
IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 74, 2026 10155

Ultra-Massive MIMO With Orthogonal Chirp
Division Multiplexing for Near-Field Sensing and

Communication Integration
Ziwei Wan , Graduate Student Member, IEEE, Zhen Gao , Senior Member, IEEE,
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Abstract—This paper integrates the emerging ultra-massive
multiple-input multiple-output (UM-MIMO) technique with
orthogonal chirp division multiplexing (OCDM) waveform to
tackle the challenging near-field integrated sensing and communi-
cation (ISAC) problem. Specifically, we conceive a comprehensive
ISAC architecture, where an UM-MIMO base station adopts
OCDM waveform for communications and a co-located sens-
ing receiver adopts the frequency-modulated continuous wave
(FMCW) detection principle to simplify the associated hardware.
For sensing tasks, several OCDM subcarriers, namely, dedicated
sensing subcarriers (DSSs), are each transmitted through a ded-
icated sensing antenna (DSA) within the transmit antenna array.
By judiciously designing the DSS selection scheme and optimizing
receiver parameters, the FMCW-based sensing receiver can
decouple the echo signals from different DSAs with significantly
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reduced hardware complexity. This setup enables the estimation
of ranges and velocities of near-field targets in an antenna-
pairwise manner. Moreover, by leveraging the spatial diversity
of UM-MIMO, we introduce the concept of virtual bistatic
sensing (VIBS), which incorporates the estimates from multiple
antenna pairs to achieve high-accuracy target positioning and
three-dimensional velocity measurement. The VIBS paradigm is
immune to hostile channel environments characterized by spatial
non-stationarity and uncorrelated multipath environment. Fur-
thermore, the channel estimation of UM-MIMO OCDM systems
enhanced by the sensing results is investigated. Simulation results
demonstrate that the proposed ISAC scheme enhances sensing
accuracy, and also benefits communication performance.

Index Terms—Integrated sensing and communication (ISAC),
ultra-massive multiple-input multiple-output (UM-MIMO), near-
field sensing, orthogonal chirp division multiplexing (OCDM).

I. INTRODUCTION

RECENTLY, the International Telecommunication Union
Radiocommunication Sector (ITU-R) has outlined a

roadmap for the sixth-generation (6G) research [1], [2], where
integrated sensing and communication (ISAC) is recognized
as a crucial component of 6G wireless to unlock transforma-
tive future opportunities [3]. Current research on ISAC has
generally focused on two key aspects: the spatial domain
and the time-frequency domain. The spatial domain research
emphasizes the design of antenna arrays for ISAC, which
enhances spatial degrees of freedom to boost both commu-
nication rates and sensing accuracy [4]. The time-frequency
domain research, on the other hand, concentrates on optimiz-
ing waveforms in ISAC systems to fully utilize the limited time
and bandwidth resources [5]. While significant progress has
been achieved in each of these areas independently, exploring
their interaction is anticipated to drive exciting advancements
of future ISAC.

In this paper, we introduce an innovative ISAC approach
that involves both spatial domain and time-frequency domain.
The emerging ultra-massive multiple-input multiple-output
(UM-MIMO) and orthogonal chirp division multiplexing
(OCDM) techniques are incorporated to facilitate near-
field ISAC, which has not been reported in previous
literature.
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A. Related Works
We review the literature regarding the ISAC design in the

spatial domain and time-frequency domain respectively.
1) Spatial Domain: Massive multiple-input multiple-output

(mMIMO) plays a pivotal role in ISAC [4], [6]. However,
previous studies on mMIMO-aided ISAC predominantly rely
on the far-field channel model. To fulfill the more stringent
performance requirements in 6G, the antenna array is evolving
from mMIMO to UM-MIMO [7], [8], which incorporates an
extensive number of antennas to form a very large aperture,
thereby inducing the near-field effect [9]. A key characteristic
of near-field effect is the spherical wavefront of electromag-
netic wave, which introduces an additional distance dimension
in the spatial domain for both sensing and communications
[10], [11]. This shift has made near-field ISAC a timely and
increasingly popular research area. For instance, the authors
of [11] proposed a near-field ISAC framework aided by
UM-MIMO, achieving globally optimal solutions for both
fully digital arrays and hybrid arrays by minimizing the
Cramér-Rao bound (CRB). A similar scenario was explored in
[12], where the transmit power of ISAC station was minimized
while fulfilling communication and sensing rate requirements.
Furthermore, the authors of [13] conducted the CRB analysis
for near-field sensing with UM-MIMO, which validates the
superiority of the near-field ISAC over far-field approaches.
However, these works [11], [12], [13] primarily focused on
narrowband scenarios, while the wideband near-field ISAC is
deemed to be more powerful to support various applications
[14]. Research on wideband near-field ISAC is still at its
infancy. The authors of [15] studied the wideband near-
field ISAC systems, in which the precoding matrix and the
antenna selection strategies were optimized to balance the
performance tradeoff between sensing and communication.
In [16], the narrowband results from [13] was extended to
wideband scenarios, where the CRB of the wideband near-
field ISAC was derived and analyzed.

In addition, to fulfill the more stringent performance require-
ments in 6G, the spatial-domain design is evolving towards
antenna position flexibility, which is represented by emerging
architectures like movable antenna (MA) [17], [18], fluid
antenna system (FAS) [19], and the six-dimensional movable
antenna (6DMA) [20], [21]. By enabling the quasi-continuous
movement or rotation of antenna elements, these technologies
can proactively reconfigure the wireless channel to optimize
signal alignment and interference mitigation.

2) Time-Frequency Domain (Waveform): Waveform design
is a crucial aspect of both communications and sensing, and
integrated waveform design represents a milestone technology
for realizing ISAC [5], [22]. The most representative wave-
form is orthogonal frequency division multiplexing (OFDM),
which is widely considered in ISAC [16], [23], [24], [25].
Another waveform candidate for ISAC is orthogonal time fre-
quency space (OTFS) [26], which employs the delay-Doppler
domain to transmit the data. Studies have been conducted on
OTFS-based communications [26], [27], radar sensing [28],
and ISAC [29], [30], [31]. More recently, the OCDM has
emerged as a promising waveform for wireless applications.
The OCDM was proposed in [32], where its effectiveness in

wireless communications was initially verified. The authors of
[33] studied the communication performance of OCDM under
various channel conditions and compared it with the traditional
OFDM and single carrier schemes. In [34], an OCDM channel
estimation (CE) method was introduced to address carrier
frequency offset. The CE for OCDM was further studied
under MIMO scenario in [35] by leveraging the convolution-
preserving property of the Fresnel transforms. Due to the
strong resistance against Doppler effect, OCDM has also
been widely adopted in underwater acoustic communications
[36], [37]. In the context of ISAC, OCDM constitutes a
compelling solution by enabling joint communications and
sensing through the shared chirp waveforms. The authors of
[38] explored a bistatic vehicular ISAC system that leverages
OCDM, achieving both high range resolution and a high com-
munication rate through the sequential symbol decoding and
radar parameter estimation algorithm. A comparative study
[39] examined the ISAC performance of OCDM against other
state-of-the-art schemes. An OCDM-ISAC system operating
in the terahertz band was introduced in [40], to highlight its
potential for ultra-high frequency applications. In [41], index
modulation was integrated into OCDM-aided ISAC systems, to
enable the information transmission while maintaining sensing
performance.

B. Motivation and Contributions

Based on the aforementioned reviews, it is evident that a
holistic ISAC design encompassing both the spatial and time-
frequency domains remains underexplored. In addition, most
of ISAC research overlooks the extra complexity imposed
by the sensing receivers. For example, the scheme pro-
posed in [16] requires a sensing receiver equipped with 512
power-hungry radio frequency (RF) chains, each needing an
analog-to-digital converter (ADC) with sampling rate not
lower than the system bandwidth. This poses challenges in
practical deployment. To tackle these issues, we improve the
near-field ISAC systems by offering higher sensing accuracy,
stronger robustness to diversified channels, and lower hard-
ware complexity. Our main contributions can be summarized
as follows.
• We conceive an UM-MIMO-aided ISAC architec-

ture combining the OCDM and frequency-modulated
continuous wave (FMCW) detection techniques. The
proposed architecture consists of an OCDM transmitter
with UM-MIMO and a sensing receiver with FMCW
filterbanks. At the sensing stage, we transmit a few
OCDM subcarriers, namely, dedicated sensing subcarriers
(DSSs), each through a dedicated sensing antenna (DSA)
of the UM-MIMO. Based on the proposed DSS selec-
tion scheme and receiver parameter design, the sensing
receiver can effectively decouple the echo signals from
different transmit-receive antenna pairs with significantly
reduced hardware complexity, laying the foundation for
subsequent processing.

• We propose a parameter estimation method taking the
dual discontinuity into account. It is revealed that the
intermediate frequency (IF) signals at the sensing receiver
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may exhibit dual discontinuity when the spectrum-folded
OCDM subcarriers are processed by the FMCW receiver,
which is rarely considered in previous studies and
invalidates many existing parameter estimation methods.
As a remedy, we combine the reduced-length ESPRIT
(RL-ESPRIT) and gradient descent algorithm (GDA)
to realize the super-resolution estimation of the ranges
and velocities for each antenna pair under dual
discontinuity.

• We introduce the concept of virtual bistatic sens-
ing (VIBS) for the near-field target positioning and
velocity measurements. When UM-MIMO is deployed,
the range and velocity of the near-field target observed
by different antennas will be significantly distinct, even
though all antennas are actually located at a single station.
This spatial diversity motivates us to incorporate the mea-
surements from different antenna pairs to determine the
position and three-dimensional (rather than only radial)
velocity of the target, which is called VIBS. We show that
compared to the existing schemes, VIBS is more robust
to the hostile channel environments.

• A sensing-enhanced near-field communication CE
scheme for UM-MIMO with OCDM is proposed. The
near-field communication CE is formulated as the com-
pressive sensing (CS) problem under OCDM waveform
and the initial result is obtained via distributed orthogonal
matching pursuit (DOMP). Then, the sensing results are
introduced to refine the support of near-field channels
in the polar-domain to enhance CE. This validates the
concept of ISAC by benefiting the communication tasks
via sensing.

