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Abstract—In this paper, we investigate cell-free integrated
sensing and communication (ISAC) systems and propose a
sensing-assisted beam tracking scheme based on multiple access
point (AP) cooperation. Leveraging the Bayesian filtering frame-
work, the proposed scheme integrates prior state transitions with
posterior filtering to achieve optimal tracking. Since the echoes
received at each AP may contain contributions from multiple
user terminals (UTs), we apply point-wise division and the two-
dimensional Fourier transform to map these echoes into the
delay-Doppler domain, thereby enabling distinguishing signals
from different UTs. To further reduce computational complexity,
we discard low-power components and focus on dominant parts
by exploiting the sparsity of UT signals in the delay-Doppler
domain. Moreover, the nonlinearity of state transition and
observation models renders the direct computation of prior and
posterior probability density functions intractable. To address
this challenge, we employ particle filtering to provide a Monte
Carlo approximation of the Bayesian filtering. Simulation results
demonstrate the effectiveness of the proposed scheme.

Index Terms—Beam tracking, cell-free network, integrated
sensing and communication (ISAC), particle filtering.

I. INTRODUCTION

Emerging application scenarios, such as intelligent trans-
portation systems, smart manufacturing, and low-altitude
economies, impose increasingly stringent requirements on
wireless networks. These requirements emphasize not only
enhanced performance but also the integration of additional
functionalities. One critical functional enhancement is the
incorporation of radar sensing into wireless networks, which
facilitates target detection, real-time positioning, and environ-
mental awareness. To address the demands of both sensing
and communication, integrated sensing and communication
(ISAC) has been developed as a unified solution [1].

Existing research on ISAC can generally be categorized
into two dimensions: functional integration and mutual as-
sistance [2]. Functional integration refers to the simultaneous
realization of communication and sensing capabilities through
the design of beamforming techniques, waveforms, and sys-
tem architectures [3]. Mutual assistance, on the other hand, fo-
cuses on leveraging one function to enhance the performance
of the other. For example, since data transmission and the
echoes of user terminals (UTs) share the same propagation
path, sensing-assisted beam tracking employs radar sensing
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to track UTs and facilitate precise beam alignment [4]-
[7]. Specifically, as sensing relies on echoes, this approach
eliminates the need for direct interaction between the base
station and UTs, thereby reducing latency for beam alignment
and enhancing overall system efficiency.

On the other hand, the architecture of wireless networks
is undergoing a significant evolution. Traditional cellular
networks, which rely on independently operated base stations,
face challenges such as inter-cell handovers and interference.
To overcome these limitations, the concept of cell-free net-
works has emerged [8]. Unlike traditional systems, cell-free
networks leverage cooperation among multiple access points
(APs) to reduce interference and ensure reliable communica-
tion [9]. Moreover, these networks are inherently well-suited
for ISAC. Specifically, cooperative multi-AP configurations
enhance the dimensionality of sensing data, facilitating more
precise sensing. Additionally, separate transmit and receive
APs avoid the interference among APs. This inherent compat-
ibility has driven significant advancements of ISAC within the
frameworks of cell-free networks [10], [11]. Despite notable
progress in beamforming design for cell-free ISAC networks,
research on sensing-assisted beam tracking remains limited.
This limitation arises from two primary challenges. First, cell-
free networks typically involve a large number of transmit
APs, UTs, and receive APs, leading to substantial processing
complexity. Second, effectively fusing signals from multiple
transmit and receive APs for tracking is a complex problem
that lacks optimal solutions.

To tackle these challenges, we investigate cell-free ISAC
systems and propose a sensing-assisted beam tracking scheme
based on multiple AP cooperation (SBT-MAPC). Leverag-
ing the Bayesian filtering framework, the proposed scheme
integrates prior state transitions with posterior filtering to
achieve optimal tracking. Since the echoes received at each
AP may contain contributions from multiple UTs, we apply
point-wise division and the two-dimensional Fourier trans-
form to map these echoes into the delay-Doppler domain,
thereby enabling distinguishing signals from different UTs.
To further reduce computational complexity, we discard low-
power components and focus on dominant parts by exploiting
the sparsity of UT signals in the delay-Doppler domain.
Moreover, the nonlinearity of state transition and observation
models renders the direct computation of prior and posterior
probability density functions (PDFs) intractable. To address
this challenge, we employ particle filtering to provide a Monte
Carlo approximation of the Bayesian filtering.

