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Abstract—This paper studies orthogonal time-frequency space
(OTFS) modulation aided multistatic integrated sensing and
communication (ISAC) in vehicular networks, whereby its delay-
Doppler robustness is exploited for enhanced communication
and high-resolution sensing. We present a triangulation-based
deployment framework combined with Kalman filtering (KF)
that enables accurate target localization and velocity estimation.
In addition, we assess the ISAC performance in the multi-
static topology to determine its effectiveness in the dynamic
environment. Further, a suboptimal placement strategy for the
multistatic receivers is devised to reduce the targets’ localization
error. Numerical results demonstrate significant reductions in the
sensing error and bit error rate (BER) performances.

Index Terms—Multistatic integrated sensing and communica-
tion, orthogonal time-frequency space, Kalman filtering

I. INTRODUCTION

Vehicular networks are critical for future intelligent trans-
portation systems, enabling safer, greener, and more efficient
driving through enhanced situational awareness [1]. Integrated
sensing and communication (ISAC) combines shared wave-
forms, signal processing, and hardware to improve both com-
munication and sensing [2]. Traditional orthogonal frequency-
division multiplexing (OFDM) struggles in high-mobility sce-
narios due to Doppler-induced interference, whereas orthogo-
nal time-frequency space (OTFS) modulation offers improved
communication in dynamic environments [3]. This paper ex-
plores OTFS-aided ISAC for vehicular networks, focusing on
multistatic ISAC with coordinated, low-complexity nodes to
enhance both sensing and communication.

Related Works: Monostatic ISAC systems, which feature
co-located transmitters and receivers, provide low hardware
complexity and efficient spectrum utilization. OFDM-based
multipe-input and multiple-output (MIMO) ISAC systems
enable reliable estimation of range, angle, and velocity [4],
[5]. However, a single observation point limits spatial diversity
and system robustness, particularly in high-mobility vehicular
scenarios. Multistatic ISAC offers a solution by allowing
cooperation among multiple nodes, thereby improving both
localization accuracy and sensing reliability. Previous studies
had shown that joint waveform and resource allocation lead to
a lower Cramér–Rao lower bound (CRLB) while maintaining
communication performance [6]. Cooperative vehicular ISAC
frameworks had also been shown to reduce the detection

errors and latency. At the network level, strategies such as
coordinated multi-point transmission and multi-static radar
had been studied to enhance sensing performance as node
cooperation increases [7]. Furthermore, mutual-information-
based approaches have been used to model multistatic ISAC as
a virtual MIMO system [8]. Extending previous developments,
authors in [9] presented a KF–based tracking approach in
multi-static ISAC that integrates bistatic range, range rate, and
direction of arrival (DoA) measurements to improve estimation
accuracy, noise robustness, and real-time tracking capability.
Besides, an OTFS-based vehicle-to-infrastructure multistatic
ISAC framework was investigated in [10] that exploits spa-
tial diversity and employs a sparse recovery–driven joint
association and localization method to deliver accurate and
efficient target detection and parameter estimation in dynamic
environments. Despite recent advances in multistatic ISAC and
OTFS-based frameworks, existing studies largely overlook the
joint exploitation of OTFS waveforms and geometrical topol-
ogy for spatially diverse localization and velocity estimation.
Moreover, the impact of receiver topology optimization on
OTFS-based ISAC and KF-assisted targets’ tracking remains
insufficiently explored, leaving room for performance enhance-
ment through coordinated geometry-aware design.

Contributions: The key contributions in this work is three-
fold. (i) We propose a multistatic ISAC system with OTFS
waveforms and geometrical triangulation that leverages spatial
diversity to significantly improve target localization and veloc-
ity estimation. (ii) We show that orthogonal receiver placement
maximizes triangulation area, yielding a suboptimal topology
that reduces estimation error. (iii) For reliable tracking and
active sensing performance, we develop KF-based signal pro-
cessing algorithms. Furthermore, we investigate a performance
analysis of the OTFS-based multistatic ISAC system within the
given geometrical topology. Extensive numerical evaluations
demonstrate substantial RMSE reduction and improved bit
error rate (BER) performance.