C. Notations
Column vectors and matrices are denoted by lower- and

upper-case boldface letters, respectively. (·)∗, (·)T, (·)H, and
(·)† denote the conjugate, transpose, conjugate transpose, and
pseudo-inverse operators, respectively. b·c represents the ceil-
ing operator. IN is the N ×N identity matrix. The cardinality
of a set I is denoted by |I|c. [a]i is the i-th element of a,
[A]i,j is the i-th row and j-th column element of matrix A,
diag (a) is a diagonal matrix whose i-th diagonal element is
[a]i, and ‖a‖p is the lp-norm of a. [A]I,: denotes the sub-
matrix consisting of the rows of A indexed by the ordered set
I. 〈k〉N is the remainder of k after divided by N . rect (t)

∆
= 1

for t ∈ [0, 1) and 0 otherwise. δ (x) is the Dirac delta function.
CN

(
µ, σ2

)
denotes the complex Gaussian distribution with

mean µ and variance σ2, while U (a, b) denotes the uniform
distribution within (a, b).⊗ and� stand for Kronecker product
and Khatri-Rao product, respectively, and vec(·) vectorizes a
matrix by stacking its columns.

II. OCDM PRELIMINARIES

The OCDM is based on the fact that a set of K chirp signals
{ψk (t)}K−1

k=0 with

ψk (t) = rect (t/T ) ejπ4 e−jπ K
T2 (t−k TK )

2

(1)

Fig. 1. OCDM signal representations. (a) The instantaneous frequencies.
(b) The time-domain representation of one subcarrier that marked by red
in (a). (c) The instantaneous frequencies with the folded spectrum. (d) The
spectrum-folded version of one subcarrier that marked by red in (c).

exhibit mutual orthogonality1, i.e.,
∫ T

0
ψ∗k′ (t)ψk (t)dt = 0

for k 6= k′, where T is the duration of each chirp sig-
nal and, accordingly, the bandwidth of each chirp signal is
B = K/T . The instantaneous frequencies and the time-
domain representations of ψk (t) are presented in Figs. 1 (a)
and (b), respectively. Given the mutual orthogonality, this set
of chirp signals can be used as multiple orthogonal carriers to
transmit at most K data streams without cross-interference,
instead of using sinusoidal carriers as in OFDM systems.
However, given that each OCDM subcarrier is a frequency-
shifted version of a “root” chirp with bandwidth B [32], [33],
the maximum bandwidth of K OCDM subcarriers can be up
to 2B (see Fig. 1 (a)). To fit K OCDM subcarriers within
a bandwith of B, the OCDM waveform can be discretized
by collecting K samples of ψk (t) in (1) with the Nyquist
sampling period Ts = 1/B, and then applying a pulse-shaping
filter spanning frequencies between −B/2 and B/2. This
results in the following spectrum-folded OCDM waveform

ψk (t) = rect (t/T ) ejπ4 e
j2π
(∫ t

0
φk(x)dx− k2

2K

)
, (2)

where φk (x)
∆
= 〈−Bx/T + k/T +B/2〉B −B/2. Examples

of ψk (t) are provided in Figs. 1(c) and (d). Equation (2) can
be further simplified by permuting the indices of the OCDM

subcarriers, i.e.,
{
ψ̃k (t) = ψ〈k−K/2〉K (t)

}K−1

k=0
. This leads to

ψ̃k (t) = rect (t/T ) ejπ4 e
j2π
(∫ t

0
φ̃k(x)dx− 〈k−K/2〉

2
K

2K

)
, (3)

where φ̃k (x)
∆
= 〈−Bx/T + k/T 〉B −B/2.

Although OCDM has been considered as a waveform can-
didate for communications [32], [33], [34], [35], [36], [37]
and ISAC [38], [39], [40], [41], the impact of spectrum-
folded property has rarely been investigated. However, it has
a significant influence on the sensing performance of OCDM
with analog processing, as explained in Section IV.

1Equation (1) assumes that K is even. The expression of ψk (t) when K
is odd can be found in [32].
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Fig. 2. The proposed ISAC scheme with UM-MIMO and OCDM-FMCW
paradigm.

III. SYSTEM DESCRIPTION AND CHANNEL MODEL

This section presents our proposed ISAC system based on
the emerging UM-MIMO and OCDM, which facilitates both
near-field sensing and communications.

A. Proposed ISAC Architecture

The architecture of the proposed ISAC station assisted by
UM-MIMO and OCDM is depicted in Fig. 2. It consists of
an ISAC transmitter with NTx transmit (Tx) antennas and a
co-located sensing receiver with NRx receive (Rx) antennas.
The carrier frequency of the system is fc. We consider the
UM-MIMO at the ISAC transmitter with a large NTx (e.g.,
NTx = 512), while a few sensing Rx antennas (e.g., NRx =
4) are sparsely located to form a large effective aperture [4].
For ease of analysis, we use the three-dimensional Cartesian
coordinate system as shown in Fig. 2, and assume that all
the antennas at the ISAC station are located on the xy-plane.
The coordinates of the i-th Tx antenna and j-th Rx antenna
are respectively denoted by pTx

i ∈ R3, i = 1, 2, . . . , NTx,
and pRx

j ∈ R3, j = 1, 2, . . . , NRx. In the sensing receiver,
each Rx antenna is equipped with a FMCW filterbank having
N < min{K,NTx} output ports, as shown in Fig. 2. The
FMCW filterbank comprises N instances of FMCW receiver
[2], [42], each incorporating a mixer, an analog low-pass filter
(LPF), and a low-rate ADC.

In Fig. 3, we illustrate the transmission frame structure
of the proposed ISAC system, where the ISAC transmitter
sends the OCDM-based waveform either for communications
or sensing in a time-division manner, which provides critical
physical advantages. First, the temporal isolation fundamen-
tally decouples the frequency-domain resources, allowing
the sensing tasks to utilize the entire system bandwidth B
to achieve the maximum physical range resolution (∆r =
c/2B) without competing with communication subcarriers.

Fig. 3. The frame structure of the proposed ISAC scheme.

Fig. 4. The adopted channel models: (a) The pairwise channel model.
(b) Spatial uncorrelated (SUC) channel. (c) Spatial non-stationarity (SNS).

Second, it circumvents the self-interference inherent in full-
duplex operation. Third, the scheme optimizes the trade-off
between Doppler sensitivity and resource efficiency. Since
high-resolution velocity estimation requires long observation
intervals to accumulate Doppler effects, we interleave com-
munication symbols between these extended sensing symbols.
This ensures that the time resources are fully exploited for
high-rate data transmission while simultaneously satisfying the
requirements for precise velocity estimation.

B. Near-Field Channel Model for UM-MIMO

This subsection presents the applied channel models with
UM-MIMO for communications and sensing respectively.

1) Sensing Channel Model: Given L near-field sensing
targets, the position and the velocity of the l-th target are
respectively denoted as pl = [xl, yl, zl]

T ∈ R3 (zl > 0) and
vl = [vx,l, vy,l, vz,l]

T ∈ R3, l = 1, 2, . . . , L. The sensing
channel from the i-th Tx antenna to the j-th Rx antenna
associated with the l-th target can be represented as the
following time-variant system

hi,j,l (t, τ) = αi,j,lδ (τ − di,j,l (t)/c) , (4)

where c is the speed of light, αi,j,l is the complex gain, and

di,j,l (t) =
∥∥pl + vlt− pTx

i

∥∥
2

+
∥∥pl + vlt− pRx

j

∥∥
2

(5)

is the distance of the propagation path as the function of time.
Note that most of the existing works on UM-MIMO com-

munications [43] and ISAC [13], [16] heavily depend on
the assumption that the channel is spatially-correlated, i.e.,
αi,j,l = αl, ∀i, j (see Fig. 4(a)). However, this assumption
becomes impractical in near-field communications/sensing for
the following reasons: (i) Due to its large aperture, the
UM-MIMO sees each near-field target via large angle spread
and delay spread, which makes radar cross section (RCS) and
fading aspect-dependent and distance-dependent, respectively,
as seen in Fig. 4(b). This enhances the distinctiveness of
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complex gain for each Tx-Rx antenna pairs, which in turn
increases the overall channel diversity. We refer to this as a
spatially-uncorrelated (SUC) channel; and (ii) the near-field
target may only see a portion of the UM-MIMO, as indicated
in Fig. 4(c), particularly in the indoor scenarios, which renders
αi,j,l = 0 for some i, j, l. This is called spatial non-stationarity
(SNS) in the context of near-field communications [44], but it
is rarely considered in the sensing scenarios.

2) Communication Channel Model: Since small timescale
is considered for communication tasks [4], we formulate the
communication channel as the time-invariant systems. We
consider one single-antenna user terminal (UT) and Lcom

scatterers both located in the near-field regime of the ISAC
station. The positions of UT and l-th scatterer are respectively
denoted as pUT ∈ R3 and pcom

l ∈ R3, l = 1, 2, . . . , Lcom.
The communication channel impulse response (CIR) from the
ISAC station to the UT associated can be represented as

hcom (τ) =
∑Lcom

l=1
αcom
l acom

l pPSF (τ − τ com
l ), (6)

where αcom
l is the complex gain, pPSF (·) is the pulse shaping

filter function, τ com
l = ‖pcom

l ‖2 +
∥∥pcom

l − pUT
∥∥

2
/c, and

acom
l ∈ CNTx is the near-field steering vector associated with

the l-th scatter. The i-th element (i = 1, 2, . . . , NTx) of acom
l

is given by [43]

[acom
l ]i =

1√
NTx

e−j2πfc(‖pcom
l −pTx

i ‖2−‖pcom
l ‖

2
). (7)

Note that since the single-antenna UT is considered, the UT
sees each scatterer via a small angle spread, so the spatially-
correlated channel model is adopted for communication tasks
in (6), i.e., the complex gain is the same for each scatterer.

IV. PROPOSED NEAR-FIELD SENSING PARADIGM

In this section, we propose the near-field sensing paradigm
aided by UM-MIMO and OCDM techniques.

