but its efficacy

is primarily restricted to line-of-sight scenarios. In [5], we

developed an association algorithm and its low-complexity

versions. Specifically, a spatial filter is first utilized to reserve

the signals with desired DOAs, then the optimal association

with the paired range-velocity estimates is determined by

invoking a domain transformation technique. Nevertheless,

the computational complexity of the method in [5] is high

due to the domain transformation and its reduced-complexity

versions exhibit marginal precision degradation.

To overcome the drawbacks of the state-of-the-art solutions

conceived for the above-mentioned challenges, in this paper

we present a high-performance low-complexity sensing pa-

rameter association algorithm. Specifically, we first develop a

novel spatial filter to separate paths with different DOAs by



V

Fig. 1. PMN system model, where the BS achieves passive sensing by
exploiting the reflected signals of the vehicular UT.

exploiting the convolutional beamspace (CBS)-based beam-

former. Then, we propose a low-complexity correlation-based

algorithm to associate DOA estimates with the corresponding

paired range-velocity estimates. Finally, extensive simulation

results are provided to validate the superior performance of

the proposed algorithm.

Notations: AT,A∗,AH and A−1 represent transpose, con-

jugate, conjugate transpose and inverse of matrix A, respec-

tively. a[i] and A[i, j] denote the ith element of vector a
and the (i, j)th element of A, respectively. diag(a1, · · · ,an)
is a block diagonal matrix whose diagonal blocks are

{a1, · · · ,an}. IN and 0M×N are the N ×N identity matrix

and M × N zero matrix, respectively. Finally, ∗ is the

convolution operator and δ(·) denotes the Dirac delta function.

I. SYSTEM MODEL

We consider a PMN relying on the mmWave band and the

multi-input multi-output (MIMO) aided orthogonal frequency

division multiplexing (OFDM) technique. As illustrated in

Fig. 1, a vehicular UT participates in the wireless communica-

tion with distributed BS, and LV vehicles serve as the targets

of wireless sensing. For the distributed BS, its baseband unit

is connected via the fronthaul to an the remote radio unit

(RRU), which is equipped with an MR-element uniform linear

array (ULA). The vehicular UT is also equipped with an MT-

element ULA. We assume that in addition to the function

of wireless communication, the BS can perform sensing by

utilizing the signals transmitted from the vehicular UT.

Due to the sparsity of the mmWave channel, only a small

number of resolvable propagation paths, denoted by L, exist

between the vehicular UT and the RRU [6]. Let the propaga-

tion delay and the Doppler offset corresponding to the lth path

be τl and fD,l. By estimating {τl}Ll=1 and {fD,l}Ll=1, the BS

achieves both ranging and velocity measurement. The time-

domain channel impulse response (CIR) matrix of the uplink

from the vehicular UT to the RRU is given by

H(t) =
∑L

l=1
hlδ((1−2vl/c)t−τl])a

T
MR

(ωl)aMT
(ψl), (1)

where aMR
(ωl)= [1, · · ·, ej(MR−1)ωl ]∈C

1×MR and aMT
(ψl)=

[1, · · ·, ej(MT−1)ψl ]∈C
1×MT represent the receiving and trans-

mitting steering vectors of the lth path, respectively, ωl �
2π
λ d sinφl and ψl� 2π

λ d sin θl can be interpreted as the spatial

frequency corresponding to the incident angles, respectively,

while d, λ and c denote the antenna-element spacing, the

signal wavelength and the speed of light, respectively. In

addition, hl, vl, φl and θl represent the channel gain, the

velocity of the reflector projected onto the normal direction,

the DOA and the angle-of-departure of the signal traveling

along the lth path.

As descried in [7], we utilize the data payload for sensing

the target vehicles. Let the carrier frequency and the subcarrier

spacing be fc and Δf . Furthermore, Nc OFDM subcarriers

are employed in the system, and Dn∈C is the modulated data

symbol on the nth subcarrier. Therefore, we can represent the

signal transmitted by the vehicular UT as

x(t) = ω̄ej2πfct
∑Nc−1

n=0
Dne

j2πnΔft, (2)

without considering cyclic prefix (CP), where ω̄ ∈C
MT×1 is

the beamforming vector of the vehicular UT. The received

baseband signal vector of the gth OFDM symbol yg(t) =
e−j2πfctH(t) ∗ x(t) + zg(t) can be formulated as