Notations: Vectors and matrices are denoted by bold low-
ercase and uppercase letters, respectively. CM×N is the set
of M × N complex matrices. E{·} denotes expectation,
⊗ the Kronecker product, vec(·) column-wise vectorization
with vec−1(·) its inverse, ∥·∥ the Euclidean norm, diag{·} a
diagonal matrix, and O(·) asymptotic complexity.
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Fig. 1. Network topology for multistatic ISAC.

II. SYSTEM ARCHITECTURE

System Model: In Fig. 1, the system employs a multistatic
ISAC setup with one anchor node (AN) A0, and several
receiver nodes {R1, . . . ,RZ}, placed at different locations.
The system operates in a multistatic manner by utilizing
both monostatic and bistatic configurations among the nodes.
In monostatic sensing, A0 detects targets {T1, . . . , TQ}, by
processing echoes from its own transmissions. In bistatic sens-
ing, A0 transmits while the receivers Rz (z ∈ {1, . . . , Z}),
capture the target reflections. These monostatic and bistatic
configurations work together in the multistatic setup, where the
cooperation among the nodes enhances the system’s sensing
capabilities. The sensing data are shared among the nodes
through a dedicated wireless channel, enabling cooperative
operation for the multistatic sensing. Under active sensing,
the anchor sends known probing signals that can be exploited
by the receivers for bistatic sensing. Conversely, in passive
ISAC operation, the receivers only know the pilot signals
for estimation, without knowledge of the transmitted data
symbols. To cope with the doubly selective channels, the
transmitted signal is modulated using OTFS as described
below.

OTFS Signalling at the Transmitter: At the transmitter,
a QAM data vector dI ∈ AMN is reshaped into a delay-
Doppler matrix DI ∈ AM×N by splitting it into N segments
of length M , each forming a column, where A denotes
the QAM alphabet. The parameters M and N denote the
numbers of delay and Doppler bins respectively, indexed by
l ∈ {0, . . . ,M − 1} and k ∈ {0, . . . , N − 1}. The OTFS
signal occupies bandwidth of M∆f and duration of NT
(T∆f = 1), giving delay and Doppler resolutions of 1/M∆f
and 1/NT , with (l, k) corresponding to the delay of l/M∆f
and the Doppler shift of k/NT . For ISAC, a pilot matrix
DP ∈ CM×N is superimposed to the data matrix. Such a
pilot matrix has a single nonzero entry at (lp, kp), given by
DP (lp, kp) =

√
MNσ2

P , ensuring average pilot power of σ2
P .

Therefore, the combined transmit matrix is D = DI + DP .
Then, the delay-Doppler symbols are mapped to the time-
frequency domain via the inverse symplectic fast Fourier

transform (ISFFT) X = FMDFH
N , where FM and FN are

fast Fourier transform (FFT) square matrices of size M and
N , respectively. After the inverse FFT and pulse shaping with
Ptx = diag{ptx(0), . . . , ptx(M − 1)}, the transmit matrix is

S = Ptx F
H
MX. (1)

Using (1), the time-domain transmit vector s in (2) is de-
rived by substituting X = FMDFH

N into the expression
for S and subsequently applying the vectorization property
vec(ABC) = (CT ⊗A)vec(B).

s = (FH
N ⊗Ptx)d, d = vec(D). (2)

Received Signal Processing: In a doubly-selective channel,
the received signal at the j-th receiver is the superposition of
P propagation paths, each introducing a complex gain, cyclic
delay, and Doppler shift. The channel matrix is given as

