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communications based on sparse reconstruction preprocessing*
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Abstract: Orthogonal time–frequency space (OTFS) is a new modulation technique proposed in recent years for high Doppler 
wireless scenes. To solve the parameter estimation problem of the OTFS-integrated radar and communications system, we propose 
a parameter estimation method based on sparse reconstruction preprocessing to reduce the computational effort of the traditional 
weighted subspace fitting (WSF) algorithm. First, an OTFS-integrated echo signal model is constructed. Then, the echo signal is 
transformed to the time domain to separate the target angle from the range, and the range and angle of the detected target are 
coarsely estimated by using the sparse reconstruction algorithm. Finally, the WSF algorithm is used to refine the search with the 
coarse estimate at the center to obtain an accurate estimate. The simulations demonstrate the effectiveness and superiority of the 
proposed parameter estimation algorithm.

Key words: Integrated radar and communications system; Orthogonal time–frequency space; Target parameter estimation; Sparse 
reconstruction; Weighted subspace fitting

https://doi.org/10.1631/FITEE.2300462                                           CLC number: TN953

1  Introduction

Radar and communication devices have been 

widely used in various fields (Yan et al., 2020). With 

the advent of the sixth-generation (6G) era, informa‐

tion transmission and radar detection are facing the 

challenge of scarce spectrum resources, and the inte‐

grated radar and communications system (IRCS) can 

solve this problem by using integrated waveforms for 

data communication and radar detection (Dokhanchi 

et al., 2019; Zheng et al., 2019). IRCS can also effec‐

tively reduce the size, energy consumption, and weight 

of the system while increasing the spectrum utilization 
(Hassanien et al., 2019; Zhang ZK et al., 2021), which 
makes it gradually become a hot issue for current 
research.

When communication waveforms are used to 
achieve IRCS, orthogonal frequency division multi‐
plexing (OFDM) waveforms are mainly used. Many 
scholars have studied the applications of OFDM in 
radar, communication, and IRCS (Hakobyan and Yang, 
2018; Li YC et al., 2020; Sanson et al., 2020). How‐
ever, OFDM-integrated signals suffer from the loss of 
subcarrier orthogonality in high Doppler scenarios, 
generating severe intercarrier interference, thus lead‐
ing to the deterioration of communication and radar 
performance (Franken et al., 2006). To overcome this 
problem, orthogonal time–frequency space (OTFS) 
was first proposed by Hadani et al. (2017a). Moreover, 
OTFS technology can be obtained by adding prepro‐
cessing and termination processing modules on top of 
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existing multi-carrier systems (Farhang et al., 2018), 
which means that OTFS can be compatible with exist‐
ing OFDM systems and can be more easily deployed in 
the beyond fifth-generation/sixth-generation (B5G/6G) 
era. OTFS not only has a high Doppler tolerance 
(Surabhi et al., 2019a), but also enables low-latency com‐
munication with a lower peak average power than that 
of OFDM signals (Surabhi et al., 2019b) and lower 
cyclic prefix requirements (Raviteja et al., 2019b). In 
addition, OTFS has a stronger ability to eliminate mul‐
tipath effects and intersymbol interference suppression 
(Keskin et al., 2021). Hadani et al. (2017b) conducted 
a system-level simulation of OFDM and OTFS perfor‐
mance at various speeds under the fourth-generation 
(4G) long term evolution (LTE) configuration, and the 
results showed that OTFS had a better bit error rate 
performance than OFDM in high-speed mobile sce‐
narios. It was found that OTFS can achieve a perfor‐
mance gain of about 5 dB compared to OFDM, and that 
the OTFS system performance was further improved 
with increasing subcarrier spacing.

In daily life, whether it is the connected car or 
intelligent Internet of Things (IoT) and other envi‐
ronments, it is particularly important for devices to 
realize information interaction while sensing the sur‐
rounding environment (Xue et al., 2017). In the two-
dimensional (2D) plane, the position of the target can 
be initially determined by obtaining the angle and dis‐
tance of the detection target (Patole et al., 2017). At 
present, scholars ’  research on OTFS technology in 
communication has been relatively mature, but there 
is less research on the application of OTFS technol‐
ogy to radar detection or even IRCS. In Raviteja et al. 
(2019a), OTFS was applied to the radar system for 
the first time, and the delay–Doppler domain match‐
ing filter algorithm was proposed to detect the target 
speed and distance. They proved the feasibility and 
effectiveness of OTFS for radar detection and showed 
that the OTFS radar system’s speed detection accuracy 
was significantly higher than that of the OFDM radar 
system. Gaudio et al. (2020a) applied OTFS to IRCS, 
deduced the Cramer–Rao lower bound (CRLB) for 
OTFS signal radar target parameter estimation, and used 
maximum likelihood (ML) estimation to obtain param‐
eter values in the single target case. In Gaudio et al. 
(2020b), the OTFS-integrated signal was extended to 
a multi-input multi-output (MIMO) integrated system, 