yg(t) =
∑L

l=1

∑Nc−1

n=0
hlDna

T
MR

(ωl)aMT
(ψl)ω̄

× e−j2π(fc+nΔf)
(

2vl
c t+(g−1)Tsym+τl

)
ej2πnΔft+zg(t), (3)

where zg(t)∈C
MR×1 is the complex additive white Gaussian

noise (AWGN) vector with zero-mean and covariance matrix

σ2I. Let the sampling interval, the length of the CP, and the

length of an entire OFDM symbol (with CP) be Tsam, Tcp =
NcpTsam and Tsym = NsymTsam, respectively. Then, the mth

sample of the digitized yg[m] ∈ C
MR×1 including the impact

of CP is formulated as

yg[m] =
∑L

l=1

∑Nc−1
n=0

e−j2πfc

(
2vl
c (mTsam+(g−1)Tsym+Tcp)+τl

)

× e−j2πnΔf
2vl
c (mTsam+(g−1)Tsym+Tcp)e−j2πnΔfτl

× ej2πnΔfmTsamhlDna
T
MR

(ωl)aMT
(ψl)ω̄ + zg[m]. (4)

Since (Nc−1)Δf 2vl

c (mTsam+(g−1)Tsym+Tcp) is always small,

e−j2πnΔf
2vl
c (mTsam+(g−1)Tsym+Tcp) can be approximated by 1

[8]. Similarly, the term e−j2πfc

(
2vl
c (mTsam+(g−1)Tsym+Tcp)

)
can

be approximated by e−j2πfc

(
2vl
c ((g−1)Tsym+Tcp)

)
.

Then, the gth received OFDM symbol Yg ∈ C
MR×Nc =[

yg[0],yg[1], · · · ,yg[Nc − 1]
]

can be expressed as

Yg =
∑L

l=1
e−j2πfc

(
2vl
c ((g−1)Tsym+Tcp)

)
e−j2πfcτl

× hla
T
MR

(ωl)aMT
(ψl)ω̄τlDFNc

+ Zg, (5)

where τl =
[
1,· · ·, e−j2π(Nc−1)Δfτl

] ∈ C
1×Nc , D =

diag(D0,· · ·, DNc−1) ∈ C
Nc×Nc , and FNc

represents the Nc-

dimension inverse fast Fourier transform (IFFT) matrix, while

Zg=
[
zg[0], zg[1], · · · , zg[Nc − 1]

]∈C
MR×Nc .

To further estimate propagation delay {τl}Ll=1 and Doppler

offset {fD,l}Ll=1, a common method is to firstly compensate

the received signal by exploiting the demodulated communi-

cation data as Yg = YgF
HD−1, which is also exploited in



Fig. 2. Framework of the proposed sensing parameter association algorithm. In Step I, the BS achieves passive sensing, after which the paired range-velocity
estimates and individual DOA estimates are obtained. In Step II, to associate DOA φ̂l, the spatial filtering is applied to suppress the interference signals from
other undesired directions. Finally, in Step III, we achieve the association of the individual DOA estimates with the paired range-velocity estimates.

[8].

To overcome the drawbacks of existing solutions, we pro-

pose a novel sensing parameter association framework as

depicted in Fig. 2, which is detailed as follows. Specifically,

Section II elaborates Step I of achieving the sensing parameter

estimation, while Section III presents both the proposed

spatial filtering for suppressing the interference signals (Step
II) and the proposed association scheme (Step III).

II. UPLINK SENSING PROBLEM FORMULATION

Step I of Fig. 2 illustrates how we achieve passive sensing

in OFDM-based PMNs. Specifically, a two-dimensional fast

Fourier transform (2D-FFT) is firstly applied to obtain the

paired Delay-Doppler estimation (Step I-1), and the individual

DOA estimates are then obtained (Step I-2).