Hj =

P∑
q=1

hq,j Π
lq,j∆kq,j , (3)

where hq,j is the path gain, lq,j and kq,j denote the delay and
Doppler indices, Π is the cyclic shift matrix (cf. [11, eq. (9)]),
and ∆ = diag{c0, . . . , cMN−1} with c = ei2π/MN . Thus, the
received signal is

rj = Hjs+ nj , nj ∼ CN (0, σ2
j IMN ). (4)

Transforming rj into the delay-Doppler domain, we obtain

yj = (FN ⊗Prx)rj = Hjd+ nj , (5)

with Hj =
∑P

q=1 hq,j T (lq,j , kq,j) and T (l, k) = (FN ⊗
Prx)Π

l∆k(FH
N ⊗ Ptx). Here, T (l, k) represents the joint

delay–Doppler transformation operator that imposes a cyclic
time shift by l and a frequency modulation by k on the
transmitted signal. For rectangular pulses, Ptx = Prx = IM .
The equivalent noise is nj ∼ CN (0, σ2

j IMN ).

Active Sensing Procedure: In active sensing, the transmit
vector d is known to all receivers. The target range and
velocity at the jth receiver are determined by estimating the
complex gains hj , delays τj , and Doppler shifts νj using
maximum likelihood estimation, which simplifies to a least-
squares problem under Gaussian noise:

(ĥj , τ̂j , ν̂j) = arg min
(hj ,τj ,νj)

∥∥∥yj−
P∑

q=1

hq,jT (lq,j , kq,j)d
∥∥∥2. (6)

To address the non-convex and high-dimensional search space,
a sequential approach is used. Initially, the dominant path is
identified by maximizing the correlation between the received
signal and a delayed-Doppler shifted version of d. Subsequent
paths are estimated iteratively by applying interference miti-
gation: previously estimated path contributions are subtracted
before estimating the next path’s parameters. The estimation
of the ith path is given by:

(τ̂i,j , ν̂i,j) = arg max
(τi,j ,νi,j)

∣∣(T (τi,j , νi,j)d)
H (yj

−
i−1∑
q=1

ĥq,jT (τ̂q,j , ν̂q,j)d

)∣∣∣∣∣
2

. (7)



The corresponding gain for the ith path is then estimated as:

ĥi,j =
(T (τ̂i,j , ν̂i,j)d)

Hyj

dHT (τ̂i,j , ν̂i,j)HT (τ̂i,j , ν̂i,j)d
. (8)

This iterative path estimation with interference mitigation
ensures accurate estimation of each reflected path’s parameters
by suppressing interference from previously detected signals.

Computational Complexity: The cost is dominated by
the two-dimensional delay–Doppler search, which requires
O(GτGνMN) operations per path at one receiver, where
Gτ and Gν denote the grid sizes in delay and Doppler,
respectively. For the P paths and Z + 1 receivers, the overall
complexity is O((Z + 1)PGτGνMN), with the correlation
search as the primary bottleneck.

Computation of Range and Velocity: Finally, the self-
reflected signal is received by receiver A0, whereby the range
ρi,0 and the radial velocity vi,0 of the ith target can be
computed as in (9a) below. For receiver Rj , the range ρi,j
and radial velocity vi,j of the ith target are given in (9b).

ρ̂i,0 = τ̂i,0c/2; v̂i,0 = ν̂i,0c/2fc, (9a)
ρ̂i,j = τ̂i,jc− ρ̂i,0; v̂i,j = (ν̂i,j − ν̂i,0)c/fc. (9b)

ISAC Procedure: In this scenario, only the pilot signal is
known at the receivers. The channel, defined by its gains,
delays, and Doppler shifts, is first estimated. After the initial
channel estimation, the information data symbols are detected,
and the channel is iteratively refined with both the detected
data and the pilot. For a coarse estimate, the pilot delay-
Doppler matrix DP is vectorized as dP = vec(DP ). Each
receiver treats the transmitted data dI as interference and
estimates the channel via

(ĥ
(0)
j , τ̂

(0)
j , ν̂

(0)
j )=arg min

(hj ,τj ,νj)

∥∥∥∥∥yj−
P∑

q=1

hq,jT (τq,j ,νq,j)dP

∥∥∥∥∥
2

.