and the ML estimation algorithm was used to achieve 
multi-target radar detection and parameter estimation in 
the case of separable angle, delay, and Doppler domains. 
Inspired by the compressed sampling of compressed 
sensing, Liu et al. (2021) used prior information to cut 
the observation matrix to reduce computational com‐
plexity and then carried out three-dimensional (3D) 
coupled sparse Bayesian learning for parameter esti‐
mation in multi-target scenes. Li SY et al. (2022) pro‐
posed an integrated system based on spatially spread 
orthogonal time frequency space (SS-OTFS), designed 
the angle-of-arrival (AOA) estimation algorithm using 
the radar sensing matrix structure, and investigated the 
power allocation problem of the system. The tradi‐
tional algorithms for the joint estimation of angle and 
delay, to achieve signal processing, include mainly the 
multiple signal classification (MUSIC) algorithm (Shi 
et al., 2019), the weighted subspace fitting (WSF) algo‐
rithm (Wang et al., 2021), the ML algorithm (Zhang FQ 
et al., 2020), and the compressed sensing (CS) algo‐
rithm (Zheng and Wang, 2017; Rahman et al., 2020). 
However, all these methods require complex computa‐
tional processes such as matrix decomposition, opti‐
mization, and search, and have high computational 
complexity.

Range and angle estimation of radar communica‐
tion integrated echo signals is essential to improve radar 
perception of the surroundings and target localization 
performance. Array processing algorithms can be used 
for the parameter estimation of OTFS-integrated sys‐
tems and, in general, WSF algorithms can handle coher‐
ent signals with optimal performance (Ottersten et al., 
1992). To solve the problem of the large computa‐
tional effort of the WSF algorithm, in this paper we 
propose a method based on sparse reconstruction pre‐
processing. First, the sparse reconstruction algorithm 
uses a coarse grid to obtain coarse estimates of angles 
and ranges, and then the WSF algorithm is used to 
perform accurate estimation around the coarse esti‐
mates on the search space. The dimension of the re‐
ceived signal is reduced in the coarse estimation to 
avoid the problem of information redundancy in the 
2D dictionary matrix, and WSF is used for accurate 
estimation to improve the estimation accuracy. The 
advantages of this processing are that it enables the 
WSF algorithm to guarantee the parameter estimation 
with high accuracy, and that it avoids an unnecessary 
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grid search, which greatly reduces the computational 
complexity.

2  Signal model

2.1  OTFS-integrated transmission signal

In this study, we consider the use of a uniform 
line array (ULA), which has an array element number 
Na, a ULA element spacing d, and elements each trans‐
mitting an OTFS radar communication integrated wave‐
form. For better integration with the existing system, the 
OTFS system based on OFDM is adopted (Farhang 
et al., 2018). At the sending end, the data symbol xk,l 
(k=0, 1, …, N−1; l=0, 1, …, M−1) is placed on the N×
M 2D plane, which is called the delay‒Doppler plane. 
This plane is represented as Γ={(k/(NΔf), l/(MT))}, 
where k is the index in the delay dimension, l is the 
index in the Doppler dimension, and T denotes the 
period. The transmitter first uses the inverse symplectic 
finite Fourier transform (ISFFT) to convert xk,l in the 
delay–Doppler domain to Xn,m in the time–frequency 
domain. This is given by

Xn,m =
1

NM
∑
l=0

M−1∑
k=0

N−1

xk,l exp ( )j2π ( )ml
M
− nk

N
. (1)

Then, a continuous time signal s1 ( t ) is generated 

by the Heisenberg transform, as follows:

s1( t )=∑
m = 0

M−1∑
n = 0

Nc −1

Xn,m g tx(t−mTs ) exp ( j2πnΔf (t−mTs ) ) ,

(2)

where the communication data sent on the nth subcar‐
rier of the mth OTFS symbol are denoted by Xn,m, Nc is 
the number of subcarriers, g tx (·) denotes the pulse func‐

tion of the emission, and Ts is the symbol period, Ts=
Tcp+Tu, with Tcp being the cyclic prefix time and Tu the 
time duration of the valid data on the OTFS symbol. 
To ensure that the individual subcarriers are orthogonal 
to each other, it is necessary to make Tu=1/Δf (Δf is 

the subcarrier frequency interval), and the total frame 
duration is Tf=MTs.