A. Paired Delay-Doppler Estimation

Let yg,m∈C
1×Nc be the mth row of Yg , and define Γm=[

(y1,m)T,· · ·, (yG,m)T
]T∈C

G×Nc . Then we have

Γm =
∑L

l=1
αl,mθlτl +Wm, (6)

where αl,m = e−j2πfcτlhla
T
MR

(ωl)[m]aMT
(ψl)ω̄, θl =[

e−j2πfc
2vl
c Tcp ,· · ·, e−j2πfc

2vl
c [(G−1)Tsym+Tcp]

]T ∈ C
G×1, and

Wm is a complex AWGN matrix. To improve the sensing

resolution, the zero-padding technique is employed to expand

the dimension of Γm. Let ΓK,m be the zero-padding-version

of Γm, which is given by

ΓK,m =

[
Γm 0G×(K−1)Nc

0(K−1)G×Nc
0(K−1)G×(K−1)Nc

]
, (7)

where K is the multiple of zero-padding length, indicating the

dimension scaling of ΓK,m relative to Γm. Then, the output

of the 2D-FFT of ΓK,m, Ξ=F∗
KGΓK,mF∗

KNc ∈C
KG×KNc

can be expressed as

Ξ =
∑L

l=1
αl,m

(
F*

KGθ̄K,l

)(
FH

KNc
τ̄ T
K,l

)T
+ W̃K,m, (8)

where θ̄K,l =
[
θT
l ,01×(K−1)G

]T ∈ C
KG×1, τ̄K,l =[

τl,01×(K−1)Nc

]∈C
1×KNc , and W̃K,m=F*

KGWK,mF*
KNc

is the AWGN matrix.

Define γl,G =
(
F∗

KGθ̄K,l

) ∈ C
KG×1 and γT

l,Nc
=(

FH
KNc

τ̄ T
K,l

)T∈C
1×Nc . Thus, γl,G and γT

l,Nc
can be expressed

as the discrete Fourier transform (DFT) samples of θ̄K,l and

τ̄ T
K,l, respectively. Let the Fourier transform (FT) of the finite-

sequence θ̄K,l be γ̄l,G(f), i.e.,

γ̄l,G(f) =
∑KG−1

g=0
θ̄K,l[g]e

−j2πfg. (9)

Similarly, let the FT of the finite-sequence τ̄ T
K,l be γ̄l,Nc

(f).
To associate the DFT samples with the continuous FT, the

resolution of γl,G and γl,Nc
have to be determined. Accord-

ing to [8], the sampling intervals FR and TR for γl,G and

γl,Nc are the reciprocal of the total time period and that

of the entire bandwidth, namely, FR = 1/(KGTsym) and

TR = 1/(KNcΔf), respectively. Thus, we have γl,G[i] =
γ̄l,G(iFR) = γ̄l,G(

iΔf
KG ) and γl,Nc [p] = γ̄l,Nc(pTR) =

γ̄l,Nc
(pTsam

K ). As a result, the (i, p)th element in Ξ is

Ξ[i, p]=

L∑
l=1

2π2αl,mγ̄l,G

(iΔf

KG

)
γ̄T
l,Nc

(pTsam

KNc

)
+W̃K,m[i, p]. (10)

According to the definitions of γl,G and γl,Nc
, it is intuitive

that Ξ is the sum of the Gaussian noises W̃K,m and the linear



summation of L discrete 2D sample matrices {γl,Gγ
T
l,Nc

}Ll=1.

Each 2D sample matrix, γl,Gγ
T
l,Nc

, corresponds to the signals

reflected by an object, and the delay-Doppler peak coordinates

(κ̂l, ε̂l) for the lth component matrix of Ξ satisfy

(κ̂l, ε̂l)=arg min
k,n∈Z+

|(k−fD,l/Δf)fR, (n−τl/Tsam)TR|2, (11)

where Z
+ represents the set of non-negative integers. After

determining the coordinates of the peak values {(κ̂l, ε̂l)}Ll=1,

we can obtain the paired range-velocity estimates by {r̂l =
ε̂lRu}Ll=1 and {v̂l= κ̂lVu}Ll=1, where Ru=cTR=c/KNsubΔf
and Vu = cfR/fc = c/KfcTsymG are defined as the range

resolution and velocity resolution, respectively.

B. DOA Estimation and Problem Formulation

Various DOA estimation algorithms have been proposed

in open literature [12]–[14]. By exploiting any of these

algorithms, we can estimate the individual DOAs.

However, since these DOA estimates {φ̂i}Li=1 are generally

obtained independently of the range-velocity estimation, it

is challenging to associate individual DOA estimates with

the paired range-velocity estimates belonging to the same

individual targets. In this paper, we aim to properly associate

the individual DOA estimates with the paired range-velocity

estimates.