(10)
Sequential estimation as described in (7) and (8) can be
applied, though accuracy is lower than in active sensing where
dI is known. To refine the channel, the information data is
recovered via a regularized least-squares problem

min
d

∥yj −Hjd∥2 + µ∥d∥2, (11)

with a linear MMSE solution below

d̂MMSE = (H
H

j Hj + µI)−1H
H

j yj . (12)

For large channel matrices, gradient descent can be used as

∇J(d)(t) = 2H
H

j (Hjd
(t) − yj) + 2µd(t), (13a)

d(t+1) = d(t) − η∇J(d)(t), (13b)

until ∥d(t+1)−d(t)∥ < ϵ. The estimated vector d′ is then trans-
formed back to the delay-Doppler domain: D′ = vec−1(d′),
and the information component is extracted by D′

I = D′−DP .
Symbol-wise demodulation is then performed as

D̂I = arg min
DI∈AM×N

∥DI −D′
I∥2. (14)

Using both DP and D̂I , the channel is refined via the active
sensing and data are re-estimated. This outer loop alternates
between data detection and channel refinement until conver-
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Fig. 2. Estimation of location and velocity of a target via cooperative sensing.

gence. The final channel estimates at all Z+1 receivers yield
target ranges and radial velocities via (9), enabling localization
and velocity estimation.

III. TARGETS LOCALIZATION VIA COOPERATIVE SENSING

This section presents a method to estimate a target’s position
and speed, refining accuracy using estimated ranges and radial
velocities relative to AN A0 and multiple receivers. In the
analysis, we assume that all nodes are approximately coplanar,
thus ignoring elevation differences among them, which is a
practical simplification in most surface-level sensing scenarios.

Targets’ Location: As shown in Fig. 2, the position of
target Ti is estimated via geometric triangulation using the
transmitter A0 and two distinct receivers Rj and Rk (j, k ∈
{1, . . . , Z}, j ̸= k). The ranges ρ̂i,0, ρ̂i,j , and ρ̂i,k are
computed according to (9). With the nodes’ known posi-
tions (x0, y0), (xj , yj), and (xk, yk), the target’s coordinates
(αi, βi) follow from the Euclidean distance equations in (15a).
Subtracting the equations for q = j and q = k from that for
q = 0 gives the simplified linear system in (15b). Further,
these are represented in matrix form in (15c), as shown below

(xq − αi)
2 + (yq − βi)

2 = ρ2i,q; q ∈ {0, j, k} (15a)[
xq − x0 yq − y0

] [αi

βi

]
=

1

2
(ρ2i,0 − ρ2i,q

− (x20 − x2q)− (y20 − y2q )); q ∈ {j, k} (15b)

A

[
αi

βi

]
= B; A =

[
xj − x0 yj − y0
xk − x0 yj − y0

]
B =

1

2

[
ρ2i,0 − ρ2i,j − (x20 − x2j )− (y20 − y2j ))
ρ2i,0 − ρ2i,k − (x20 − x2k)− (y20 − y2k))

]
(15c)[

αi

βi

]
= A−1B. (15d)

The solution in (15d) uniquely determines the ith target’s
location if A is full rank, which occurs when the transmitter
and two receivers are non-collinear.

Targets’ Velocity: Using geometric triangulation in Fig. 2,
we estimate the target’s velocity. The unit vector from the
ith target to node q ∈ {j, k} is uq,i =

[xq−αi, yq−βi]
T

ρi,q
, where

(xq, yq) are the node coordinates and ρi,q is the distance to the
target. If the target’s velocity is vi = [vi,x, vi,y]

T , its projection
onto uq,i gives the radial velocity measured by node q: vi,q =



vT
i uq,i, q ∈ {j, k}. By arranging these equations in matrix

form, we obtain a linear system as

C

[
vi,x
vi,y

]
= D ⇒

[
vi,x
vi,y

]
= C−1D;

C =

[
(xj − αi)/ρi,j (yj − βi)/ρi,j
(xk − αi)/ρi,k (yk − βi)/ρi,k

]
, D =

[
vi,j
vi,k

]
.