In this study, a multi-symbol multi-pulse OTFS 
radar communication integrated signal is chosen; i.e., 
multiple sub-pulses belonging to the same pulse are 
sent. The baseband signal can be obtained as

s ( )t =∑
p = 0

P−1∑
m = 0

M−1∑
n = 0

Nc −1

X ( )n, m, p g tx( )t−mTs −pTp

⋅exp ( )j2πnΔf ( )t−mTs −pTp , (3)

where Tp is the pulse repetition period, P is the num‐
ber of pulses, and X(n, m, p ) is the communication 
data information represented by the nth subcarrier on 
the mth symbol of the pth pulse.

The baseband signal is up-converted to a transmit 
signal with a carrier frequency of fc:

c ( t )=s (t ) exp ( j2πfct ) . (4)

2.2  Receiving signal model

Assuming an observation scenario for this system 
where the signal transmission is line-of-sight (LOS), 
the echo signal reflected by K targets with a range of 
Rk and an angle of θk (k=1, 2, …, K) is r(t). Under nar‐
rowband conditions, the expression for the OTFS radar 
communication integrated echo signal received by the 
array antenna after scattering from K targets is

r( t )=∑
k = 1

K

hk exp(− j2πNad sin θk /λ ) s ( t−τk )

⋅exp ( )j2πfc ( t−τk )  +n ( )t , (5)

where τk is the delay, hk is the transmission fading factor 
of the kth target, λ is the signal wavelength, and n ( t ) is 
the Gaussian white noise in the echo signal.

The echo signal is down-converted and the received 
echo signal is expressed as

r( t )=∑
k = 1

K

hk exp(− j2πNad sin θk /λ )

⋅s ( t−τk ) exp(− j2πfcτk )+ n̄ ( t ) , (6)

where n̄ ( t ) is the noise after frequency conversion. 
The echo signal is sampled and discretized, t=iTu /Nc+
mTs+pTp (i=0, 1, … , Nc−1), and the sampling fre‐
quency is fs=NcΔf. The signal is narrowband and, for 
simplicity, the discrete signal after the constant term 

exp ( )− j2πfc

2Rk

c
  is ignored as follows:

rm,p ( i )=∑
k = 1

K ∑
n = 0

Nc −1

hk X (n, m, p ) exp(− j2πNad sin θk /λ )

⋅exp ( )j2πnΔf
iTu

Nc

exp ( )− j2πnΔf
2Rk

c
 + n̄m,p ( i ) ,  (7)
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where c is the speed of light in free space, and n̄m,p ( i )=

n ( iTu /Nc+mTs+pTp ) is the sampling of the noise.

The echo signal received by the system, written 
in the matrix form, is as follows:

Rp=∑
k = 1

K

hk Xp Bk F HΓk+N̄p, (8)

where 
-
N p is the matrix form of the received Gaussian 

white noise, Xp is the communication data matrix,

Bk =
é

ë

ê
êê
ê
ê
ê
1, exp ( − j2πd sin θk

λ ) , ⋯, 

               exp ( − j2π ( )Na −1 d sin θk

λ )ùûúúúúúú
T

(9)

represents the array guidance vector of the antenna 
transmitting model arriving at the receiving end, 
F H is the Fourier transform conjugate matrix, and 
Γk=diag(βk ) with 

βk= 
é

ë
êêêê1, exp ( )−j2πΔf ( )2Rk

c
, ⋯, 

ù

û
úúúúexp ( )− j2π ( Nc − 1)Δf ( )2Rk

c

T

(10)

being the delay vector.
For the radar communication integrated signal, the 

communication information carried in the echo signal 
will affect the detection performance of the system. For 
radars, the communication information carried by the 
echo signal can be known if the transmitted waveform 
is known, that is, the communication data X(n, m, p ) 

of the OTFS-integrated signal. To eliminate the impact 
of communication information on the detection per‐
formance and achieve estimation with higher accuracy, 
the communication information in the received data 
can be compensated for directly before radar signal pro‐
cessing. First, the received echo signal is multiplied 
with the discrete Fourier transform matrix F−1  to change 
the signal to the frequency domain, and then the inverse 
matrix of the information matrix X −1

p  is used to com‐
pensate for the communication information of Eq. (8):