A. OCDM-Based Sensing Waveform

Since we focus on the analog processing with low-sampling-
rate ADCs for sensing tasks, the sensing problem formulation
in this section will be based on the continuous-time represen-
tation of OCDM waveform (3). As indicated by Fig. 3, the
ISAC transmitter will transmit designed OCDM symbols one
by one. We propose that each sensing symbol consists of only
N subcarriers, namely, N DSSs, and each DSS is transmitted
by only one Tx antenna, call a DSA (and other antennas will be
shut down for the moment). In other words, there is a one-to-
one mapping between N DSSs (out of K OCDM subcarriers)
and N DSAs (out of NTx Tx antennas). We introduce the
ordered sets IDSS = {k1, k2, . . . , kN} ⊆ {0, 1, . . . ,K−1} and
IDSA = {i1, i2, . . . , iN} ⊆ {1, 2, . . . , NTx} to represent the
selection schemes of DSS and DSA, respectively. Considering
that M ISAC symbols are transmitted, the waveform at the
n-th DSA of the m-th ISAC symbol can be written as

sm,n (t) =
√
PTx/Ne

j2πfc(t−Tm)ψ̃kn (t− Tm) , (8)

where m = 1, 2, . . . ,M , n = 1, 2, . . . , N , kn ∈ IDSS,
Tm = (m− 1) (T + TGI + Tcom) +TGI, Tcom is the duration

of the communication symbol between two adjacent sensing
symbols, and PTx is the transmit power of ISAC symbols.
Unlike the CP for communications, the zero padding (ZP)
is adopted as the GI before each sensing symbol, as it can
not only eliminate the ISI, but also preserve the idle time for
reconfiguring the RF circuits [4].

B. OCDM Meets FMCW

For brevity, we define αn,j,l = αin,j,l, hn,j,l = hin,j,l, and
dn,j,l (t) = din,j,l (t) where in ∈ IDSA. The noise at the
sensing receiver is temporally ignored. Based on the transmit
waveform (8) and the sensing channel (4), the received echo
signal of the m-th sensing symbol at the j-th Rx antenna can
be expressed as

rj,m (t) =

N∑
n′=1

L∑
l=1

∫ +∞

0

hn′,j,l (t, τ)sm,n′ (t− τ) dτ

=

N∑
n′=1

L∑
l=1

αn′,j,lsm,n′
(
t− dn′,j,l (t)/c

)
, (9)

for t ∈ [Tm, Tm + T ). Note that the length of GI should satisfy
TGI > max

n,j,l,t

{
dn,j,l (t)

}
/c throughout the sensing stage to

guarantee the ISI-free form (9). The output of the mixer
connecting the n-th DSA and the j-th Rx antenna is [2], [42]

rMix
n,j,m (t) = rj,m (t) s∗m,n (t) =

PTx

N

N∑
n′=1

L∑
l=1

αn′,j,l

× e−j2π fcc dn′,j,l(t)sIF
n,n′

(
t− Tm; dn′,j,l (t)/c

)
,

(10)

where the IF signal obtained by mixing two DSSs in the
OCDM system is

sIF
n,n′ (t; τ) = ψ̃kn′ (t− τ) ψ̃∗kn (t) (11)

with kn, kn′ ∈ IDSS. Furthermore, we can simplify (10) as

rMix
n,j,m (t) ≈ PTx

N

N∑
n′=1

L∑
l=1

α′n′,j,le
−j2π

v
n′,j,l
λ t

× sIF
n,n′ (t− Tm; τn′,j,l) , (12)

where λ = c/fc is the wavelength. The approximation (12) is
due to the following reasons: (i) we assume the positions of
targets to be viewed as invariant during the sensing stage, and
therefore replace dn,j,l (t)/c by

τn,j,l = dn,j,l (0)/c =

∥∥pl − pTx
in

∥∥
2

+
∥∥pl − pRx

j

∥∥
2

c
(13)

in the formulation of IF signal; and (ii) we use the Taylor
approximation dn,j,l (t) ≈ dn,j,l (0) + vn,j,lt with

vn,j,l =
∂dn,j,l (t)

∂t

∣∣∣∣
t=0

=

(
pl − pTx

in∥∥pl − pTx
in

∥∥
2

+
pl − pRx

j∥∥pl − pRx
j

∥∥
2

)T

vl (14)

to modify the phase term in (10), and therefore to obtain (12)
where α′n,j,l = αn,j,le

−j2πfcτn,j,l .
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Fig. 5. An example of the IF signal (in-phase part) when n′ = n in the
OCDM system and its corresponding digitization.

In conventional FMCW radar systems (i.e., kn = 0, ∀n),
the IF signal manifests as a single-tone sinusoidal waveform
whose frequency (i.e., beat frequency) is mainly determined
by the delay of the received signal. However, when spectrum-
folded OCDM subcarriers (3) are employed for sensing, the
characteristic of the IF signal will be distinct, as elaborated in
the following theorem.

Theorem 1: [The IF signal expression] Based on (11), the IF
signal sIF

n,n′ (t; τ) can be expressed as (15) shown at the bottom
of the page, where T I

n,n′ (τ) =
[
τ, TBWS

n,n′ (τ)
)
, T II

n,n′ (τ) =[
TBWS
n,n′ (τ) , TBWE

n,n′ (τ)
)
, T III

n,n′ (τ) =
[
TBWE
n,n′ (τ) , T

)
, and

TBWS
n,n′ (τ) = max {τ,min {kn/B, kn′/B + τ}} , (16)

TBWE
n,n′ (τ) = min {T,max {kn/B, kn′/B + τ}} . (17)

The expressions of ϕn,n′ , ϕI
n (τ), ∆n,n′ (τ), and ϕII

n,n′ (τ) are:

ϕn,n′ =
π

K

(
〈kn −K/2〉2K − 〈kn′ −K/2〉

2
K

)
, (18)

ϕI
n (τ) = −Bπ

T
τ2 −

(
2πkn
T
−Bπ

)
τ, (19)

∆n,n′ (τ) =

{
−1, kn − kn′ < Bτ,

1, kn − kn′ ≥ Bτ,
(20)

ϕII
n,n′ (τ) = ϕI

n (τ)− π [1 + ∆n,n′ (τ)]Bτ. (21)

Proof: Refer to Appendix A. �
We provide an example of sIF

n,n′ (t; τ) for n′ = n in Fig. 5.
Our objective is to preserve the desired beat frequency Bτ

T (for
n′ = n) and eliminate all other frequency components, which
can be achieved by judiciously designing IDSS and the cut-off
frequency of the LPF. Assuming that the LPF only preserves

the frequency components between −fLPF and fLPF, the
criterion for designing IDSS and fLPF is summarized as

∣∣∣Bτ
T

∣∣∣ < fLPF,∣∣∣Bτ
T

+
kn′ − kn

T

∣∣∣ > fLPF,∣∣∣Bτ
T

+
kn′ − kn

T
±B

∣∣∣ > fLPF,

∀τ, n′ 6= n. (22)

Given that τ < TGI and applying the triangle inequality
|a| − |b| ≤ |a± b| ≤ |a|+ |b|, ∀a, b, one can readily obtain a
solution that fulfills (22) as

fLPF ≥ BTGI/T,

|kn′ − kn| ≥ BTGI + fLPFT,

|kn′ − kn| ≤ K −BTGI − fLPFT,

∀n′ 6= n. (23)

In a nutshell, as long as IDSS and the cut-off frequency
of LPF fLPF are designed to fulfill the conditions in (23),
the LPF can preserve the desired IF components for delay
estimation while eliminating the interference from all other
DSSs. Accordingly, the output of the LPF would be

rLPF
n,j,m(t)=

PTx

N

L∑
l=1

α′n,j,le
−j2π

vn,j,l
λ tsIF

n (t−Tm; τn,j,l), (24)

where only the component n′ = n in (12) is preserved, and

sIF
n (t; τ) =

{
0, t ∈ T II

n,n (τ) ,

sIF
n,n (t; τ) , otherwise.

(25)

In this way, we have decoupled the received signals from
different antenna pairs (n, j), n = 1, 2, . . . , N , j =
1, 2, . . . , NRx, and thus obtained NNRx independent sensing
measurements for each sensing symbol.

Remark 1: This independence among different DSSs/DSAs
makes the sensing process immune to the SUC channels and
SNS as depicted in Fig. 4. More importantly, the bandwidth of
the LPF output will be confined to fLPF, which can be much
smaller than the system bandwidth B. This allows us to use
the low-rate ADC to sample rLPF

n,j,m (t) for digital processing,
significantly alleviating the burden of hardware complexity
and power consumption compared to the existing OFDM-
based [16] and OTFS-based [29] ISAC schemes.

We denote the ADC sampling rate as fADC ≥ fLPF and
let Q = bfADC (T − TGI)c. Note that fADC � B. Sampling
rLPF
n,j,m (t) at time t = Tm + TGI + q−1

fADC
for q = 1, 2, . . . , Q

yields the measurement vector rn,j,m ∈ CQ which is given by

rn,j,m =
[
rADC
n,j,m [1] , rADC

n,j,m [2] , . . . , rADC
n,j,m [Q]

]T
≈ PTx

N

L∑
l=1

α′′n,j,le
−j2πνn,j,l(m−1)bn (µn,j,l) , (26)

sIF
n,n′ (t; τ) = ejϕn,n′ ×



ejϕI
n(τ) exp

(
j2π
(
Bτ

T
+
kn′ − kn

T

)
t

)
, t ∈ T I

n,n′ (τ),

ejϕII
n,n′ (τ) exp

(
j2π
(
Bτ

T
+
kn′ − kn

T
+B∆n,n′ (τ)

)
t

)
, t ∈ T II

n,n′ (τ),

ej(ϕI
n(τ)−2πBτ) exp

(
j2π
(
Bτ

T
+
kn′ − kn

T

)
t

)
, t ∈ T III

n,n′ (τ),

(15)
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where rADC
n,j,m [q] = rLPF

n,j,m

(
Tm + TGI + q−1

fADC

)
, α′′n,j,l =

α′n,j,lexp
(

j2π
(
Bτn,j,l
T − vn,j,l

λ

)
TGI + jϕI

n (τn,j,l)
)

, νn,j,l =

vn,j,l (T + TGI + Tcom) /λ, µn,j,l = Bτn,j,l/ (fADCT ), and
bn (µ) ∈ CQ is the response vector of the n-th DSS. The q-th
element of bn (µ) is given by