(16)
Assuming C is invertible, the system gives the velocity vector
vi. With Z receivers, Z ≜

(
Z
2

)
unique pairs are combined with

A0 to form triangles, each providing an independent estimate
of the target’s location and velocity via (15d) and (16).

Nearest-Neighbor-Based Selection Approach: Averaging all
Z triangle-based estimates reduces random noise but ig-
nores the reliability of each configuration. Some triangles can
produce inaccurate estimates, for example, when nodes are
nearly collinear or too close. To address this, we describe
a nearest-neighbor selection method that favors consistent
estimates. Let the set of estimates for the ith target be C =
{C1, . . . , CZ}, with each Cq ∈ R2 representing [αi,q, βi,q]

T

or [vi,x,q, vi,y,q]
T . The most coherent subset is identified

by computing pairwise Euclidean distances within C. For a
predefined threshold ξ > 0, the neighbor set Sn of an estimate
Cn includes all other estimates that lie within distance ξ of it:

Sn = {Cm ∈ C \ {Cn} | ∥Cn − Cm∥ ≤ ξ} . (17)

Among all such sets, we identify the one with the largest
number of neighbors:

n∗ = argmax
n

|Sn|. (18)

where | · | denotes the number of elements in a set. The final
estimate is then computed by averaging Cn∗ with all points
in its neighbor set:

Cavg =
1

|Sn∗ |+ 1

Cn∗ +
∑

Cm∈Sn∗

Cm

 . (19)

By averaging only estimates that are spatially consistent, this
method minimizes the impact of large errors. We then examine
how the positions of AN A0 and receivers influence target
location estimation using geometric triangulation.

Suboptimal Locations of the Receivers: Using Fig. 2, we
find the effect of the location of the AN and receivers on the
estimation of the targets’ location using the following lemma.

Lemma 1. For the given variances, {σ2
i,q | q ∈ {0, j, k}} in

the estimation of the square of the ranges of the ith target from
the nodes, A0, Rj , and Rk, one can minimize tr(cov(α̂i, β̂i))

or κmax(cov(α̂i, β̂i)) of the estimated location (α̂i, β̂i) using
geometrical triangulation (cf. Fig. 2) by optimizing the magni-
tude of the area of the triangle formed using the three nodes.

Proof. Without loss of generality, for simplicity, we assume
that the AN A0 is placed at the origin, i.e., its coordinate
is (0, 0) and the coordinates of Rj and Rk are (xj , yj) and
(xk, yk). Using (15a), it can be shown that for given {σ2

i,q |
q ∈ {0, j, k}}, the variances σ2

αi
and σ2

βi
in the estimation of

the x and y coordinates of the location of the ith target using

the geometrical triangulation in Fig. 2 is given by

σ2
γi

=
σ2
i,j(gj + gk)

2 + σ2
i,0g

2
k + σ2

i,kg
2
j

D
,

where D = (xjyk −xkyj)2, the variable g is chosen as g = y
when computing σ2

αi
(x-coordinate variance), and g = x when

computing σ2
βi

(y-coordinate variance). We assume that the
errors in the estimation of α̂i and β̂i are independent of each
other. Therefore, the covariance matrix cov(α̂i, β̂i) is diagonal
matrix. Thus, tr(cov(α̂i, β̂i)) and κmax(cov(α̂i, β̂i)) are:

tr(cov(α̂i, β̂i)) = σ2
αi

+ σ2
βi

= σ2
i,j [(xj + xk)

2 + (yj + yk)
2]