III. SENSING PARAMETER ASSOCIATION

This section establishes the association between DOAs and

the corresponding paired range-velocity estimates. First, we

develop a novel spatial filter to separate multipath components

with distinct DOAs by exploiting the CBS-based zero forcing

(ZF) beamformer design. Consequently, component matrices

with undesired DOAs are suppressed, while the component

matrix with the desired DOA is dominating in the output

matrix. Next, as each component matrix in the output matrix

corresponds to a specific paired delay-Doppler estimate, we

then develop a low-complexity correlation-based association

algorithm to determine the optimal DOA mapping to the

paired range-velocity estimates. Finally, we obtain L paired

range-velocity-DOA sensing parameters {(r̂l, v̂l, φ̂l)}Ll=1.

A. Spatial Filtering: CBS-Based ZF Beamformer Design

First, the CBS possessing is implemented to retain the

signals from desired direction φl, by convolving Yg with

a spatial domain FIR filter {hl
c(m)}Mm=1, with M denoting

the length of the filter1. In fact, the output of the CBS

possessing can also be expressed as multiplying the received

1Actually, there have been numerous methods to design a digital FIR filter.
In this paper, we only consider the basic window method to generate a band-
pass FIR filter, which is given by hl

c(m)= sin[ωH(m−ML)]/π(m−ML)−
sin[ωL(m−ML)]/π(m−ML) for m=1,· · ·,ML, where ML=(M−1)/2,
ωH and ωL denote the high and low cut-off frequencies, respectively.

signal Yg by a banded Toeplitz matrix Hl
c [10]. Thus, the

output Yc,g ∈ C
(MR−M+1)×Nc can be expressed as

Yc,g=Hl
cYg=

∑L

l=1
hlH

l
ca

T
MR

(ωl)aMT
(ψl)ωτ̄l+Zc,g, (12)

where hl ∈ C = hle
−j2πfc

(
2vl
c ((g−1)Tsym+Tcp)

)
e−j2πfcτl , and

Hl
c∈C

(MR−M+1)×MR is a banded Toeplitz matrix:

Hl
c =

⎡
⎢⎢⎢⎣

hl
c(M−1) · · · hl

c(0) 0 · · · 0
0 hl

c(M−1) · · · hl
c(0) · · · 0

.

.

.
.
.
.

.

.

.
.
.
.

. . .
.
.
.

0 0 · · · hl
c(M−1) · · · hl

c(0)

⎤
⎥⎥⎥⎦. (13)

The output Yc,g in (12) can be further expanded as

Yc,g=

L∑
l=1

hle
j(M−1)ωlHl

c(ωl)a
T
MR−M+1(ωl)aMT(ψl)ω̄τl︸ ︷︷ ︸

the signal component from lth path, with DOA φl

+Zc,g,

(14)

where H l
c(ω) =

∑M−1
m=0 hl

c(m)e−jωm denotes the spatial fre-

quency response of the filter {hl
c(m)}Mm=1, and aMR−M+1(ωl)

contains the first (MR−M+1) elements of the array steering

vector aMR
(ωl). By CBS processing, all the arriving signals

are filtered by the response H l
c(ω). Ideally, the signal from

the desired direction φl should be perfectly retained, and all

the signals from undesired directions should be suppressed.

Next, to achieve enhanced suppression of interference sig-

nals from undesired directions, we design the beamformer

vector vl ∈C
1×(MR−M+1). We mainly consider to cancel the

interference signals from undesired directions {φk}Lk=1,k �=l,

while maximizing the beam gain over the desired direction

φl. The following optimization problem is considered:

max
vl

Gvl
(φl) = |vla

T
MR−M+1(ωl)|2, (15a)

s.t. ‖vl‖22 = 1, Gvl
(φk) = 0, k=1,· · ·, L, k �= l, (15b)

Then, the tight upper bound of the full array gain

over the desired direction φl in (15a) is Gvl
(φl) ≤

‖vl‖2
∥∥aT

MR−M+1(ωl)
∥∥2 = MR −M +1. According to [11],

the optimal solution for maximizing Gvl
(φl) under the null-

steering constraint is given by the ZF beamformer:

vZF
l =

[IMR−M+1−A(AHA)−1AH]aMR−M+1(φl)

‖[IMR−M+1−A(AHA)−1AH]aMR−M+1(φl)‖2
, (16)

with A=[aMR−M+1(ω1),· · ·,aMR−M+1(ωk),· · ·,aMR−M+1(ωL)]∈
C

(MR−M+1)×(L−1).