[bn (µ)]q = ej2πµ(q−1) ×


1, q ∈ ΩI

n (τ) ,

0, q ∈ ΩII
n (τ) ,

e−jµφ, q ∈ ΩIII
n (τ) ,

(27)

where φ = 2πfADCT , and

Ωtype
n (τ) =

{
q ∈ [1, Q]

∣∣∣∣TGI +
q − 1

fADC
∈ T type

n,n (τ)

}
(28)

with type ∈ {I, II, III}. The approximation in (26) is made
because the range-dependent component predominates during
the single symbol duration, allowing the velocity-dependent
component to be discarded [45]. An example of bn (µ) is
provided in Fig. 5. Moreover, we collect {rn,j,m}Mm=1 to
obtain Rn,j = [rn,j,1, rn,j,2, . . . , rn,j,M ] ∈ CQ×M as

Rn,j =
PTx

N

L∑
l=1

α′′n,j,lbn (µn,j,l) aH (νn,j,l)

= Bn

(
µn,j

)
diag (αn,j) AH (νn,j) , (29)

where a (ν) =
[
1, ej2πν , . . . , ej2πν(M−1)

]T ∈ CM is
the response vector accounting for velocity, µn,j =

[µn,j,1, . . . , µn,j,L]
T ∈ RL, νn,j = [νn,j,1, . . . , νn,j,L]

T ∈ RL,
αn,j = (PTx/N)

[
α′′n,j,1, . . . , α

′′
n,j,L

]T ∈ CL, A (νn,j) =
[a (νn,j,1) , . . . ,a (νn,j,L)] ∈ CM×L, and Bn

(
µn,j

)
=

[bn (µn,j,1) , . . . ,bn (µn,j,L)]∈CQ×L.
Note that the aforementioned signal model is obtained under

noise-free scenarios. Unlike the traditional digital processing
that simply formulates the noise as the additive white Gaussian
noise (AWGN), the mathematical expression of the noise in
the proposed processing will be transmitted-signal-dependent
and thus can be quite complex. The specific statistical analysis
of the noise behavior is beyond the scope of this paper, and
can be left as a future research direction. Instead, independent
and identically distributed (i.i.d.) AWGN is considered for the
obtained signal model after ADC for performance evaluation.
The final sensing measurements can be written as

Rn,j = Rn,j + Nn,j , (30)

where each element in Nn,j ∈ CQ×M follows the i.i.d.
complex Gaussian distribution CN

(
0, σ2

n

)
.

C. Parameter Estimation Under Dual Discontinuity

Based on Rn,j obtained by the FMCW processing above,
our objective is to estimate the parameters τn,j,l and vn,j,l
(or µn,j,l and νn,j,l equivalently) for each antenna pair (n, j).
However, as shown in (27) and Fig. 5, the digitized IF signals
in the OCDM system may exhibit dual discontinuity. Partic-
ularly, it consists of (i) time discontinuity, which introduces
the blank window (all-zero segment) to the response vectors,
and (ii) phase discontinuity, which introduces an extra phase
shift of −µφ to part of bn (µ) (see (27)). This destroys

the Vandermonde property of Bn

(
µn,j

)
and thus invalidates

many off-the-shelf parameter estimation algorithms [46], [48].
It is noteworthy that while affine frequency division multi-

plexing (AFDM) [49] provides a more generalized framework
for multi-carrier waveforms, we specifically adopt OCDM for
the proposed ISAC solution. The rationale is that the chirp
subcarriers in AFDM usually exhibit steeper slopes, resulting
in more than one instantaneous frequency discontinuity within
the system bandwidth [49, Fig. 4]. Such discontinuities would
significantly complicate the IF signal derivation and the subse-
quent super-resolution estimation. In contrast, OCDM strikes
an optimal balance by providing frequency-domain diversity
while maintaining the manageable discontinuities for FMCW
processing.

Algorithm 1 Proposed Target Parameter Estimation Method

Input: Received measurements Rn,j , rn,j = vec
(
Rn,j

)
,

n = 1, 2, . . . , N , j = 1, 2, . . . , NRx, maximum number
of iterations for GDA Hmax.
% The algorithm will run for each antenna pair (n, j)
% RL-ESPRIT module begins

1: Estimate number of effective paths L̂n,j ;
2: Obtain

[
Rn,j

]
Ωini
n ,:

based on (31)-(33);

3: Obtain estimates µ̂ini
n,j ∈ RL̂n,j and ν̂ ini

n,j ∈ RL̂n,j via
2D-ESPRIT algorithm [46];

4: α̂ini
n,j =

(
A∗
(
ν̂ ini
n,j

)
�Bn

(
µ̂ini
n,j

))†
rn,j ;

% RL-ESPRIT module ends and GDA module begins
5: h = 0, µ(0) = µ̂ini

n,j , ν
(0) = ν̂ ini

n,j , and α(0) = α̂ini
n,j ;

6: while h < Hmax, do
7: h = h+ 1;
8: g

(h−1)
dis =

∂gn,j(µ,ν,α)
∂µ

∣∣∣
µ=µ(h−1),ν=ν(h−1),α=α(h−1)

,

g
(h−1)
vel =

∂gn,j(µ,ν,α)
∂ν

∣∣∣
µ=µ(h−1),ν=ν(h−1),α=α(h−1)

;

9: Choose step size for current iteration γ(h) based on
Barzilai-Borwein method [47], as done in (35);

10: µ(h) = µ(h−1) − γ(h)g
(h−1)
dis ;

11: ν(h) = ν(h−1) − γ(h)g
(h−1)
vel ;

12: α(h) =
(
A∗
(
ν(h)

)
�Bn

(
µ(h)

))†
rn,j ;

13: end while
Output: Refined estimates µ̂GDA

n,j = µ(h) ∈ RL̂n,j and
ν̂GDA
n,j = ν(h) ∈ RL̂n,j , n = 1, 2, . . . , N , j =

1, 2, . . . , NRx.

To tackle the dual-discontinuity, we propose a parameter
estimation method taking the dual discontinuity into account,
which is summarized in Algorithm 1 and detailed as follows.

1) Initial Estimation via RL-ESPRIT: First we estimate the
number of effective paths Ln,j =

∣∣{l ∣∣α′′n,j,l 6= 0}
∣∣
c
≤ L as

L̂n,j using the method in [46], since the SNS may diversify
the numbers of effective paths for different antenna pairs. Then
we introduce the following two ordered sets for the n-th DSS

Ω
I

n =

{
q ∈ [1, Q]

∣∣∣∣TGI ≤ TGI +
q − 1

fADC
<
kn
B

}
, (31)

Ω
III

n =

{
q ∈ [1, Q]

∣∣∣∣knB + TGI ≤ TGI +
q − 1

fADC
< T

}
. (32)

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on August 01,2026 at 12:35:13 UTC from IEEE Xplore.  Restrictions apply. 



10162 IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 74, 2026

It is easy to verify Ω
I

n ⊆ ΩI
n (τn,j,l) and Ω

III

n ⊆ ΩIII
n (τn,j,l),

∀n, j, l. Therefore both of the sub-matrices
[
Bn

(
µn,j

)]
Ω

I
n,:

and
[
Bn

(
µn,j

)]
Ω

III
n ,:

will maintain the Vandermonde struc-
ture which can be utilized for super-resolution parameter
estimation [46], [48]. The set with more elements between
Ω

I

n and Ω
III

n will be chosen as Ωini
n for initial estimation. That

is,

Ωini
n =

Ω
I

n,
∣∣∣ΩI

n

∣∣∣
c
≥
∣∣∣ΩIII

n

∣∣∣
c

Ω
III

n , otherwise,
(33)

and the reduced-length measurement
[
Rn,j

]
Ωini
n ,:

will be
treated as the input of the two-dimensional ESPRIT
(2D-ESPRIT) algorithm [46]. The output of 2D-ESPRIT algo-
rithm, namely, the initial estimates of (probably part of) µn,j
and νn,j , will be utilized to obtain the initial estimates of
(probably part of) αn,j as performed in Step 4 of Algorithm 1.

2) Refinement via GDA: To fully utilize the measurements
Rn,j , we first define an objective function as

gn,j (µ,ν,α) = ‖(A∗ (ν)�Bn (µ))α− rn,j‖22 , (34)

where rn,j = vec
(
Rn,j

)
. To find µ, ν, and α that min-

imize gn,j (µ,ν,α), we resort to the GDA with the initial
values obtained by the RL-ESPRIT module, which iteratively
refines the current estimates to improve the objective func-
tion. Specifically, in each iteration, the estimates are updated
according to Steps 10 and 11 of Algorithm 1. Due to the page
limitation, the expressions of ∂gn,j(µ,ν,α)

∂µ and ∂gn,j(µ,ν,α)
∂ν

in Step 8 of Algorithm 1 are omitted. Interested readers are
referred to [43] for the derivation details. Also note that, to
achieve fast convergence in the GDA module, we adopt the
Barzilai-Borwein method [47] to compute the step size γ(h)

in each iteration. Unlike traditional gradient descent with a
fixed step size, the Barzilai-Borwein method approximates
the behavior of second-order methods with low computational
overhead. Specifically, in Step 9 of Algorithm 1, let η(h) =[(
µ(h)

)T
,
(
ν(h)

)T]T
and g(h) =

[(
g

(h)
dis

)T

,
(
g

(h)
vel

)T
]T

, then

the Barzilai-Borwein method updates the step size as

γ(h) =

(
g(h−1) − g(h−2)

)T (
η(h−1) − η(h−1)

)∥∥g(h−1) − g(h−2)
∥∥2

2

, (35)

for h ≥ 2.

