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Abstract—Integrated sensing and communication (ISAC) in ter-
ahertz (THz) is a promising technology that supports simultaneous 
terabit-per-second data transmission and millimeter-level preci-
sion sensing. However, THz ISAC systems face significant chal-
lenges, including severe Doppler shifts and reduced power amplifier 
efficiency due to a high peak-to-average power ratio (PAPR). This 
paper presents a super-resolution orthogonal time frequency space-
assisted ISAC (SR-OTFS-ISAC) framework aimed at enhancing 
robustness against Doppler effects in multipath THz channels. 
The framework effectively addresses both integer and fractional 
delay and Doppler. The proposed framework incorporates a low-
complexity super-resolution sensing technique that begins with 
denoising the received signals using a super-resolution deep neural 
network (SR-DNN) for precise path detection. This is followed by a 
coarse estimation of the dominant paths using the max-path phase. 
This estimate is then refined using an alternative optimization (AO) 
method to improve the accuracy of the delay-Doppler (DD) param-
eters. This approach, called the super-resolution max-path alter-
native optimization (SR-M-PAO) method, provides better channel 
estimates. These enhanced estimates support multi-target sensing, 
transmitter localization, and data detection using a conjugate gra-
dient algorithm. The proposed SR-OTFS design enables channel 
estimation, parameters sensing and data detection within a single 
OTFS frame. Additionally, computational complexity is derived in 
terms of the required real addition and multiplication operations, 
offering clear insights into the proposed algorithm’s efficiency. 
Simulation results demonstrate that the SR-OTFS-ISAC frame-
work delivers range estimation accuracy at the millimeter scale and 
velocity estimation precision at the centimeter-per-second level, all 
while ensuring lower computational complexity. Furthermore, it 
achieves an approximate 1.7 dB reduction in PAPR compared to 
the literature while maintaining a robust performance bit error 
rate, even under fractional DD effects.

Index Terms—Orthogonal time frequency space (OTFS), 
terahertz integrated sensing and communication (THz ISAC), 
embedded pilot, channel estimation, alternative optimization (AO), 
super-resolution deep neural network (SR-DNN).
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I. INTRODUCTION

THE rapid expansion of wireless communication networks
coupled with increasing demand for high data rates, low la-

tency, and massive connectivity, has led to considerable attention
being focused on the terahertz (THz) frequency range. With its
extensive bandwidth and unique propagation behavior spanning
from 0.1 to 10 THz, this spectrum holds immense potential to
enable cutting-edge wireless technologies, such as 6G networks.
However, THz also presents unique challenges. THz waves
face several propagation challenges, including high free-space
path loss, susceptibility to molecular absorption, and limited
diffraction. These factors have a significant impact on achieving
reliable communication over long distances and require careful
system design to overcome these limitations.

Integrated Sensing and Communication (ISAC) enhances
THz communication by combining high-resolution sensing and
ultra-fast data transmission in a single system [1]. It enables
real-time environmental awareness, improving beamforming,
blockage prediction, and mobility management—crucial for
high-mobility applications like autonomous systems, healthcare,
and vehicular networks [2].

THz ISAC faces major challenges in high-mobility environ-
ments, particularly with maintaining stable links due to com-
plex interference between sensing and communication. Precise
beam alignment and efficient spectrum sharing are crucial.
High Doppler effects in such scenarios cause rapid channel
variations [3] and inter-carrier interference (ICI), especially
in time-frequency domain (TF) modulation schemes like or-
thogonal frequency division multiplexing (OFDM) and discrete
Fourier transform spread OFDM (DFT-s-OFDM), leading to
degraded performance, higher BER, and reduced throughput.
Traditional OFDM radar processing may also fail to accurately
detect fast-moving targets, impacting sensing reliability.

Moreover, as 6G networks aim to make substantial improve-
ments in the energy efficiency, achieving this within THz ISAC
systems is a challenge. At higher operational frequencies, power
amplifiers (PAs) experience a notable reduction in their maxi-
mum output power, even with advancements in integrated circuit
technology [4].