Then, we stack the filtered signals {vZF
l Yc,g}Gg=1 into Γl as

[(vZF
l Yc,1)

T,· · ·, (vZF
l Yc,G)

T]T. Specifically, there establishes

Γl=

L∑
l=1

βl(ωl)Ξl+Z̆=βl(ωl)θlτl︸ ︷︷ ︸+
∑L

k �=l
βk(ωk)θkτk

︸ ︷︷ ︸
+Z̆, (17)

where Ξl∈C
G×Nc =θlτl for l = 1, · · · , L, and βl(ωl)∈C=

e−j2πfcτlhle
j(M−1)ωlH l

c(ωl)v
ZF
l aT

MR−M+1(ωl) aMT
(ψl)ω.

Thus, Γl can be regarded as the spatial-filtered-version Γm:

the component Ξl from desired direction φl is dominating

in (17), while other components {Ξk}Lk �=l from undesired

directions {φk}Lk �=l are suppressed.



Algorithm 1 Sensing Parameter Association

Input: {(κ̂l, ε̂l)}Ll=1, {φ̂l}Ll=1, {Yg}Gg=1, {Hl
c}Ll=1.

1: Construct {Ξ̂i}Li=1 by {(κ̂l, ε̂l)}Ll=1.
2: for l=1 to L do
3: Obtain {Yc,g}Gg=1 and vZF

l by (12) and (16), respectively.

4: Obtain Γl by stacking the filtered signals {vZF
l Yc,g}Gg=1.

5: Determine the optimal association index bl for φ̂l by (19).
6: Associate DOA estimates φ̂l with the paired Delay-Doppler

estimates (κ̂bl , ε̂bl).
7: end for
Output: The associated parameters: (r̂i, v̂i, φ̂i), i = 1, · · · , L.

B. Low-Complexity Sensing Parameter Association

Since each matrix Ξ̂l corresponds to a specific paired delay-

Doppler estimate (κ̂l, ε̂l), we can construct matrices {Ξ̂l}Ll=1

by the prior estimates {(κ̂l, ε̂l)}Ll=1. Specifically, the (m,n)th
element of Ξ̂l is denoted as

Ξ̂l[m,n] = e
−j2π

(
fc

2v̂l
c [(m−1)Tsym+Tcp]+(n−1)Δfε̂l

)
. (18)

Note that the components matrices {Ξk}Lk=1,k �=l from unde-

sired directions {φk}Lk=1,k �=l in (17) have been suppressed,

we just need to identify which component matrix in Γl =∑L=1
l=1 βl(ωl)Ξl+Z̆ has the largest contribution, thus realizing

the association of φ̂l with (κ̂l, ε̂l), and in turn, with (r̂l, v̂l).
Before proceeding to the specific solution process, we first

demonstrate the linear independence of matrices {Ξ̂l}Ll=1 to

ensure the decomposition uniqueness of the noise-free Γl.

Theorem 1: For l∈{1, 2, · · · , L}, all the component matrices
{Ξ̂i}Li=1 in Γl are linearly independent when κ̂1 �= κ̂2 �= · · · �=
κ̂L or/and ε̂1 �= ε̂2 �= · · · �= ε̂L.

The proof is omitted due to the page limit.

The linear independence proved in Theorem 1 ensures that

the contributions of {Ξ̂l}Ll=1 in Γl are non-overlapping and

statistically distinguishable. Then, to achieve the association

for φ̂l for any given l∈{1, · · · , L}, we just need to identify

which matrix component offers the maximum contribution in

Γl. Specifically, by defining bl ∈ {1, · · · , L} as the optimal

association index between φ̂l and {Ξ̂l}Ll=1, we have:

bl = arg max
i∈{1,··· ,L}

〈Γl, Ξ̂i〉/‖Γl‖F ·‖Ξ̂i‖F. (19)

It is intuitive that 〈Γl, Ξ̂i〉/‖Γl‖F‖Ξ̂i‖F is maximized when

i= l. On the contrary, if i �= l, 〈Γl, Ξ̂i〉/||Γl||F||Ξ̂i||F will be

much smaller since the contribution of Ξ̂i in Γl is negligible.

Thus, φ̂l is associated with Ξ̂l by (19), and in turn with the

paired delay-Doppler estimate (κ̂l, ε̂l).
Consequently, we can obtain L paired range-velocity-DOA

sensing parameters {(r̂l, v̂l, φ̂l)}Ll=1. Table III-A summarizes

the proposed sensing parameter association procedure.