+ σ2
i,0[x

2
k + y2k] + σ2

i,k[x
2
j + y2j ]/(xjyk − xkyj)

2, (20a)

κmax(cov(α̂i, β̂i)) =
1

(xjyk − xkyj)2
max{σ2

i,j(xj + xk)
2

+ σ2
i,0x

2
k + σ2

i,kx
2
j , σ2

i,j(yj+yk)
2+σ2

i,0y
2
k+σ

2
i,ky

2
j }. (20b)

Here, the denominator of (20a) and (20b) is proportional to the
triangle’s area formed by the three nodes, so maximizing this
area within a bounded region is desired. The numerators de-
pend on the x and y coordinates of the receivers, with smaller
values decreasing the area. Therefore, optimizing the triangle’s
area minimizes the trace and maximum eigenvalue. □

One of the sub-optimal solution for the Lemma 1 can be
obtained using the following corollary.

Corollary 1. For the given variances, {σ2
i,q}; q ∈ {0, j, k},

if the receivers are placed at orthogonal axis in Lemma 1,
then, tr(cov(α̂i, β̂i)) or κmax(cov(α̂i, β̂i)) can be minimized
by maximizing the area of the triangle formed using the three
nodes in a given bounded region.

Proof. If the receivers Rj and Rk are placed at the x and
y axes (orthogonal axes) of the Cartesian coordinates in
Lemma 1, then their coordinates are given by: (xj , 0) and
(0, yk), respectively. After, substituting these coordinates in
(20a) and (20b), we obtain

tr(cov(α̂i, β̂i)) =
σ2
i,j + σ2

i,k

y2k
+
σ2
i,j + σ2

i,0

x2j
, (21a)

κmax(cov(α̂i, β̂i)) = max

{
σ2
i,j + σ2

i,0

x2j
,
σ2
i,j + σ2

i,k

y2k

}
. (21b)

From (21a) and (21b), tr(cov(α̂i, β̂i)) and κmax(cov(α̂i, β̂i))
can be minimized by maximizing the magnitude of xj and yk
which is equivalent to maximizing the magnitude of the area
of right angled triangle formed using the three nodes. □

Further, in the extended journal version of this work [12],
Corollary 1 states that placing multiple receivers along or-
thogonal axes yields a suboptimal configuration in which
the area formed by each triangulation is maximum. This is
equivalent to a setup with three nodes: one AN and two
receivers, each equipped with multiple independent antennas.

IV. MULTISTATIC SENSING AND ISAC
This section presents trajectory estimation of moving targets

using correlated random walk (CRW) based KF, reflecting the
tendency of humans, vehicles, and UAVs to maintain their



moving directions for a period instead of moving randomly.
Next, we describe the multistatic ISAC.

CRW-Based Prediction Model: The CRW leverages the
Ornstein-Uhlenbeck process to model target motion [13]. The
velocity vi,t = [vi,α,t, vi,β,t]

T of the ith target at time t is:

dvi,t = δi(vi,t − ωi)dt+ ψidWi,t, (22)

where δi is the velocity autocorrelation, ωi the mean velocity,
ψi the diffusion coefficient, and Wi,t a Wiener process. Its
solution in continuous and discrete time is:

vi,t = ωi + (vi,0 − ωi)e
−δit + ψi

∫ t

0

e−δi(t−s)dWi,s, (23)

vi,t+1 = e−δi∆tvi,t + nv
i,t, (24)

with nv
i,t representing Gaussian velocity noise. The target

position li,t = [αi,t, βi,t]
T is updated by

li,t+1 = li,t +
1− e−δi∆t

δi
vi,t + nl

i,t, (25)

where nl
i,t is Gaussian location noise.