Notations: Lowercase and uppercase bold symbols denote
vectors and matrices, respectively. [A],, ., [A]. », and [A],, »
denote the mth row, the nth column, and the entry on the mth
row and the nth column of a matrix A. [a],, denotes the
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Fig. 1.

Ilustration of the system model.

mth entry of a vector a. (-)* and (-)! denote transpose and
Hermitian transpose, respectively. o, C, and CN () denote
proportionality, complex numbers, and complex Gaussian
distribution, respectively.

II. SYSTEM MODEL

As shown in Fig. 1, we consider a cell-free ISAC system
with M; transmit APs and M, receive APs, each equipped
with a half-wavelength uniform linear array of Ny and NV,
antennas, respectively. The transmit APs serve K mobile user
terminals (UTs), while the receive APs collect echoes from
the UTs for sensing. To enhance communication reliability,
sensing-based UT tracking is considered. For simplicity, each
UT is assumed to employ a single antenna and also acts
as a sensing target, so that its kinematic parameters can be
extracted from the received echoes.

Orthogonal frequency-division multiplexing (OFDM) with
U subcarriers and spacing Af is employed for wideband
transmission. Sensing is performed in blocks of S OFDM
symbols, where each symbol has duration T;. For subcarrier u
and OFDM symbol s, the stacked baseband symbols of K
UTs are denoted by ") € CK. With transmit beamforming,
the signal radiated by transmit AP m is Fm:cg“), where
F,, € CN<*X denotes the beamforming matrix. Following
prior work [4]-[6], we assume that the sensing channel
is dominated by the line-of-sight (LoS) path, while weak
multipath echoes are treated as noise. The transmitted signal
propagates over the sensing channel and is received by the
APs for UT tracking. After linear combining, the received
signal at receive AP n is

yns ZWHW?'ILS

where W,, € (CLXNT is the combining matrix and n, ~
CN(0,021}) is additive white Gaussian noise (AWGN).
Then, the sensing channel from transmit AP m to receive

™ 4 n, (1)

AP n on subcarrier u of OFDM symbol s is modeled as

'r(quQns Z’ykmns Nr70kn) (Nt79k,m)H> (2)

where 6y, ,,, and Hk n are the angles of the kth UT with respect
to transmit AP m and receive AP n, respectively. In addition,
the complex coefficient 'y,(fm n.s i (2) is defined as

’Y;i ) s 2 Ghmpe 12T DT m n Af oi2m(s =D fim e (3)

where gi m.ns Tk,m.n, and fi ., denote the channel gain,
propagation delay, and Doppler frequency, respectively. Ac-
cording to [12], the steering vector is defined as

1
a(N,0) = 7

III. SENSING-ASSISTED BEAM TRACKING

[Lej‘n'sin‘97 . ,ejﬂ(N—l)sinQ]T. 4)

In this section, we investigate sensing-assisted beam track-
ing for cell-free ISAC systems.

A. Procedure Overview

We consider a UT tracking process consisting of B blocks
and adopt a kinematic model to exploit inter-block state
correlations. In a Cartesian coordinate system, the position
and velocity of UT k in block b are [zj[b],yx[b]]T and
[0z k[D], vy, [D]] T, respectively. The corresponding state vector
is ug[b] = [z [b], yk[b], vo k[b], vy [b]]T. Through geometric
relationships [4], [5], ug[b] can be mapped to the channel pa-
rameters, which in turn determine the received signals in (1).
We denote this composite mapping by F(-) and omit the
details for brevity. The initial state u;[0] is assumed known
from cooperative sensing among multiple APs. To fully
exploit multi-AP observations, we employ a Bayesian filtering
framework, which comprises the following two steps [13].

1) State Prediction: In the bth block, for b > 1, based
on the measurements in the previous (b — 1) blocks, the UT
tracking calculates the prior PDF of the state vector as

p(ue[b]|ze[b — 1, -, 2[1])

= [ (pleblfusle 1)

puglb —1]|z[b — 1], - zk[l]))duk[b —1, (5
where z[b] denotes the measurements associated with the

kth UT in the bth block. Then, the predicted state vector can
be calculated as

Based on @y, [b], the channel angles of UTs can be calculated
via geometric relationships, and the beamformers and com-
biners for obtaining the measurements in the bth block can
be designed accordingly [4], [5].