D. Virtual Bistatic Sensing (VIBS) Paradigm

Based on the results of parameter estimation, we can
construct the estimates of range and the velocity of the targets
associated with the antenna pair (n, j) as d̂n,j = cfADCT

B µ̂n,j
and v̂n,j = λ

T+TGI+Tcom
ν̂n,j . These estimates can be treated

as the measurements from the bistatic radar whose effective
transmitter and receiver are the n-th DSA and the j-th Rx
antenna of the sensing receiver, respectively. As discussed in
Section III-B, the range and velocity of a near-field target
observed by different antenna pairs in ISAC station will be
significantly different from each other, even though they are
located at a single station. This spatial diversity inspires us to
incorporate the virtual bistatic measurements from all antenna

Fig. 6. The pre-processing of bistatic sensing with L = 3 and N =
NRx = 4. (a) The actual target pattern and the measurements without
outlier elimination. (b) Measurements after outlier elimination. (c) Results of
K-means clustering.

pairs to determine the position and velocity for each target,
which is called VIBS. Before proceeding, we collect d̂n,j
and v̂n,j for n = 1, 2, . . . , N , j = 1, 2, . . . , NRx as a
data set with Ndata =

∑N
n=1

∑NRx

j=1 L̂n,j measurements each
corresponding to the estimated bistatic range and velocity of
one target. An example of the obtained date set is visualized
in Fig. 6 (a). On this basis, we conduct the outlier elimination
(OE) to obtain the set of valid measurements, which excludes
those measurements that significantly deviate from the normal
pattern, as shown in Figs. 6 (a) and 6 (b). Then, the clustering
algorithm is applied to classify the valid measurements into
L̂ clusters, where L̂ = maxn,j

{
L̂n,j

}
is the estimate of

L. For ease of analysis, we let L̂ = L. Fig. 6 (c) depicts
an example of clustering based on K-means method [50].
Note that more state-of-the-art clustering algorithms, such
as density-based spatial clustering of applications with noise
(DBSCAN), can also be adopted to this task. For the l-th
(l = 1, 2, . . . , L) cluster, we introduce the following notations:
• P (l): the number of measurements;
• d̂

(l)
p : the p-th (p = 1, 2, . . . , P (l)) range measurement;

• v̂
(l)
p : the p-th (p = 1, 2, . . . , P (l)) velocity measurement;

• p
Tx,(l)
p ∈ {pTx

i1
,pTx

i2
, . . . ,pTx

iN
}: the position vector of

the DSA associated with the p-th measurement;
• p

Rx,(l)
p ∈ {pRx

1 ,pRx
2 , . . . ,pRx

NRx
}: the position vector of

the Rx antenna associated with the p-th measurement.
The measurements can be modeled based on (13) and (14)

as

d̂(l)
p =

∥∥∥pl − pTx,(l)
p

∥∥∥
2

+
∥∥∥pl − pRx,(l)

p

∥∥∥
2

+ edis,(l)
p , (36)

v̂(l)
p =

 pl − p
Tx,(l)
p∥∥∥pl − p
Tx,(l)
p

∥∥∥
2

+
pl − p

Rx,(l)
p∥∥∥pl − p
Rx,(l)
p

∥∥∥
2

T

vl + evel,(l)
p ,

(37)

where e
dis,(l)
p and e

vel,(l)
p are the estimation errors of range

and velocity, respectively. Note that we have assumed that the
measurements from the l-th cluster corresponds to l-th target
with position pl and velocity vl, which causes no loss of
generality. The objective of bistatic sensing is to estimate pl
and vl based on d̂(l)

p and v̂(l)
p , p = 1, 2, . . . , P (l). We discuss

the estimation of position and velocity separately as follows.
1) Virtual Bistatic Positioning: To guarantee a unique target

position without ambiguity, the valid measurements should
fulfill certain conditions, as stated in Theorem 2.
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Theorem 2: [A sufficient condition for bistatic positioning
without ambiguity]

For edis,(l)
p = 0, a sufficient condition for uniquely obtaining

pl via
{
d̂

(l)
p

}P (l)

p=1
is that there exists at least 3 antenna pairs

that involve the same DSA (or same Rx antenna) for the
current cluster.

Proof: See Appendix B. �

Algorithm 2 Virtual Bistatic Positioning

Input: d̂(l)
p , v̂(l)

p , p
Tx,(l)
p , p

Rx,(l)
p , p = 1, 2, . . . , P (l) for each

l ∈ {1, 2, . . . , L}, and maximum number of iterations for
GDA H ′max.
% The algorithm will run for each cluster l ∈
{1, 2, . . . , L}

1: For the l-th cluster, choose a subset of measurements that
involves at least 3 antenna pairs with the same DSA (or
same Rx antenna);

2: Obtain initial position estimate p̂ini
l according to

Theorem 2;
3: h = 0, p(0) = p̂ini

l ;
4: while h < H ′max, do
5: h = h+ 1;
6: g

(h−1)
dis = ∂g(l)(p)

∂p

∣∣∣
p=p(h−1)

;

7: Choose step size β(h) based on Barzilai-Borwein
method, similarly to Step 9 in Algorithm 1;

8: p(h) = p(h−1) − β(h)g
(h−1)
dis ;

9: end while
Output: Refined position estimates p̂GDA

l = p(h), l =
1, 2, . . . , L.

Theorem 2 provides an insight on how to obtain the initial
results for VIBS. Specifically, a subset of measurements that
involves at least 3 antenna pairs with the same DSA (or
same Rx antenna) can be chosen to obtain the initial (but
coarse) estimate of pl according to Theorem 2. Then, the
GDA algorithm can be applied to refine the initial estimate
by incorporating all P (l) measurements. We summarize this
virtual bistatic positioning in Algorithm 2, where the objective
function g(l) (p) in Step 6 is defined by

g(l) (p) =

P (l)∑
p=1

(
d̂(l)
p −

∥∥∥p− pTx,(l)
p

∥∥∥
2
−
∥∥∥p− pRx,(l)

p

∥∥∥
2

)2

.

(38)
The gradient of g(l) (p) with respect to p can be readily
calculated, and its expression is omitted for brevity.

2) Virtual Bistatic Velocity Measurement: The estimate of
velocity vector vl can be easily obtained by replacing pl
in (37) by its estimate p̂l obtained in the virtual bistatic
positioning. Specifically, when P (l)≥3, the velocity estimate
v̂l is given by

v̂l=
(
Y(l)

)†
s(l), (39)

where s(l) =
[
v

(l)
1 , . . . , c

(l)

P (l)

]T
∈ RP (l)

, Y(l) =[
y

(l)
1 , . . . ,y

(l)

P (l)

]T
∈ RP (l)×3 and y

(l)
p =

p̂l−pTx,(l)
p∥∥∥p̂l−pTx,(l)
p

∥∥∥
2

+

p̂l−pRx,(l)
p∥∥∥p̂l−pRx,(l)
p

∥∥∥
2

. Note that unlike the previous works [2], [4]

which only estimate the radial velocity of the target, the
proposed virtual bistatic velocity measurement method can
estimate the three-dimensional velocity vl ∈ R3, benefiting
from the spatial diversity of UM-MIMO and the proposed
VIBS paradigm.

E. Cramér-Rao Bound Analysis

Following the received signal model in (30), the CRBs
for range-dependent parameters µn,j and velocity-dependent
parameters νn,j are summarized in Theorem 3.

Theorem 3: [CRB for parameter estimation]
Let ηn,j =

[
µT
n,j ,ν

T
n,j

]T ∈ R2L, ddis
n (µ) =

∂bn (µ) /∂µ ∈ CQ, and dvel (ν) = ∂a (ν) /∂ν ∈ CM . The
CRB of ηn,j based on the model (30) can be obtained as

CRB
(
ηn,j

)
=
σ2

n

2

(
Re
{

ΛH
n,jD

H
n,jP

⊥
n,jDn,jΛn,j

})−1

,

(40)
where Re{·} extracts the real part of the input, and

Λn,j = diag
([

αT
n,j ,α

T
n,j

]T) ∈ C2L×2L,

Dn,j=
[(

Dvel
n,j

)∗�Bn

(
µn,j

)
,A∗ (νn,j)�Ddis

n,j

]
∈CMQ×2L,

P⊥n,j = IMQ −Cn,jC
†
n,j ∈ CMQ×MQ,

Cn,j = A∗ (νn,j)�Bn

(
µn,j

)
∈ CMQ×L,

Ddis
n,j=

[
ddis
n (µn,j,1) ,ddis

n (µn,j,2) , . . . ,ddis
n (µn,j,L)

]
∈CQ×L,

Dvel
n,j=

[
dvel (νn,j,1) ,dvel (νn,j,2) , . . . ,dvel (νn,j,L)

]
∈CM×L.

Proof: Based on the vectorized form of (30), i.e.,
vec
(
Rn,j

)
= Cn

(
µn,j ,νn,j

)
αn,j , the result can be readily

derived according to [51, Appendix]. �

F. Computational Complexity Analysis

The computational complexity of the proposed sensing
paradigm is analysed in this section. Note that the proposed
scheme consists of parameter estimation and VIBS, and their
computational complexity in terms of numbers of complex
multiplication will be discussed respectively as follows.

1) Parameter Estimation (Algorithm 1): The computational
complexity of Algorithm 1 is mainly determined by the
following factors.
• 2D-ESPRIT algorithm and complex gain estima-

tion (Steps 3–4): It has a computational complexity
of approximately O

(
max

(∣∣Ωini
n

∣∣
c
,M
)3

+ L3 +MQL
)

due to the singular value decomposition for
[
Rn,j

]
Ωini
n ,:

and pseudo-inverse operation.
• GDA refinement (Steps 6–13): Each GDA iteration

renders complexity about O
(
L3 +MQL

)
.

2) VIBS: The computational complexity of Algorithm 2 is
mainly determined by its GDA part, which renders complexity
about O

(
P (l)

)
for each iteration. Moreover, the 3D velocity

estimation in (39) also renders complexity about O
(
P (l)

)
.
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V. SENSING-ENHANCED NEAR-FIELD CE FOR
UM-MIMO WITH OCDM

This section focuses on the communication functionality of
the ISAC system. Specifically, the near-field CE is formulated
as the CS problem under the OCDM waveform, and the CS
algorithm is applied to solve it. Then, a sensing-enhanced CE
method is proposed, utilizing the obtained sensing results to
improve the CE performance.

A. CS-Based Channel Estimation

The CE procedure can be implemented during the com-
munication stage as shown in Fig. 3, while preventing the
cross-interference between the sensing and communication
tasks. Compared to the sensing receiver with low-rate ADCs,
the communication receiver at the UT utilizes the Nyquist
sampling, and therefore the CE formulation is based on digital
representation [32]. To effectively estimate the finite commu-
nication CIR shown in (6), we use the shorten OCDM symbols
as the pilot signals. Each shorten OCDM symbol consists of G
(instead of K) orthogonal chirps, where G ≥ max

l
{τ com
l }/Ts.