Using the CRW model in a KF, the state of the ith target is
Si,t = [αi,t, βi,t, vi,α,t, vi,β,t]

T , with discrete-time transition:

si,t+1 = Tisi,t + nS
i,t, (26a)

Ti =


1 0 1−e−δi∆t

δi
0

0 1 0 1−e−δi∆t

δi
0 0 e−δi∆t 0
0 0 0 e−δi∆t

 , (26b)

where nS
i,t is Gaussian noise with covariance Qi,t =

E[nS
i,tn

S
i,t

T
].

Measurement Model and Trajectory Estimation Using KF:
As discussed in Section III, the measurement zi,t for the ith
target’s position and velocity is obtained using the selection
approach in (19). The measurement model is given by:

zi,t = Visi,t + nz
i,t, (27)

where Vi is the observation matrix and nz
i,t denotes zero-mean

Gaussian noise with covariance Ri = E[nz
i,tn

z
i,t

T ]. Since both
x- and y-components of location and velocity are considered,
Vi = I4. Using (26a) and (27), the KF performs prediction
and correction to enhance state estimation accuracy. In Algo-
rithm 1, the initialization includes Ti, Vi, process covariance
Qi,0, measurement zi,1 with noise covariance Ri,1, and the
initial state estimate sai,0 = E[si,0] with error covariance Pi,0.
At each time t, the algorithm as a function fKF (as described
in Algorithm 1) uses Qi,t−1, Ri,t, sai,t−1, Pi,t−1, and zi,t to
compute sfi,t, P

f
i,t, Ki,t, sai,t, and Pi,t, yielding the updated

sai,t and Pi,t.
Complexity of Algorithm 1: For the length m and n of the

respective vectors st and zt, a single Kalman filter update in
Algorithm 1 has complexity O(n3+n2m+nm2), dominated
by covariance and gain computations, and reduces to O(n3)
when m ≤ n.

In Algorithm 2, the active sensing as described in Section II
is further improved using the KF. Here, for each target i and
receiver j at a given time t, the delay τ̂i,j , Doppler ν̂i,j , and

Algorithm 1 KF function fKF to estimate the state sai,t.

1: System parameters Ti and Vi

2: Input: Qi,t−1, Ri,t, sai,t−1, Pi,t−1, and the measurement
zi,t

3: Determine the forecasted state: sfi,t = Tis
a
i,t−1

4: Update the forecast error covariance: Pf
i,t =

TiPi,t−1T
T
i +Qi,t−1

5: Determine Kalman gain: Ki,t = Pf
i,tV

T
i (ViP

f
i,tV

T
i +

Ri,t)
−1

6: Update state estimate: sai,t = sfi,t +Ki,t(zi,t −Vis
f
i,t)

7: Update posterior error covariance: Pi,t = (I −
Ki,tVi)P

f
i,t(I−Ki,tVi)

T +Ki,tRi,tK
T
i,t

8: Output: State estimate sai,t and the error covariance Pi,t

Algorithm 2 Improved active sensing using KF.
1: System parameters: {Ti}, {Vi} for i ∈ {1, · · · , P}, and

others independent parameters
2: Input: {sai,0}, {Pi,0}
3: for each t ∈ {1, · · · , L} do
4: for each i ∈ {1, · · · , P} do
5: for each j ∈ {0, · · · , Z} do
6: Determine (τ̂i,j,t, ν̂i,j,t) and ĥi,j,t from (7) and

(8) using the known data d
7: Determine the range ρ̂i,j,t and the radial veloc-

ity v̂i,j,t from (9)
8: end for
9: Generate Qi,t−1 and determine the

selection based estimated observation vector
zi,t = [α̂i,t, β̂i,t, v̂i,x,t, v̂i,y,t]

T using (19) and calculate
the noise covariance Ri,t

10: Determine sai,t and Pi,t using the function
fKF (s

a
i,t−1,Pi,t−1, Q(i, t− 1), Ri,t) in Algorithm 1

11: end for
12: end for

the channel gain ĥi,j are estimated, followed by the range
ρ̂i,j and the radial velocity v̂i,j . Then, for each target i, the
measurement vector zi,t is determined; thereafter, using fKF

in Algorithm 1, the sensing variables are estimated.
Complexity of Algorithm 2: Algorithm 2 has complexity

O
(
TP ((Z + 1)GτGνMN + n3)

)
, dominated by 2D delay-

Doppler correlation and Kalman updates, scaling linearly with
T , P , and Z, quadratically with the delay–Doppler grid, and
cubically with the state dimension n.