2) State Update: Based on the measurements in the bth
block, the posterior PDF of the state vector is calculated via

p(we[bllze[b], - zi[1])
o< p(z[0]|ur[b]) p(urb]|zulb — 1], -+, ze[1]). (D)
From (7), the posterior PDF can be calculated as the product
of the likelihood p(zy[b]|uy[b]) and the prior in (5). With the
posterior PDF, the state vector can be updated as
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Based on uy[b], the beamformers and combiners for commu-
nication can be designed.

By iteratively performing the state prediction and state
update, the whole UT tracking procedure can be completed.

B. Data Extraction

As shown in Section III-A2, the state update requires
evaluating the measurement likelihood based on the signals
collected by the receive APs. Since each received signal in
(1) contains superposed echoes from multiple UTs, directly
computing the joint likelihood over all UTs and APs leads to
a high-dimensional inference problem. To reduce complexity,
we first extract the echo component of each UT from the
mixed measurements.

To eliminate the impact of the communication symbols, we
divide y,(L 3 by [ (u)] From (1), this results in

Tl(c7)zs = y,, 2/["13(“ ]
M,
(a) Z W 77L n s mm(U)/[mgu)]k + ’;in

Z Z W, H), [F,

m=11i=1,i#k

wli @]/ [#],

My
+ZWHy(nng[ m] k+ﬁn

m=1
(b) My K
~ D0 D i o Mo [200],/[207],
m=11i=1,i#k
7
+kan '-Y](anné nkm+nn (9)
m=1

where we define 7, = n,/ [azs } (a), and define
Vk,n £ Wna(Nraek’,n) and Nk,m £ (Ntyek m) [Fm]:,k
in (b). In addition, the approximation in (b) stems from
a(Ny, Ok ) [Fp).; ~ 0 if i # k due to mitigation of
multiuser interference [14]. This approximation is reasonable
when the transmit beams are well aligned with their intended
UTs and the inter-user angular separation is sufficiently large,
so that the beam leakage among different UTs is weak. In (9),
r,(;f)l’s contains the outputs of L combiners. For the [th output,
we have

My K
[r](;;)lys]l = Z Z d'g,qul,n,sl 71(1:7)1 n,s
m=11i=1,i#k
My _
+ Z dk,m,n,l ’ ’ylgt?v)mn,s + [ﬁnh (10)
m=1
where dgqfﬂ)z n,s,l [vl 7'}”71 m [:Bg )] z/ [mgu)} k and Jkﬂn,n,l £

[V n)iMk m.- In (10), we absorb the approximation error in (b)

of (9) into noise. 7, is defined as the summation of 72,, and
S (u) (u) (u)

approximation error. Stack [r," ], d; . v . . and

[72,]; in the U subcarriers and .S symbols as Ry, ,, 1, Di m.n.i»
I'; m.n, and N, respectively. Then, we have

My K
Z Z Di,m,n,l O] Fi,m,n

m=1i=1,i#k

Ry =

My

+ > dimmiThmn + No. (1)

m=1
From (11), each entry in Ry, ; contains three parts: echoes
from the kth UT, echoes from other UTs, and noise. The
echoes from other UTs depend on the indices of symbols
and subcarriers due to the mismatch between [mgu)]z and

[a:gu)] . for i # k. In contrast, the echoes from the kth UT
are independent of these indices because of the match between
the transmit and receive signals. Furthermore, from (2), each
row and column of I'y,,, represents complex sinusoidal
signals. To accumulate echoes of the kth UT, we apply a
two-dimensional Fourier transform to convert Ry ,; to the
delay-Doppler domain THRk ntTs as
M,

Z Z Glm”l—i_ZGk‘mnl‘f'TUN Ts

m=1i=1,i#k
(12)

Yhere Gi,m,ml = T(I]{(Di,m,n,l O] Fi,m,n>TS and Gk,m,n,l £
At THT & m.nTs. In (12), Tyy and Ts denote the Fourier
transform matrices with dimensions U x U and S x S,
respectively. Note that each entry of D; . ; © Ty is a
random variable due to the randomness of transmit symbols.
According to [6], the Fourier transform of this random
sequence tends to follow a Gaussian distribution. We combine
the echoes from other UTs and the noise term T[I]{ N, Ts into
a single term IV,,. Since both parts in IN,, follow a Gaussian
distribution, we can model IV,, as AWGN. Thus, the signal
in (12) can be written as

Ry =

M, -

> Grmmi+ No. (13)
m=1

From (13), in the delay-Doppler domain, only the echoes
from the kth UT are retained, while those from other UTs
are absorbed into the noise. Consequently, the echoes from
the kth UT are effectively extracted from the mixed signals.