Moreover, a replica of the shorten OCDM symbol is attached
before it to form the cyclic prefix (CP) as the GI, so that each
shorten OCDM symbol is of duration 2GTs. Based on (6), the
CIR of interest can be obtained as

{
hcom
g = hcom (gTs)

}G−1

g=0
.

Note that the length of GI (CP) guarantees that hcom
g = 0

when g ≥ G. We denote the number of pilot symbols for CE
as NCE, and the p-th transmit signal as

Sp = ΦHXp, (41)

where p = 1, 2, . . . , NCE, Φ ∈ CG×G is the G-order discrete
Fresnel transform (DFnT) matrix with the elements [Φ]i,j =

e−jπ4 ej πG (i−j)2/
√
G [32], and Xp ∈ CG×NTx is the normalized

transmitted constellation symbols. Sp can be further denoted
as Sp =

[
sp,0, sp,1, . . . , sp,G−1

]T
, where sp,g ∈ CNTx are the

modulated signals for all antennas. Given the application of
CP, the received pilot signals of p-th pilot signal at the g-th
sample, yp,g , can be formulated based on circular convolution
between the CIR and modulated signals. That is,

yp,g =
√
P com

Tx

G−1∑
g′=0

sT
p,〈g−g′〉G

hcom
g′ + np,g, (42)

where P com
Tx is the transmit power of ISAC station during

the communication stage, np,g ∼ CN
(
0, σ2

n

)
is the AWGN.

Stacking the G samples of received signals yields

yp=[yp,0, yp,1, . . . , yp,G−1]
T

=
√
P com

Tx CphCIR+np, (43)

where np = [np,0, np,1, . . . , np,G−1]
T ∈ CG, hCIR =[

(hcom
0 )

T
, (hcom

1 )
T
, . . . ,

(
hcom
G−1

)T]T ∈ CGNTx is the overall
CIR matrix to be estimated, and

Cp =


sT
p,0 sT

p,G−1 · · · sT
p,1

sT
p,1 sT

p,0 · · · sT
p,2

...
...

. . .
...

sT
p,G−1 sT

p,G−2 · · · sT
p,0

 ∈ CG×GNTx . (44)

Note that Cp is a block-circulant matrix [52]. To facilitate CE,
we transform the CIR vector hCIR into the frequency domain
(marked by “Fd”) by applying discrete Fourier transform
(DFT)

hFd
g =

1√
G

∑G−1

g′=0
hcom
g′ e−j 2πG gg

′
. (45)

This can be written more compactly as

hFd =
[(

hFd
0

)T
,
(
hFd

1

)T
, . . . ,

(
hFd
G−1

)T]T
= (FDFT ⊗ INTx

) hCIR, (46)

where FDFT is the G-order normalized DFT matrix. Estimat-
ing the CIR can be equivalently recast into estimating hFd.
Based on (46), we re-write (43) as

yp =
√
P com

Tx Cp

(
FH

DFT ⊗ INTx

)
hFd + np. (47)

To fully utilize the block-circulant property of Cp and thus
simplify the CE problem, the UT conducts the DFT for the
received signals yp and obtain

yp = FDFTyp =
√
P com

Tx ΛphFd + np, (48)

where np = FDFTnp, and Λp = FDFTCp

(
FH

DFT ⊗ INTx

)
.

According to the property of block-circulant matrices [52],
Λp ∈ CG×GNTx is a block-diagonal matrix, which can be
represented by

Λp = blkdiag
(
dT
p,0,d

T
p,1, . . . ,d

T
p,G−1

)
, (49)

with dp,g =
∑G−1
g′=0 sp,g′e

−j 2πG gg
′
. In this way, G frequency-

domain channels are sounded independently. Specifically, (48)
can be written as

yp,g =
√
P com

Tx dT
p,gh

Fd
g + np,g, (50)

where yp,g (np,g) is the (g + 1)-th element of yp (np). By
collecting NCE pilot signals, the final observations for each
frequency-domain channel can be obtained as

ycom
g =

√
P com

Tx Dgh
Fd
g + ncom

g , (51)

where ycom
g =

[
y1,g, y2,g, . . . , yNCE,g

]T ∈ CNCE , Dg =[
d1,g,d2,g, . . . ,dNCE,g

]T ∈ CNCE×NTx , and ncom
g =

[n1,g, n2,g, . . . , nNCE,g]
T∈CNCE .

B. Initial Compressive Sensing Based CE

It can be observed that when the number of pilot signals
NCE is small, obtaining the estimate of hFd

g from (51)
becomes underdetermined, since the dimension of hFd

g is
typically much larger than that of observations ycom

g , i.e.,
NCE � NTx. In this case, conventional channel estimation
methods, such as least square (LS) and minimum mean square
error (MMSE), cannot provide reliable solutions due to the
lack of sufficient pilot observations. Fortunately, the inherent
sparsity of near-field channel enables reformulating the CE
problem based on the framework of CS, where sparse recovery
algorithms can be exploited to accurately estimate hFd

g even
with limited pilot overhead. To this end, we introduce a two-
dimensional polar-domain transform matrix W ∈ CNTx×NPd ,
whose columns are constructed by NPd ≥ NTx near-field

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on August 01,2026 at 12:35:13 UTC from IEEE Xplore.  Restrictions apply. 



WAN et al.: ULTRA-MASSIVE MIMO WITH OCDM FOR NEAR-FIELD SENSING AND COMMUNICATION INTEGRATION 10165

steering vectors parameterized by both the distance and the
virtual angle. In this way, W captures the two-dimensional
geometry of the near-field channel. Due to the page limitation,
the specific formulation of W is omitted here, and interested
readers are referred to [43, Algorithm 1]. By applying this
transform, each frequency-domain near-field channel can be
represented as

hFd
g = W hPd

g , (52)

where hPd
g ∈ CNPd denotes the polar-domain channel vector

with sparsity. Substituting (52) into (51) yields

ycom
g =

√
P com

Tx DgWhPd
g + ncom

g , (53)

for g = 0, 1, . . . , G − 1, which gives a series of canonical
CS problems. The G polar-domain channel vectors {hPd

g }G−1
g=0

sharing the same sparsity pattern are observed via G different
sensing matrices {DgW}G−1

g=0 , which renders the general-
ized multiple measurement vector (GMMV) problem [53].
Therefore, it can be effectively solved by off-the-shelf CS
algorithms that jointly leverage the common sparsity pattern.
We utilize the DOMP algorithm [54] to estimate the G polar-
domain channel vectors, which is summarized in Steps 1–9 of
Algorithm 3.

C. CE Refinement Based on Sensing Results

The initial channel estimates ĥFd
g obtained from

Algorithm 3 can be used for beamforming and equalization
in communication stages (see Fig. 3). However, the on-grid
DOMP suffers from limited spatial resolution, which may
make communication performance unsatisfactory. Fortunately,
given that the communication channel and sensing channel
may share some common scatterers [3], the sensing results
obtained from the sensing process (as detailed in the previous
sections) can help enhance the CE. The enhancement process
is summarized in Steps 10–17 of Algorithm 3. It consists of
mainly two following stages.
• Sensing results matching and replacement (Steps 12-14).

For each position coordinate obtained from the sens-
ing process, the near-field steering vector is generated
according to (7), and then compared to all the selected
codewords (i.e., Wsel in Step 10) in the polar-domain
dictionary via correlation operation. A threshold ε is set
to evaluate the similarity, and the selected codewords that
are similar to the sensing-associated near-field steering
vector are recorded. Then, these codewords are replaced
by the near-field steering vectors from sensing results
to obtain the refined support (Step 14), which are more
precise to represent the communication channels.

• CE enhancement based on refined support (Step 16). With
the refined support, the observations in (53) become an
overdetermined system, so that the polar-domain channel
coefficients can be updated via LS, as done in Step 16 of
Algorithm 3. The estimate of enhanced frequency-domain
channels {ĥFd,enh

g }G−1
g=0 can be obtained by multiplying

the refined support matrix by the updated coefficients, as
done in Step 17 of Algorithm 3.

Remark 2: To provide a holistic view of the proposed
architecture, it is essential to highlight how the communication

Algorithm 3 Near-Field CE and Its Enhancement Based on
Sensing Results

Input: Measurements {ycom
g }G−1

g=0 , pilot-determined matrices
{Dg}G−1

g=0 , polar-domain transform matrix W, sensing
results {p̂l}Ll=1, and pre-defined threshold ε.
% Initial CE based on DOMP begins

1: Initialization: I = ∅, rg = ycom
g , and ĥPd

g = 0NPd×1;
2: while Stopping Criterion is not met do
3: i∗ = arg max

i

∑G−1
g=0

∣∣∣[(DgW)
H

rg

]
i

∣∣∣;
4: I = I ∪ {i∗};
5: ĥg = [DgW]

†
I ycom

g for g = 0, 1, . . . , G− 1;
6: rg = yg − [DgW]I ĥPd

g for g = 0, 1, . . . , G− 1;
7: end while
8:
[
ĥPd
g

]
I

= ĥg for g = 0, 1, . . . , G− 1;

9: ĥFd,ini
g = WĥPd

g for g = 0, 1, . . . , G− 1;
% Initial CE ends and the enhancement begins

10: Initialization: J = ∅, Wsel = [W]I ;
11: for l = 1, 2, . . . , L do
12: Generate vector asen ∈ CNTx with [asen]i =

e−j2πfc(‖p̂l−pTx
i ‖2−‖p̂l‖2)/

√
NTx, i = 1, 2, . . . , NTx;

13: J = J ∪
{
j
∣∣∣[WH

selasen

]
j
≥ ε

}
;

14: [Wsel]J = asen;
15: end for
16: ĥcoeff

g = (DgWsel)
†
ycom
g for g = 0, 1, . . . , G− 1;

17: ĥFd,enh
g = Wselĥ

coeff
g for g = 0, 1, . . . , G− 1;

Output: Initial CE results ĥFd,ini
g and their improved version

ĥFd,enh
g , g = 0, 1, . . . , G− 1.

and sensing functionalities seamlessly coexist and cooperate.
For coexistence, communication OCDM symbols fill the gaps
between sensing symbols to maximize time-domain utilization
(Fig. 3). For cooperation, the dual functions are tightly linked
via the proposed sensing-enhanced CE scheme. By providing
extracted near-field physical parameters (i.e., positions of
scatterers) as crucial spatial priors, the proposed CE scheme
refines the polar-domain channel support set and substantially
facilitates CE for UM-MIMO communications.