F−1Rp X −1
p  =∑

k = 1

K

hk BkΓk+F−1N̄p X −1
p . (11)

Define the expressions for the pth received pulse 

matrix and the noise matrix after preprocessing as R͂p=

FRp X −1
p  and N͂p=FN̄p X −1

p , respectively.
The received matrices are combined by column 

and, after information compensation and rearrangement, 
the matrix contains only the angle and range informa‐
tion of the radar detection target to be estimated. Define 
the expression of the receive model as follows:

R͂=A͂H͂ + N͂, (12)

where

A͂=[ ]a͂ ( )R1, θ1 , a͂ ( )R2, θ2 , ⋯, a͂ ( )Rk, θk , (13)

a͂ (Rk, θk )=Bk⊗βk, (14)

H͂=[ ]h1, h2, ⋯, hk

T
. (15)

The parameter matrix containing the angles and 
ranges is expressed as

Φ=

é

ë

ê

ê

ê

ê
êê
ê

ê

ê

ê ù

û

ú

ú

ú

ú
úú
ú

ú

ú

úΦ1

Φ2⋮
ΦNa

=A͂H͂. (16)

3  OTFS-integrated target parameter estimation 
based on sparse reconstruction preprocessing

3.1  WSF algorithm

The WSF algorithm is considered to be one of the 
most commonly applied and reliable parameter esti‐
mation algorithms in array signal processing, and it is 
known from the parameter selection criterion of the 
WSF algorithm that the algorithm can handle signals 
with correlation. The specific algorithm proof and der‐
ivation can be found in Ottersten et al. (1993).

To obtain the angle and range data of the detec‐
tion target, the covariance matrix of the received nar‐
rowband signal vector in Eq. (12) needs to be found as

R
R͂
=

1
M

R͂R͂H. (17)

Eigenvalue decomposition of the resulting cova‐
riance matrix is as follows:

R
R͂
=U

R͂
Σ

R͂
U H

R͂
=USΣSU

H
S +UNΣNU H

N , (18)
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where US and UN are the eigenvectors corresponding to 
the signal subspace and noise subspace respectively, 
and ΣS and ΣN are the eigenvalue diagonal matrices.

In the ideal case, the eigenvalues after covari‐
ance eigendecomposition are mutually orthogonal 
and linearly independent; the signal subspace is a 

linear subspace of the array manifold tensor, span{US}=
span{ }A͂ , and there exists a full-rank matrix T such that

US=A͂T, (19)

T=RS AHUS(ΣS− )s2 I
−1
, (20)

where RS is the covariance matrix of the signal matrix 
and I=UH

SUS. The problem of spatial mismatch arises 
when there is noise interference in the signal; thus, WSF 
is used to construct a fitting relationship to obtain 
a matrix that allows Eq. (19) to hold, and to ensure 
that the two subspaces fit best under least squares:

{θ,T̂}=min US −A͂T̂
2

F
. (21)

In the above equation, θ=[R1, R2,⋯, RK, θ1, θ2, ⋯, 

θK ]T represents the range and angle parameters of 

the detection target to be estimated and T̂ is an aux‐

iliary parameter. Therefore, by fixing the value of A͂, 
a least squares fit solution can be obtained as

T̂=( A͂H A͂ )−1A͂HUS=A͂+US. (22)

Substituting the least squares fit solution (22) for 

T̂ into Eq. (21) yields

θ=min US −A͂A͂+US

2

F
                              

=min tr{ }P ⊥
A͂
USU

H
S =max tr{ }P

A͂
USU

H
S , (23)

where P
A͂
=( A͂H A͂ )−1A͂H. It is evident that the answer 

to the signal subspace fit is the optimization issue 
of Eq. (22), and a generalization of Eq. (21) yields 
the fitting problem using the matrix W to weight the 
signal subspace, which can be written as

{θ,T̂}=min USW
1/2 −A͂T̂

2

F
. (24)

The solution for the estimated detection target 
parameters can be obtained as

θ=min tr{ }P ⊥
A͂
USWU H

S =max tr{P
A͂
USWU H

S }, (25)

when the signal subspace weighting matrix satisfies

WS opt= (ΣS −σ 2 I ) 2
Σ −1

S . (26)