Multistatic Integrated Sensing and Communication: The
multistatic ISAC operates through an iterative refinement
between coarse estimation, data detection, and channel update.
Initially, coarse estimates of the delays, Doppler shifts, and
channel gains are obtained from the pilot-based minimization
in (10) and transformed into the range and velocity domains
using (9). These parameters are then used to determine the
target location and velocity through the selection approach in
(19), providing the initial conditions for iterative refinement. In
each iteration, the received data are refined using the gradient-
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Fig. 3. RMSE improvement with SNR for different numbers of targets.

(a) (b)

Fig. 4. Performance comparison of different schemes.

based update defined by (13), followed by symbol-wise de-
modulation as in (14) to recover the transmitted information
symbols. The reconstructed data are then used to re-estimate
the channel parameters, and the process continues until the
variations in channel gains, delays, and Doppler shifts fall
below the predefined convergence thresholds1.

V. NUMERICAL RESULTS AND CONCLUSION

This section evaluates the proposed analysis via numerical
results. As per Lemma 1, a three-node topology with multiple
antennas forming the largest triangular coverage outperforms
randomly placed single-antenna nodes and is adopted for ISAC
evaluation unless stated otherwise. System parameters are:
M = 256 subcarriers, N = 16 symbols (4-QAM), ∆f =
240 kHz, cyclic prefix 64, fc = 30GHz, SNR 0 dB; mobility:
δi = 1.5, ψi = 0.5; with NB = 3 nodes, NT = 4 targets, and
trajectories updated every ∆t = 0.5 s in a 400× 400m2 area.

Using Fig. 3, the RMSE performance of active sensing and
KF-assisted active sensing is compared for target localization
and velocity estimation. The KF-assisted method consistently
outperforms standard active sensing for all target counts by
effectively balancing prediction and measurement noise, thus
preventing overfitting. In Fig. 3(a), at −20 dB SNR, the RMSE
rises sharply for multiple targets, increasing by approximately
85 m for NT > 1 due to the difficulty of distinguishing mul-
tiple peaks in noisy conditions. On average, RMSE increases
by 15.53 m, 18.00 m, and 10.03 m when NT changes from
1 to 2, 2 to 3, and 3 to 4, respectively, while KF-assisted
sensing reduces RMSE by an average of 4.96 m. Similarly, in
Fig. 3(b), the velocity RMSE grows by 17.50 m/s, 12.29 m/s,
and 10.87 m/s for the same increments in NT , whereas the KF-
assisted method achieves an average improvement of 4.02 m/s.

1A detailed performance analysis of the KF-assisted multistatic ISAC within
the considered geometric framework is presented in the extended Journal
version of this work in [12].

Fig. 4 compares multistatic OTFS–ISAC schemes, where
sensing/communication gains are measured against their
monostatic baselines under identical parameters. Act Sen Rnd
and Act Sen Opt perform active sensing, while ISAC Rnd
and ISAC Opt enable ISAC with random and optimized re-
ceiver deployment. KF Act Sen Opt incorporates KF-assisted
tracking with optimized geometry. In Fig. 4(a), optimized
schemes markedly lower RMSE, with KF Act Sen Opt
achieving the best accuracy via spatial-temporal information.
In Fig. 4(b), ISAC Rnd and ISAC Opt achieve 85.4% and
92.1% BER gains, respectively, outperforming the 53.8% im-
provement in [10], confirming that OTFS and geometry-aware
deployment significantly enhance sensing and communication.
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