Also note that the initial CE in Algorithm 3 is based
on state-of-the-art OMP-type algorithms, so its computational
complexity can be found in literature like [4], [55]. Moreover,
the sensing enhancement procedure in Algorithm 3 ren-
ders complexity O

(
NTxL+ |I|3c +NCE |I|2c +NTx |I|c

)
at

most, since in general not all targets detected by the sensing
phase play the role of scatterers for communications.

VI. SIMULATION RESULTS

In this section, we present simulation results to evaluate the
performance of the proposed ISAC scheme, and compare it
with existing counterparts in the literature.

A. Experimental Setting

The default simulation system parameters are listed in
Table I. The signal-to-noise ratio (SNR) is defined by PTx/σ

2
n
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TABLE I
DEFAULT SYSTEM PARAMETERS

for sensing and by P com
Tx /σ2

n for communications, where σ2
n

is the power of AWGN. According to Table I and (23), the
DSS selection must satisfy 48 ≤ |kn′ − kn| ≤ 208, ∀n 6= n′.
Therefore, we construct IDSS by randomly selecting N ele-
ments in {0, 48, 96, 144, 192}. The model of sensing channel
complex gains αi,j,l differs based on the considered channel
environments as discussed in Section III-B. Specifically,
• For the spatially-correlated channels, αi,j,l = αl ∼
CN (0, 1), ∀i, j.

• For the SUC channels, αi,j,l ∼ CN (0, 1), and we adopt
this channel model unless stated otherwise.

• When SNS is considered, we randomly choose Nnull out
of NL Tx-target paths in the SUC channels and make
the corresponding complex gains zero.

The communication channel is generated in the same way
as the sensing channel. The polar-domain dictionary W is
generated according to [43, Algorithm 1] within the distance
[3, 20] m and the oversampling rate for angle quantization
is set to 2. Algorithm 3 is terminated when the number of
iterations reaches 10. The K-means method is adopted as the
default clustering algorithm for VIBS. Other settings and the
benchmark schemes will be specified during the presentation
of results.

B. Numerical Results

1) Sensing Performance: First, we investigate the con-
vergence performance of the proposed parameter estimation
method and the virtual bistatic positioning, as illustrated in
Fig. 7. It is evident that the objective functions in both
Algorithm 1 and Algorithm 2 decrease over iteration, and
the convergence occurs much more rapidly when employing
the Barzilai-Borwein method compared to the conventional
method with a fixed step size. Based on the results in Fig. 7,
we adopt a fixed maximum number of iterations as shown in
Table I for the following simulation to ensure deterministic
execution time for real-time hardware implementations.

Then, we investigate the total mean square error (TMSE)
performance of parameter estimation. The TMSEs of

Fig. 7. The convergence behaviour of (a) parameter estimation in Algorithm 1,
and (b) virtual bistatic positioning Algorithm 2.

Fig. 8. The TMSE performance of (a) range-dependent parameter estimation
and (b) velocity-dependent parameter estimation. The legend is shared by both
figures.

range-dependent and velocity-dependent parameter estima-
tions are defined as E

{∑N
n=1

∑NRx

j=1

∥∥µ̂n,j − µn,j
∥∥2

2

}
and

E
{∑N

n=1

∑NRx

j=1 ‖ν̂n,j − νn,j‖22
}

, respectively, where µ̂n,j
(ν̂n,j) is the estimate of µn,j (νn,j). To validate the
effectiveness of the estimate, we also introduce the total
CRBs (TCRBs) defined as

∑N
n=1

∑NRx

j=1 CRB
(
µn,j

)
and∑N

n=1

∑NRx

j=1 CRB (νn,j), where the specific CRB expression
can be obtained by applying the results in [51, Appendix] to
the signal model (30). Figs. 8 (a) and (b) show the TMSEs
for range-dependent and velocity-dependent parameter esti-
mations, respectively, as the functions of SNR. Notably, due
to the dual discontinuity in the OCDM-FMCW processing,
directly applying ESPRIT to the digitized IF signal (marked
by ‘Direct ESPRIT’) is ineffective. In contrast, the proposed
two-stage parameter estimation method performs well despite
the dual discontinuity, with GDA-based refinement enhancing
estimation accuracy and enabling TMSE to closely approach
the TCRB. We also consider the following two state-of-the-
art waveform benchmarks in Fig. 8: (i) The OFDM waveform
[23] with K subcarriers and bandwidth B; and (ii) the non-
overlapped chirp waveform design [3], which divides the
whole bandwidth into N non-overlapped segments to transmit
N orthogonal chirp signals (see [3, Fig. 4]). For these two
benchmarks, we utilize 2D-ESPRIT for parameter extraction.
Although the OFDM waveform yields much more range-
related measurements (of length K = 256) than the proposed
scheme (of length Q = 30), the latter outperforms the former
with reduced hardware complexity. Also note that required
ADC sampling rate for the proposed scheme (12.5 MHz) is
much lower than that for traditional schemes (100 MHz),
which indicates about eightfold reduction for ADC power
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Fig. 9. The MSE performance of VIBS regarding (a) position, and (b) velocity.

consumption. Moreover, the non-overlapped chirp method [3]
exhibits poor range-dependent parameter estimation perfor-
mance due to the range resolution degradation.

Based on the results of parameter estimation, the perfor-
mance of the proposed VIBS paradigm is investigated under
various channel environments. Fig. 9 demonstrates the mean
square error (MSE) of both positioning and velocity measure-
ment, which are respectively defined as E

{∑L
l=1 ‖p̂l − pl‖22

}
and E

{∑L
l=1 ‖v̂l − vl‖22

}
with p̂l (v̂l) being the estimate of

pl (vl). It can be observed from Fig. 9 that the proposed
positioning scheme can achieve sub-meter level accuracy (i.e.,
MSE of positioning is less than 0 dB) within the practical
SNR range, and the GDA in Algorithm 2 can improve
the performance of positioning and velocity measurement.
This demonstrates the effectiveness of the proposed VIBS
paradigm. The robustness of the proposed scheme against the
hostile channel environments is also evident in Fig. 9. The
performance loss under practical SUC channels, compared
to the unrealistic spatially-correlated channels, is acceptable.
Moreover, the performance loss becomes negligible as the
number of null paths (i.e., Nnull) increases from 0 to 2, which
indicates that the proposed scheme is almost immune to SNS.
As the benchmark, we introduce the near-field sensing model
in [16] and solve it via the polar-domain algorithm [43], which
is marked by “NISE” in Fig. 9 (a). Note that this benchmark
heavily relies on the spatially-correlated channels, rendering
it ineffective under the SUC channels and SNS, as shown in
Fig. 9 (a). Also note that this benchmark does not consider
the velocity measurement, while the proposed method can
effectively estimate the three-dimensional velocity (rather than
the radial velocity only [4]), as shown in Fig. 9 (b). Fig. 9
also compares the DBSCAN clustering algorithm with the
K-means method. Observe that two algorithms perform almost
identically, which indicates both centroid-based (K-means) and
density-based (DBSCAN) algorithms can accurately classify
the estimates even in the presence of noise.

We further evaluate the impact of transceiver configura-
tion on sensing performance in Fig. 10, where the phase
transition in MSE performance with respect to the number
of DSAs/DSSs N and the sensing receiver aperture DRx is
presented. For simplicity, we focus on the positioning MSE
only, and the velocity measurement performance follows the
same trend. We can observe that the impact of transceiver
configuration on sensing tasks is quite complicated as L varies,
which can be explained from the following perspectives.

Fig. 10. Phase transition in positioning MSE versus the number of
DSAs/DSSs N and the sensing receiver aperture DRx, under different
numbers of targets L. The darker cell corresponds to the lower MSE. The
best combination of N and DRx is marked by the red dot for each L.
SNR = 10 dB.

Firstly, when L is small (e.g., L = 1 or 2), increasing
either N or DRx enhances the spatial diversity of the sensing
system by providing more diversified observations of each
target, thereby improving the sensing performance. Secondly,
increasing N degrades the transmit power allocated to each
DSS. This degradation will dominate the sensing performance
when L > 2, making further increases in N ineffective for
improving sensing performance. Thirdly, when L is relatively
large (e.g., L = 5 or 6), increasing either N or DRx will
make the parameter estimates “crowded” in the range-Doppler
plane (see Fig. 6) and thus it imposes challenges in classifying
the estimates via the clustering algorithm. As a result, the
sensing performance degrades sharply with N and/or DRx in
such scenarios. Fig. 10 provides insight in choosing appropri-
ate transceiver configuration for different sensing scenarios.
In particular, for scenarios where the distribution of targets
exhibits significant sparsity, N or/and DRx can be increased
for better sensing performance, while for the scenarios with
more targets, N or/and DRx should be moderately reduced to
avoid negative effects.

2) Communication Performance: To evaluate the proposed
communication CE scheme, the normalized MSE (NMSE)
between the true and estimated communication channels,
defined as

NMSE = E


∑G−1
g=0

∥∥∥ĥFd
g − hFd

g

∥∥∥2

∑G−1
g=0

∥∥hFd
g

∥∥2

 , (54)

is adopted as the performance metric, where ĥFd
g denotes

the estimated communication channel obtained. We intro-
duce Lcomm to represent the number of common scatterers
shared between the sensing and communication channels.
In other words, Lcomm scatterers from the sensing channel
are reused in the communication channel, while the remain-
ing scatterers are distinct. The sensing results are obtained
from the proposed VIBS method. As illustrated in Fig. 11,
the proposed frequency-domain near-field CE scheme for
UM-MIMO systems performs effectively under the OCDM
waveform, achieving an NMSE below −8 dB even when the
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Fig. 11. The NMSE performance of CE and its enhancement varying with
(a) SNR given NCE = 128, and (b) NCE given SNR = 10 dB.