Ry g =

C. Complexity Reduction

From Section III-B, after data extraction, the likelihood
can be evaluated independently for each UT using the delay-
Doppler measurements. For each UT, the delay-Doppler grid
has size U x S, which yields US samples and incurs high
computational cost when U and S are large. Since the UT
echoes are complex sinusoids over subcarriers and symbols,
their energy is sparse in the delay-Doppler domain and
concentrates around a few dominant bins. We therefore retain
only the dominant components and discard low-power bins to
reduce the complexity of likelihood evaluation.

Let wg[b] denote the predicted state of UT k in block
b in (6). Based on Wy[b], the predicted delay and Doppler
for the link (m,n) are denoted by Ty . n[b] and fy ,, ,.[b].
respectively. The corresponding peak indices in the delay-
Doppler grid are

L=C(UTkmu[blAf+1), Ie=C(Sf) b Ts+1), (14)
where C(-) denotes the ceiling operation. We select a (2D +
1) x (2D + 1) window centered at (I,I.) to evaluate
the likelihoqfi, and denote the samples extracted from this
window as Ry, ,, ;. The window radius D is chosen based on
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Algorithm 1 Sensing-Assisted Beam Tracking based on
Multiple AP Cooperation (SBT-MAPC) for Cell-Free ISAC

Input: N,, N,, M, M,, K, U, S, H". ., Q, Af, T..
Initialization: Initialize p,[0] as u[0], b+ 0.
while the tracking process is not completed do
b+ b+ 1
Obtain P, [b] via (18).
Obtain w, via (19).
Obtain w, via (20).
Obtain the filtered state vector w[b] via (21).
end while
Output: uy[b].

R A A R ol e

=4

sensing resolution and prediction uncertainty. Under the sys-
tem settings, the range and velocity resolutions are ¢/(UAf)
and A\/(ST;), respectively, where ¢ and A are the speed of
light and carrier wavelength, respectively. Therefore, for a
local delay-Doppler window with radius D, the covered range
and velocity deviations are
Ay — (D+1/2)c (D+1/2)A
"T TUAf ST,
Denote maximum prediction errors of the range and velocity
as €, and €, respectively. To ensure that the dominant peak
remains within the selected window under the maximum ex-
pected prediction mismatch, we have Ar > ¢, and Av > €,
which leads to the setting of D as
UAfe, 1 STse, 1
D>max{{ : _2H - _2”. (16)
Note that the choice of D involves a tradeoff between
computational complexity and tracking performance. A larger
D improves robustness to prediction error by enlarging the
local delay-Doppler window, but also increases the likelihood
evaluation complexity. In contrast, if D is too small, the
actual peak may fall outside the selected window, so that
the extracted samples contain only low-power components
or noise, leading to inaccurate likelihood evaluation and
degraded tracking performance.

, Av = (15)

D. Particle Filtering

For the sensing-assisted beam tracking in the cell-free ISAC
system, the measurements are highly nonlinear functions of
the state vector. Therefore, the posterior PDF of the state
vector is hard to calculate. To address this issue, we resort
to the particle filtering, which approximately represents the
posterior PDF of the state vector via a series of weighted
particles. Since the UTs can be tracked independently, we
then take the kth UT as an example to present the detailed
procedures of the SBT-MAPC.

1) Initialization: We denote the number of particles as Q.
The state vector of the gth particle is initialized as py[0] =
ug[0] forg=1,2,--- Q.

2) State Transition: Denote the state transition model from
the (b — 1)th block to the bth block as

up[b] = T (ur[b—1]) + ¢ (17)
where 7 (-) denotes the state transition function and ¢ denotes
the state transition noise. Then, the predicted state vector of

the gth particle can be calculated as

Py[b] = T(py[b - 1)) + ¢, (18)
where Zq is a realization of ¢. Note that p,[b] is sampled from
the state transition model. Therefore, they can represent the
prior PDF of the state vector, i.e., P,[b] ~ p(ux[b]|zk[b —
1],--+,z[1]), where z[b] denotes the stack of selected
signals ﬁk,n,l in the bth block for the L receptions of the
M, receive APs.