The resultant values of the parameter estimation 
of the WSF algorithm for the optimal weights can be 
obtained by solving Eq. (25). In this study, to further 
reduce the difficulty in solving this multidimensional 
optimal problem, an alternate projection transform is 
used to convert the complex multidimensional optimal 
search problem into multiple simple one-dimensional 
(1D) optimization problems. In this solution process, 
the expression for the kth detection target at the moment 
of the (i+1)th iteration is

( )R̂i + 1
k , θ i + 1

k =max tr{P
A͂i

k
USWS optU

H
S }, (27)

where A͂ i
k=[ ]A͂ i

1, A͂ i
2, ⋯, A͂k  represents a matrix in which 

the first k−1 columns contain the previously computed 
parameter vectors, and column k contains the corre‐
sponding vectors for the target parameters currently 
under estimation. The algorithm iterates for a total of 
K cycles to estimate the target parameters.

3.2  Preprocessing based on sparse reconstruction

The WSF algorithm of Eq. (25) requires a global 
search over range and angle, as K cycles of NNa N1 Na1 
iterations are required in the search process, where the 
array stream length is NNa, N1 is the number of sub‐
grids searched for range, and Na1 is the number of sub‐
grids searched for angle; the search scope and com‐
plexity are too large. A sparse reconstruction method 
with good parameter estimation performance and reso‐
lution is presented below as a way to narrow the search 
and reduce the computational effort. According to the 
idea of sparse reconstruction, the 2D spatial plane of 
the radar detection target is considered in the ordinary 
OTFS narrowband array signal model, and the detection 
ranges of range and angle are divided into rs and ts  

grid points, respectively. Let the set {θ͂1, θ͂2, ⋯, θ͂ ts} and 
the set {r͂1, r͂2, ⋯, r͂rs} respectively contain angle and 
range information that can cover all possible posi‐
tions of the detection target, of which there are only 
K real existing target points, which is much smaller 
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than the number of divided grids, so we can regard 
the range and angle spectrum as sparse. To address 
the problem that the 2D grid division in the sparse 
representation model of the received signal increases 
the difficulty of signal reconstruction, in this study 
we convert the 2D reconstruction into 1D reconstruc‐
tion to reduce the complexity of the algorithm.

For Eq. (16), the elements of row na (na=1, 2, … , 
Na) of the parameter matrix Φ are written as Eq. (28) 
(on the bottom of this page).

Each element of the row vector contains infor‐
mation about the parameters of the detection target, the 
same phase caused by the detection angle, and a fixed 
phase difference generated by the detection range. A 
Fourier transform of Eq. (28) converts the data to the 
time domain:

X row( )l =
1
N∑k = 1

K

hkexp ( )−j2π ( )Nc −1 Δf ( )2Rk

c

·∑
n = 0

N−1

exp ( )j2πn ( )l
N
−Δf ( )2Rk

c
. (29)

According to the above equation, it can be seen 
that the magnitude of the time-domain data vector X row 
can be taken to its maximum value when the index is 
lmax=NΔfτ. Substituting the index at the maximum value 

into Eq. (29), we can obtain

X row( )lmax =∑
k = 1

K

hkΔexp ( )−j2πnad sin θk /λ , (30)

where Δ=
1
N∑n=0

N−1

exp(j2πnδ/N) is the error term with 

0<δ<1; that is, when the row vector takes the maxi‐
mum value, the phase change information caused by the 
delay has been eliminated and only the target angle in‐
formation remains in the parameter information matrix. 
After the above analysis, the inverse Fourier transform 
can be performed in Eq. (16) by row, and the data 

with the largest magnitude in the transformed matrix 
will be presented and written as

Xmax=A͂

é

ë

ê

ê

ê

ê
êê
ê

ê

ê

ê ù

û

ú

ú

ú

ú
úú
ú

ú

ú

úζ1

ζ2

⋮
ζK

, (31)

where ζ i=hiΔ ( i=1, 2, ⋯, K), and the separation of the 

range and angle parameters of the detection target is 
completed. A 2D to 1D downscaling of Eq. (31) is 
performed to expand the guide vector:

Xmax=A͂ζ, (32)

where A͂ is a redundant dictionary matrix and ζ con‐
tains K non-zero elements, which appear only when the 
angle is the true angle of the detection target, with each 
non-zero element corresponding to a target parameter.

For Eq. (32), the l1 parametric constraint function 
is constructed to obtain information on the angle param‐
eters of the detection target:

min ζ
1

s.t.   Xmax −Α͂ζ
2
<ε. (33)

Problem (33) can be solved directly using the 
CVX software package. The angle corresponding to 

the column vector in A͂, corresponding to the non-
zero row in ζ, is the coarse estimate of the angle, i.e., 

{θ͂1, θ͂2,⋯, θ͂K}, and the coarse estimate of the detec‐

tion target’s range R̂=imaxc/(NΔf ) can be obtained from 

the peak index.