C. Complexity Analysis

The computational complexity of the full association al-

gorithm in [5] is O(4G2MRNcL + 2G2NcL + 2GN2
c L).

Upon considering the same spatial filter, the computational
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Fig. 3. An implementation of (10) and the paired delay-Doppler estimates
can be obtained by locating all the peaks of |Ξ|.
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Fig. 4. Beampatterns of different spatial filters, where we set the desired
direction and undesired directions to 0.5π and {0.3π, 0.6π, 0.9π}.

complexity of the proposed parameter association scheme

is O(LGNc + L2GNc). In addition, the complexity of the

proposed CBS-based ZF spatial filter is roughly O((L −
1)2(MR −M + 1) + (L− 1)3).

IV. NUMERICAL RESULTS

In the simulations, the numbers of BS and UT antennas

are set to MR = 64 and MT = 2, respectively. The carrier

frequency is set to fc = 28GHz and the subcarrier spacing is

set to 100KHz [4]. Furthermore, the number of subcarriers is

chosen to be 128 and the length of CP is 16. In each simulation

trial, three perceived targets are randomly generated in the

range of [20, 90]m, whose velocities are randomly generated

in the range of [0, 40]m/s. The DOAs of the perceived

targets are randomly sampled from [0, π]. In Fig. 3, we

illustrate a realization of |Ξ| and the K = 25 times zero-

padding technique is utilized to improve sensing resolution.

By locating all the peaks of |Ξ|, we can obtain the desired

paired delay-Doppler estimates, and the corresponding range-

velocity estimates.

First, we evaluate the spatial filtering performance, which

is depicted in Fig. 4. Specifically, the equivalent beampatterns

of different spatial filters are illustrated, where the filter length

is set to M = 31 and the passband of the spatial FIR filter

is defined as φ∈ [0.4π, 0.6π]. Compared to the spatial filter

proposed in [5] (based on ULA with MR=64), the proposed

CBS-based ZF beamformer has an approximate main lobe
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width. However, it sacrifices approximately 4 to 5 dB of

side-lobe performance while providing significantly enhanced

suppression performance over a wider angular range. Fur-

thermore, the ZF design in the proposed scheme enables

substantial suppression in certain undesired directions.

Then, we evaluate the average probabilities of success

association by different association schemes under low signal-

to-noise ratio (SNR) conditions in Fig. 5. In this scenario, five

perceived targets are considered and each result is derived

from 103 independent Monte Carlo trials. Specifically, the

proposed association algorithm achieves nearly the identical

performance to the scheme in [5], while the complexity of

our algorithm is significantly reduced. Notably, the association

performance of the scheme in [4] exhibits substantial fluctu-

ations as SNR decreases, whereas both our scheme and the

scheme in [5] maintain robust performance even at extremely

low SNRs.

In Fig. 6, we evaluate the robustness of the three schemes

in a more comprehensive manner. Specifically, we introduce

two configurable parameters: the minimum differences among

velocities and ranges of perceived targets, namely Δrmin =
mini �=j |ri− rj | and Δvmin = mini �=j |vi− vj |. This setup is

designed to emulate challenging scenarios, such as those

with multiple closely-spaced perceived targets. When these

targets have similar kinematic states, the ambiguity in sensing

parameter association increases. The velocity and location

of each perceived target are randomly generated to ensure

generality and each result in Fig. 6 is derived from 500
independent Monte Carlo trials. As depicted in Fig. 6, for

our scheme and the schemes of [4], [5], the probabilities

of success slightly decrease as the minimum differences in

velocity and range are reduced. Notably, even in the scenarios

with the lowest success probability, our scheme consistently

outperforms the other two schemes.

V. CONCLUSION

To implement a more practical range-velocity-DOA sensing

in PMNs, we propose a high-performance low-complexity

sensing parameter association algorithm. Specifically, we de-

velop a novel spatial filter to separate paths with distinct

DOAs by exploiting the CBS-based beamformer design. Then,

we propose a low-complexity correlation-based algorithm to

associate DOA estimates with the corresponding paired range-

velocity estimates, without the need for complicated domain

transformation. Extensive simulation results are provided,

validating the superior performance of the proposed algorithm.

The effectiveness of the proposed method relies on distinct

path DOAs, and its resolution performance for closely spaced

targets can be limited. Future work will involve developing

spatial filtering techniques of higher robustness for dense

environments.
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