3) Importance Weights Calculation: From Section III-A2,
the posterior PDF is proportional to the product of the
likelihood and the prior PDF. The prior is already represented
by the particle distribution generated in Section III-D2. To
represent the posterior PDF, the weight of each particle w, is
calculated via the likelihood p(zy[b]|p,[b]) to incorporate the
latest sensing measurements. According to (13), each entry in
21, [b] contains the received signal and the AWGN. Therefore,
we have

wq = p(2x[0][P,[b])
o< exp{—~(zx[b] = F (B, [b]))" &~ (21[b] - F (B, [0]))},
(19)
where = denotes the covariance of measurement noise. To
ensure that the integral of the PDF is one, we normalize w, as

Wy = we/ S0, wy. (20)
4) Resampling: To combat particle degeneration, where
computational resources are wasted on samples with negli-
gible weights, resampling is performed by replicating high-
weight particles and discarding low-weight ones. This oper-
ation focuses the particle set on the most likely UT trajec-
tories. We denote the state vectors of the particles after this
refinement as p,[b]. For detailed implementations, interested
readers are referred to [13].
5) State Update: Since w, in (20) reflects the posterior
PDF and p,[b] reflects the prior PDF, the filtered state vector
can be calculated as

Q
b = > w,p,[b. @D
q=1

6) Summary: We initialize the particle filtering in Sec-
tion II-D1 and repeat the procedures from Section III-D2
to Section III-D5 until the whole tracking procedure is
completed. Note that the channel parameters can be calculated
and the beamformers as well as combiners can be calculated
accordingly following the methods in [4]-[6] based on @[b].

Complexity Analysis: The computational complexity is
dominated by the particle propagation in Section III-D2 and
the likelihood evaluation in Section III-D3. After sparsity-
based truncation, the likelihood is evaluated only on a local
(2D+1) x (2D+1) window in the delay-Doppler domain and
the per-particle cost scales with O(D?). Therefore, for K UTs
and @ particles per UT, and aggregating measurements from
M, receive APs (and L combiners), the overall complexity is
on the order of O(KQ M;M,L D?).

Design Rules for (): The number of particles ) determines
the accuracy of the Monte Carlo approximation in particle
filtering. According to the convergence results of particle
filtering, the approximation error decreases with () at the
rate of 1/4/Q, while the computational complexity grows
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TABLE I
SIMULATION PARAMETERS

Parameter Value Parameter Value
Carrier Frequency (fc) 30 GHz | Bandwidth 3.84 MHz
Tx/Rx APs (M, M) 2 Number of Antennas (N, Ny) 32
User Terminals (K) 2 Velocity (v) 20 m/s
Number of Subcarriers (U) 128 Number of Symbols/Block (S) 128
Total Blocks (B) 100 Total Time 10s
Subcarrier Spacing (A f) 30 kHz | Symbol Duration (T%) 33 ps
Number of Particles (Q) 1000 Noise Power (0%) -95 dBm
Number of Measurements (L) 1 Window Radius (D) 1
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Fig. 2. Comparisons of different schemes in terms of tracked trajectory.

linearly with @ [15]. Therefore, the design of @@ follows a
performance-complexity tradeoff. In practice, @) can be se-
lected through offline parameter tuning, since the performance
gain brought by increasing () becomes marginal when @ is
sufficiently large.

Finally, we summarize the SBT-MAPC in Algorithm 1.

IV. SIMULATION RESULTS

Now, we evaluate the performance of the proposed SBT-
MAPC in a cell-free ISAC setting. The simulation parameters
are summarized in Table I, and the AP deployment together
with the real trajectories (RTs) of the two UTs are illustrated
in Fig. 2. Note that, under the simulation parameters in
Table I, a window radius of D = 1 can cover up to 117 m
range deviation and 3.55 m/s velocity deviation according
to (15). This indicates that the selected window is sufficiently
robust to tolerate relatively large prediction errors. To model
large-scale attenuation in a realistic manner, we adopt the
widely used free-space path-loss model. To quantify the gain
of multiple-AP cooperation relative to single-AP operation,
we compare SBT-MAPC with the following two benchmarks.

e SBT-MM: This is the SBT scheme based on multiple
measurements (MM), where one AP performs tracking
and conducts L = 4 measurements for angle estimation.

e SBT-SM: This is the SBT scheme based on single
measurement (SM), where one AP performs tracking and
only a single measurement is conducted, i.e., L = 1.

Moreover, the classic extended Kalman filter-based SBT
(EKF-SBT) in [4] is also adopted as a benchmark.