3.3  Accurate estimation of OTFS integration target 
parameters

At this point, the initial estimates of the angle and 
range of the OTFS integration target have been obtained. 

Φna
= 

é

ë

ê

ê

ê

ê

ê

ê

ê

ê

ê
êê
ê

ê

ê

ê

ê

ê

ê
ù

û

ú

ú

ú

ú

ú

ú

ú

ú

ú
úú
ú

ú

ú

ú

ú

ú

ú∑
k=1

K

hkexp ( )−j2πnad sin θk /λ

∑
k=1

K

hkexp ( )−j2πnad sin θk /λ exp ( )−j2πΔf ( )2Rk

c

⋮
∑
k=1

K

hkexp ( )−j2πnad sin θk /λ exp ( )−j2π ( )Nc −1 Δf ( )2Rk

c

T

. (28)
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In the sparse reconstruction method, the discrete Fourier 
transform is used to separate the angle and range infor‐
mation in the received signal of the array, the 2D dic‐
tionary matrix is reduced to a 1D dictionary matrix, and 
the complexity of the algorithm is reduced. However, 
the limitations of the discrete Fourier operation make 
the estimation accuracy low, and only the rough spec‐
tral peak positions of the detection target parameters 
can be obtained. The WSF algorithm uses this coarse 
estimate as the center for determining the search range, 
and the new search space range is further improved 
by a more refined subgrid division, with N2 and Na2 
being the updated numbers of subgrids searched for 
range and angle, respectively. Since the coarse estimate 
of the sparse reconstruction algorithm reduces the 
global search range of angles and ranges to a single 
region, WSF reduces unnecessary search steps, resulting 
in a significant reduction in the number of iterations. 
The steps of the integrated target parameter estima‐
tion algorithm based on sparse reconstruction prepro‐
cessing are given in Algorithm 1.

4  Computer simulation analysis

In this section, the effectiveness of the proposed 
algorithm is simulated. Different methods and differ‐
ent metrics are applied to the simulations, and the 
superiority of the proposed algorithm is demonstrated 
with regard to the estimation error, theoretical error, 
and resolution in several ways. Considering the exact 
estimation in the MUSIC algorithm, the WSF algo‐
rithm, and the proposed algorithm, there is a process 
of angle and range grid search, and the estimation 
accuracy is related to the search grid density. We set 
the number of subgrids for range and angle division to 
N1=Na1=16, where the subgrids are expanded by one 
adjacent grid in the algorithm proposed in this study, 
as well as further subdivision with a fine fraction of 2. 
The OTFS radar communication integration parame‐
ters used for the simulation are set with reference to 
Raviteja et al. (2019a) and Gaudio et al. (2020a), as 
shown in Table 1.

4.1  Parameter estimation accuracy and compution 
time as influenced by SNR

The parameter estimation performances of the pro‐
posed algorithm, the ESPRIT algorithm, the MUSIC 

algorithm, and the conventional WSF algorithm with 
different signal-to-noise ratios (SNRs) are given in Fig. 1. 
The communication information is generated randomly 

Algorithm 1  Integrated target parameter estimation 

algorithm based on sparse reconstruction preprocessing
1.    Apply an inverse Fourier transform of the parameter matrix 

Φ to obtain time-domain data

2.    Put forward the data with the largest amplitude in the 

time-domain data matrix and write the data in the matrix form

3.    Construct the l1-parametric constraint function (33)

4.    Use the CVX toolkit to obtain a coarse estimate of the angle

5.    Use R̂=imaxc/(NΔf ) to find a rough estimate of the range

6.    Update the search space for precise parameter estimation 

based on the coarse estimate of the detection target 

parameters obtained in step 5

7.    Calculate the covariance matrix R
R͂
 in Eq. (17)

8.    Perform eigenvalue decomposition and ordering, and 

construct the signal subspace US in Eq. (19)

9.    Compute the optimal value of the weighting matrix WS opt 

using Eq. (26)