Fig. 12. Downlink communication BER performance evaluation for the
proposed architecture.

pilot overhead (256) is only half the number of antennas (512).
More importantly, a significant CE performance improvement
is observed when incorporating the proposed sensing-assisted
process. The enhancement becomes more pronounced as the
number of common scatterers Lcomm increases, indicating
stronger communication–sensing correlation leads to more
accurate CE.

To further verify the communication performance in
UM-MIMO and OCDM system, Fig. 12 depicts the bit error
rate (BER) performance under NCE = 64. We adopt the
16-QAM modulation, and the MMSE equalizers. For the
UM-MIMO beamforming design, the channel inversion
method is adopted at the ISAC station based on the perfect or
estimated channel vectors. The traditional OFDM is included
as the comparison. As observed from Fig. 12, OCDM has
much better BER performance than OFDM. This is because
the diversity of OFDM is limited by 1 in the frequency
domain due to its frequency-domain orthogonality, resulting
in poor BER performance. OCDM, however, has a better BER
performance benefiting from the chirp spectrum spread in the
frequency domain, while its transceiver complexity is only
little higher [32]. Also note that the proposed sensing-assisted
CE scheme bring about BER improvement for the UM-MIMO
and OCDM, which validates the effectiveness of the proposed
near-field ISAC scheme.

VII. CONCLUSION

A novel near-field ISAC solution that integrates UM-MIMO
and OCDM techniques has been presented. The proposed

Fig. 13. The instantaneous frequency of the transmitted and received DSSs.
(a) The case where T I

n,n′ (τ) 6= ∅, T II
n,n′ (τ) 6= ∅, and T III

n,n′ (τ) 6= ∅.
(b) The case where T I

n,n′ (τ) = ∅. (c) The case where T III
n,n′ (τ) = ∅.

(d) The case where T I
n,n′ (τ) = T III

n,n′ (τ) = ∅.

ISAC architecture utilizes an OCDM transmitter with
UM-MIMO and a co-located FMCW-based sensing receiver,
offering efficient dual-functionality. By transmitting DSSs
each through a DSA within the UM-MIMO, the system
can estimate the ranges and velocities of the near-field tar-
gets associated with each transmit-receive antenna pairs with
significantly reduced hardware complexity. Furthermore, the
virtual bistatic sensing paradigm has been proposed, enabling
the robust target positioning and achieving three-dimensional
velocity measurement. Moreover, the sensing-enhanced CE
has been designed, integrating the sensing results into CE
to benefit the communication task. Simulation results have
verified the effectiveness and superiority of the proposed ISAC
scheme.

APPENDIX A
PROOF OF THEOREM 1

We note that the vacancy occurs at the beginning of the
received signals due to the propagation delay, as illustrated in
Fig. 13. Therefore, we assume that the mixers start operating
TGI later after the waveforms are transmitted for each sensing
symbol, and our focus is solely on the time interval [τ, T ).
By substituting the OCDM waveform expression (3) into
sIF
n,n′ (t; τ) defined in (11), we obtain

sIF
n,n′ (t; τ) = ejϕn,n′ ej2π(

∫ t−τ
0

φ̃k
n′

(x)dx−
∫ t
0
φ̃kn (x)dx), (55)

where

ϕn,n′ =
π

K

(
〈kn −K/2〉2K − 〈kn′ −K/2〉

2
K

)
. (56)

To cope with the modulus operation in φ̃kn (x) and φ̃kn′ (x),
we need to divide the time interval of interest [τ, T ) into
several pieces and discuss them separately. Given that the
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discontinuity of φ̃k (x) occurs at x = k/B, we should focus
on two special points t = kn/B and t = kn′/B + τ in (55).
Considering first the case where τ < min (kn/B, kn′/B + τ)
and T > max (kn/B, kn′/B + τ), the following discussions
are in order.
• τ ≤ t < min (kn/B, kn′/B + τ). Accordingly, the phase

term in (55) can be written as

2π

(∫ t−τ

0

φ̃kn′ (x) dx−
∫ t

0

φ̃kn (x) dx

)
= 2π

∫ t−τ

0

(−Bx/T + kn′/T −B/2) dx

− 2π

∫ t

0

(−Bx/T + kn/T −B/2) dx

= 2π

(
Bτ

T
+
kn′ − kn

T

)
t+ ϕI

n (τ) , (57)

where

ϕI
n (τ) = −Bπ

T
τ2 −

(
2πkn
T
−Bπ

)
τ. (58)

• min (kn/B, kn′/B + τ) ≤ t < max (kn/B, kn′/B + τ).
If kn/B < kn′/B + τ , that is kn − kn′ < Bτ , then we
have (59), as shown at the bottom of the page. Similarly,
if kn − kn′ ≥ Bτ , we can obtain the following results

2π

(∫ t−τ

0

φ̃kn′ (x) dx−
∫ t

0

φ̃kn (x) dx

)
= 2π

(
Bτ

T
+
kn′ − kn

T
+B

)
t

+ ϕI
n (τ)− 2πBτ − 2πkn′ . (60)

Furthermore, the results (59) and (60) can be re-written
in a more compact form as

2π

(∫ t−τ

0

φ̃kn′ (x) dx−
∫ t

0

φ̃kn (x) dx

)
= 2π

(
Bτ

T
+
kn′ − kn

T
+B∆n,n′ (τ)

)
t+ ϕII

n,n′ (τ) ,

(61)

where

∆n,n′ (τ) =

{
−1, kn − kn′ < Bτ

1, kn − kn′ ≥ Bτ,
(62)

and

ϕII
n,n′ (τ) = ϕI

n (τ)− π [1 + ∆n,n′ (τ)]Bτ. (63)

Note that the phase terms 2πkn in (59) and 2πkn′ in (60)
are neglected, since they will not influence the IF signal.

• max (kn/B, kn′/B + τ) ≤ t < T . We obtain the result
in (64), as shown at the bottom of the page.

By plugging the results (57), (61), and (64) (neglecting
the term 2π (kn − kn′)) into (55), we obtain the IF signal
expression in (15). For other cases which do not satisfy τ <
min (kn/B, kn′/B + τ) or T > max (kn/B, kn′/B + τ), we
divide the interval of interest [τ, T ) into three non-overlapped
sets T I

n,n′ (τ), T II
n,n′ (τ), and T III

n,n′ (τ), as defined in (15). It
can be readily verified that when t is drawn from T I

n,n′ (τ),
T II
n,n′ (τ), and T III

n,n′ (τ), the phase term of the IF signal
sIF
n,n′ (t; τ) will have exactly the same behavior as that in (57),

(61), and (64), respectively, therefore the IF signal expression
in (15) is still valid. However, some of the sets T I

n,n′ (τ),
T II
n,n′ (τ), and/or T III

n,n′ (τ) may be empty, as exemplified in
Figs. 13(b)–(d). This completes the proof of Theorem 1.

APPENDIX B
PROOF OF THEOREM 2

We assume that there exists P
(l) ≤ P (l) antenna pairs that

involve the same DSA, whose coordinate is denoted by p
(l)
DSA,

and we also assume that the coordinates of the corresponding
Rx antennas are p

Rx,(l)
p , p = 1, 2, . . . , P

(l)
. These assumptions

cause no loss of generality. Based on the measurements from
these P

(l)
antenna pairs (ignoring the error term), we rearrange

(36) and square the both sides to obtain(
d̂(l)
p −

∥∥∥pl − p
(l)
DSA

∥∥∥
2

)2

=
∥∥∥pl − pRx,(l)

p

∥∥∥2

2
. (65)

Since all the Tx antennas and Rx antennas are assumed to
locate on the xy-plane, the last element in p

(l)
DSA − p

Rx,(l)
p

is zero. We denote the first and the second elements of

2π

(∫ t−τ

0

φ̃kn′ (x) dx−
∫ t

0

φ̃kn (x) dx

)
= 2π

(∫ t−τ

0

φ̃kn′ (x) dx−
∫ kn/B

0

φ̃kn (x) dx−
∫ t

kn/B

φ̃kn (x) dx

)

= 2π

(
Bτ

T
+
kn′ − kn

T
−B

)
t+ ϕI

n (τ) + 2πkn. (59)

2π

(∫ t−τ

0

φ̃kn′ (x) dx−
∫ t

0

φ̃kn (x) dx

)
= 2π

∫ kn′/B

0

φ̃kn′ (x) dx+ 2π

∫ t−τ

kn′/B

φ̃kn′ (x) dx− 2π

∫ kn/B

0

φ̃kn (x) dx− 2π

∫ t

kn/B

φ̃kn (x) dx

= 2π

(
Bτ

T
+
kn′ − kn

T

)
t+ ϕI

n (τ)− 2πBτ + 2π (kn − kn′) . (64)
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p
(l)
DSA −p

Rx,(l)
p as ∆

(l)
p,1 and ∆

(l)
p,2, respectively. On this basis,

(65) can be re-written as

c(l)p =
(
w(l)
p

)T

θ(l), (66)

where c
(l)
p =

(
d̂

(l)
p

)2

+
∥∥∥p(l)

DSA

∥∥∥2

2
−
∥∥∥pRx,(l)

p

∥∥∥2

2
, w

(l)
p =

2
[
∆

(l)
p,1,∆

(l)
p,2, d̂

(l)
p

]T
, and θ(l) =

[
xl, yl,

∥∥∥pl − p
(l)
DSA

∥∥∥
2

]T
.

Stacking (66) for p = 1, 2, . . . , P
(l)

yields c(l) = W(l)θ(l),

where c(l) =
[
c
(l)
1 , c

(l)
2 , . . . , c

(l)

P̄ (l)

]T
∈ RP

(l)

and W(l) =[
w

(l)
1 ,w

(l)
2 , . . . ,w

(l)

P̄ (l)

]T
∈ RP

(l)×3. Obviously, if P
(l) ≥ 3,

θ(l) can be uniquely obtained as θ(l) =
(
W(l)

)†
c(l), and

thus pl = [xl, yl, zl]
T can be accordingly obtained without

ambiguity. Specifically, xl (yl) is the first (second) element of
θ(l), while zl can be uniquely extracted from the third element
of θ(l)

p provided that xl and yl are known.
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