As shown in Fig. 2, we compare different schemes in terms
of the tracked trajectory (TT), where the transmit power is set
to 30 dBm. From the figure, the proposed SBT-MAPC can
effectively track the UTs throughout the entire process. In
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Fig. 3. Comparisons of different schemes in terms of beamforming gains.
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Fig. 4. Comparisons of different schemes in terms of sum-rate.

contrast, SBT-MM initially tracks the UTs well, but its TT
gradually diverges from the RT. This is because only one
AP performs tracking for SBT-MM, which can only provide
radial velocity observations. As a result, the estimated velocity
may deviate from the actual velocity, causing the tracking
error to accumulate and eventually fail to track the UTs. The
SBT-SM loses the tracking of UTs rapidly. This is because
SBT-SM performs tracking based on a single AP and a single
measurement, which not only fails to provide accurate angle
information but also results in unreliable velocity estimation.
As a result, it is unlikely to achieve effective tracking. It is
worth noting that although the proposed SBT-MAPC also uses
a single measurement, it leverages multiple AP cooperation
to accurately estimate the UT positions, achieving better
tracking performance than SBT-SM. Furthermore, multiple-
AP cooperation provides Doppler observations from different
lines of sight, which enables recovering the full UT velocity
vector and improves the estimation robustness via geometric
diversity. Therefore, SBT-MAPC demonstrates better track-
ing performance than SBT-MM. These results validate the
superiority of tracking using multiple AP cooperation and
demonstrate the effectiveness of the proposed approach. From
Fig. 2, it can also be observed that EKF-SBT rapidly loses
track of the UTs, mainly due to the linearization errors of
the EKF under strong nonlinearity, which degrades prediction
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Fig. 5. Comparisons of different schemes in terms of sum-rate for varying
numbers of NLoS paths.

accuracy and triggers measurement association failures. In
contrast, the proposed SBT-MAPC avoids linearization and
yields more robust tracking.

In Fig. 3, we compare the performance of different schemes
in terms of the normalized beamforming gain, while in
Fig. 4 we present the comparison in terms of the sum-rate.
As observed from both figures, the proposed SBT-MAPC
significantly outperforms SBT-MM, SBT-SM, and EKF-SBT,
thanks to the cooperative processing among multiple APs and
the exploitation of the optimal Bayesian filtering framework.
Moreover, it approaches the performance upper bound, further
demonstrating the superiority of the proposed approach.

In Fig. 5, we compare the sum-rate performance of different
schemes for varying numbers of non-line-of-sight (NLoS)
paths. To assess the robustness under NLoS propagation,
we explicitly generate NLoS components in the simulation.
Following the NLoS modeling approach in [16], the received
sensing signal is generated by superimposing additional NLoS
paths on the LoS component. The transmit power is fixed at
15 dBm, and the remaining parameters are identical to those
used in Fig. 2. The scatterers associated with the NLoS paths
are randomly distributed within the region shown in Fig. 2,
and the power of each NLoS path is set to be 20 dB lower
than that of the LoS path. As the number of NLoS paths
increases, the performance of SBT-MAPC gradually degrades.
This degradation is mainly caused by the mismatch between
the LoS-dominant likelihood model and the received signal
containing additional NLoS components. Nevertheless, even
when the number of NLoS paths reaches seven, the sum-rate
decreases by only 0.5 bps/Hz, indicating that the proposed
SBT-MAPC scheme is robust against NLoS interference.
This robustness primarily results from the substantially lower
power of the NLoS paths and the separability between the
LoS and NLoS components in the delay-Doppler domain.
By contrast, the performance of the other three schemes,
namely SBT-MM, SBT-SM, and EKF-SBT, remains nearly
unchanged as the number of NLoS paths increases. This
is because these schemes are unable to maintain effective
tracking even in the presence of only the LoS path. Therefore,
additional NLoS paths do not significantly further degrade

their performance.

V. CONCLUSION

In this paper, cell-free ISAC systems have been investigated
and the SBT-MAPC has been proposed. Point-wise division
and two-dimensional Fourier transform have been employed
to separate signals from multiple UTs. To reduce computa-
tional complexity, the sparsity of UT signals in the delay-
Doppler domain has been exploited. Simulation results have
verified the effectiveness of the proposed scheme. Future work
will extend the proposed framework to blockage scenarios via
blockage detection and multipath-aware sensing models, and
will further investigate synchronization-robust designs and
low-overhead AP coordination for real-time beam tracking.
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