10.  Initialize parameters k=1, i=1

11.  Repeat

12.     Update the search space for detecting the angle and range 

parameters of the target

13.     Repeat

14.        Update the matrix

15.        Calculate and record the results

16.        i=i+1

17.     Until i=N2 Na2

18.     The location of the spectral peak is found, i.e., the 

parameters θk, Rk

19.     k=k+1

20.  Until k=K

Table 1  System parameters

Parameter

Carrier frequency

Number of OTFS symbols

Signal bandwidth

Number of subcarriers

Number of array elements

Number of pulses

Time duration of the valid data 

on the OTFS symbol

Cyclic prefix time

Complete symbol period
Pulse repetition period

Symbol
fc

M

B

Nc

Na

P

Tu

Tcp

Ts

Tp

Value

5.9 GHz

8

10 MHz

16

16

16

1.6 μs

0.2 μs

1.8 μs
100 μs

OTFS: orthogonal time–frequency space
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and 16 quadrature amplitude modulation (16QAM) is 
used to generate the communication modulation infor‐
mation. The other simulation parameters are the same 
as in Table 1, and the radar detection target is set to be 
a single target at a range of 1020 m and an angle of 60°.

From Fig. 1, we can see that the algorithm in this 
study has more efficient estimation results compared 
to other algorithms for SNR, and that it has a higher 
estimation accuracy with smaller errors even at a small 
SNR.

Next, the accuracy of the parameter estimation 
of the proposed algorithm and the comparison algo‐
rithms is further investigated. To obtain the root mean 
square error (RMSE) shown in Fig. 2, the SNR in‐
creases from −20 to 5 dB with the incremental step 
of SNR being selected as 5 dB. The angle and range 
parameters for the three targets are set to (−45°, 900 m), 
(60°, 1040 m), and (80°, 1080 m), the other parameters 

are the same as those presented in Table 1, and the 
number of Monte Carlo simulations is set to 100. 
Fig. 2 reflects the parameter estimation errors for range 
and angle.

The simulation results shown in Fig. 2 further 
reflect the advantage of the proposed algorithm over 
the ESPRIT algorithm, MUSIC algorithm, and tradi‐
tional WSF algorithm in terms of estimation accuracy. 
Although the estimation quality of all algorithms is 
improved with increasing SNR, the estimation per‐
formance of the proposed algorithm is better than 
those of the other algorithms and closer to the CRLB. 
ESPRIT has the worst estimation performance be‐
cause this algorithm requires a certain phase differ‐
ence between the received signals, and the phase dif‐
ference cannot exceed a certain range; otherwise, it 
will lead to errors in angle estimation. The MUSIC 
algorithm outperforms the ESPRIT algorithm because 

Fig. 2  Multi-target estimation performance versus SNR: 
(a) range estimation RMSE versus SNR; (b) angle estimation 
RMSE versus SNR (SNR: signal-to-noise ratio; RMSE: root 
mean square error)

Fig. 1  Comparison of the target parameter estimation 
results for SNR= −5 dB (a) and SNR=5 dB (b) (SNR: 
signal-to-noise ratio)
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it uses the orthogonality of the array vector to the 
noise subspace to search for the spectral peaks of 
angle and range. Since WSF performs the fitting of 
the signal subspace, it performs better than MUSIC. 
However, since our proposed algorithm uses coarse 
estimation to obtain a more accurate search region 
and performs further subdivision of the subgrids, its 
estimation accuracy is higher than that of the WSF 
algorithm.

In terms of operation time, as shown in Fig. 3, 
the ESPRIT algorithm is numerical and therefore has 
the lowest operation time. The MUSIC algorithm re‐
quires a grid peak search of the spatial spectral func‐
tion and therefore has a larger operation time than 
ESPRIT. The conventional WSF algorithm performs 
a large number of searches to maintain the estimation 
accuracy, thus resulting in the highest computation 
time. The running time of the proposed algorithm is less 
than that of the traditional WSF algorithm because of 
the lower computational complexity of the reduced-
dimension sparse reconstruction algorithm, and the 
coarse estimate greatly reduces the unnecessary search 
intervals in the WSF algorithm, thus decreasing the 
number of iterations of the search and reducing the 
computation time of the proposed algorithm while 
maintaining the estimation reliability.

4.2  Performance comparison with different numbers 
of subcarriers and array elements

In this subsection, the influence of the number of 
subcarriers and the number of array elements on the 

proposed algorithm and the comparison algorithms is 
analyzed. The number of array elements is fixed at 16, 
the number of subcarriers is taken as {4, 8, 16, 32, 64}, 
and the other parameters are the same as those in the 
simulation described in Section 4.1. Fig. 4 shows that 
the estimation accuracy of the algorithm is improved 
with the increase of the number of subcarriers; over‐
all, the proposed algorithm has the highest estimation 
accuracy, and the quantity of subcarriers has a greater 
effect on the range estimation accuracy.

To investigate the influence of the number of 
array elements on the estimation performance of the 
method, the number of subcarriers is set to 16, the 
number of array elements is set to {4, 8, 16, 32, 64}, 
and the other parameters remain unchanged. Accord‐
ing to the simulation results presented in Fig. 5, the 

Fig. 4  Multi-target estimation performance versus the 
number of subcarriers Nc: (a) range estimation RMSE versus 
Nc; (b) angle estimation RMSE versus Nc (RMSE: root mean 
square error)

Fig. 3  Operation time versus SNR (SNR: signal-to-noise 
ratio; CPU: central processing unit)
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more antenna arrays of the OTFS radar communication 
integrated system there are, the better the algorithm’s 
parameter estimation performance will be. The pro‐
posed algorithm has the best performance in estimat‐
ing the angle and range parameters, and the number of 
array elements has a greater influence on angle esti‐
mation accuracy.

4.3  Resolution performance

To analyze and verify the angle resolution of the 
proposed algorithm for detecting targets, two target 
points are selected with a range of 1020 m and angles 
of 40° and 43°. In the range resolution simulations, 
two target points are selected with an angle of 40° 
and ranges of 1020 and 1023 m, and the echo SNR of 
the target is chosen to be 10 dB. To improve the reso‐
lution, the numbers of subcarriers and array elements 
are both set to 32, and the other simulation parameters 
are the same as those in Section 4.1.

Fig. 6 presents a spectrum plot comparing the 
other algorithms and the proposed algorithm to reflect 
their resolution performance in terms of angles. It can 
be seen that the ESPRIT algorithm has a large error in 
estimating the two targets when they are at adjacent 
angles; the MUSIC algorithm does not identify the 
two targets and detects only one target, with only one 
spectral peak in the spectrogram, and the estimated 
angle is approximately the middle of the two angles. 
This is due to the fact that both WSF and the pro‐
posed algorithm fit the orthogonal projection matrix 
of the array manifold matrix to the received signal 

subspace rather than the noise subspace, as in MUSIC. 
However, overall, the proposed algorithm has fewer 
search iterations and is able to reduce the complexity 
of the algorithm while maintaining the angle resolu‐
tion. The same conclusion can be drawn in Fig. 7 in 
terms of range resolution.

To further visualize the resolution performance 
of the algorithm, a profile of the spectrum is plotted. 
The same conclusions can be drawn from Fig. 8 as 
were drawn from Figs. 6 and 7. It can be seen from 
Fig. 8 that the MUSIC algorithm, because of the 2D 
spatial smoothing, has a lower peak parametrization 
from the power spectrum profile, but forms only one 
spectral peak; it treats the neighboring targets as one 
target so that the targets cannot be distinguished or 
accurately estimated. In contrast, the proposed algo‐
rithm in this study can distinguish between two tar‐
gets when they are at the same range or at the same 
angle, and the estimation errors for range and angle 
are smaller than those in other algorithms.

5  Conclusions

For the angle and range estimation problem of 
the OTFS-integrated radar and communications system, 
we have proposed a target parameter estimation algo‐
rithm based on sparse reconstruction preprocessing. 
First, the sparse reconstruction algorithm has been 
used to coarsely measure the angle and range of the 
detected target, and the search ranges of the range and 

Fig. 5  Multi-target estimation performance versus the number of array elements Na: (a) range estimation RMSE versus Na; 
(b) angle estimation RMSE versus Na (RMSE: root mean square error)
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Fig. 6  Angle resolution images: (a) ESPRIT; (b) MUSIC; (c) WSF; (d) the proposed algorithm

Fig. 7  Range resolution images: (a) ESPRIT; (b) MUSIC; (c) WSF; (d) the proposed algorithm
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angle have been updated with the coarse measurement 
result as the center, after which the search grid has 
been further subdivided to obtain accurate estimates of 
the angle and range using the WSF algorithm. The theo‐
retical analysis and simulation findings demonstrated 
that the proposed algorithm decreases the computational 
cost while ensuring the estimation accuracy and resolu‐
tion. In our future work, we will investigate how to 
combine the shape, appearance, and behavioral char‐
acteristics of targets with angle and distance informa‐
tion to achieve more comprehensive target recognition 
and classification while maintaining security and pri‐
vacy. This is important for applications such as auton‐
omous driving and security surveillance.
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