A. Related Work

The idea of ISAC has attracted substantial research attention,
primarily driven by the need for highly efficient, multifunctional
wireless systems. Recent advances in waveform design have
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propelled the shift toward a truly integrated framework. In [5],
the authors introduced the concept of joint waveform design for
the ISAC system, where a single waveform performs both com-
munication and sensing functions. This unified design enhanced
the spectral efficiency and improved the energy efficiency by
reducing the need for separate signal processing blocks.

Another key development in ISAC research is the integration
of ISAC with machine learning (ML) techniques. As explored
in [6], ML algorithms, particularly deep learning, have been
employed to optimize resource allocation, waveform design, and
signal processing in ISAC systems. ML-based methods have
shown promise in overcoming the complex trade-offs between
sensing and communication by dynamically adapting system
parameters based on real-time environmental conditions.

In recent literature, various approaches have been pro-
posed for ISAC implementation. For example, [7] presented
an OFDM-based ISAC framework that employs the two-
dimensional fast Fourier transform (FFT) and the multiple
signal classification method. Additionally, [8], demonstrated
the feasibility of employing correlation-based radar processing
techniques to extract radar sensing parameters from OFDM
baseband signals. However, the OFDM-based ISAC systems
face challenges such as PAPR and ICI.

Recently, the orthogonal time frequency space (OTFS) mod-
ulation has emerged as a promising approach to address these
challenges [9]. The OTFS modulation provides significant ad-
vantages over OFDM in multipath delay Doppler (DD) chan-
nels by representing the time-varying nature of these channels
in the DD domain. By distributing information symbols on a
two-dimensional orthogonal basis, OTFS is designed to handle
the dynamics of multipath channels that vary in time more
effectively than traditional methods [10]. Meanwhile, the re-
search in [11] demonstrates the successful application of OTFS
modulation within the framework of ISAC. To enable OTFS
detection, an accurate estimation of the DD channel is crucial,
as discussed in [10], [12], [13], [14], [15], [16]. Consequently,
pilot-aided channel estimation techniques have been explored in
studies such as [12], [17], [18], [19], [20], [21], [22].

In [17], pilot transmission was carried out using a dedicated
OTFS frame, with the estimated channel information applied for
data detection in the subsequent frame. However, this approach
may become ineffective if the channel estimation is outdated in
the next frame. In contrast, channel estimation in the TF domain
was performed in [19], although this leads to a higher implemen-
tation complexity compared to [17], [18], where estimation was
performed in the DD domain. In [18], channel estimation was
specifically considered for OTFS using an ideal pulse-shaped
waveform over channels with integer Doppler shifts.

In [20], an OTFS frame structure based on embedded pi-
lot (EP) was presented. The arrangement of guard symbols is
designed to mitigate interference from data symbols, ensuring
the integrity of the pilot symbol. In this instance, the addition
of guard symbols lowers the spectral efficiency and causes a
non-negligible DD resource overhead. In [12], [21], [22], super-
imposed pilot design schemes were devised; nevertheless, [12]
continued to estimate the delay and Doppler parameters using
the EP frame, while [21] did not take fractional delay and
Doppler into account.

The iterative method in [22] improves channel estimation and
data detection using pilots, but it mainly targets active sensing
and faces several issues: high complexity due to iterative refine-
ment and exhaustive search, especially for large OTFS frames,
and performance degradation at higher modulation orders due
to increased interference between data and pilots.

Wireless communication systems often exhibit high delay
resolution. However, the existence of fractional Doppler can
cause signal distortion, spreading the channel response across
multiple Doppler bins. This results in a single target appearing as
multiple targets within the DD domain [9]. A Dolph-Chebyshev
window design was suggested in [23] to enhance the sparsity of
the effective channel in the DD domain, significantly reducing
channel spread caused by fractional Doppler effects.

In certain work, such as [24], [25], [26], have investigated
channel estimation and data detection in the presence of frac-
tional delay and Doppler shifts. In [24], an iterative Rake deci-
sion feedback equalizer for the zero-padded OTFS system was
suggested. A unitary approximate message passing detector for
OTFS with fractional Doppler was designed in [25]; neverthe-
less, while employing a rectangular pulse, it adds a cyclic prefix
(cp) to each signal. In [26], a sparse Bayesian learning technique
was presented for off-grid channel estimation for OTFS, while
simultaneously applying the optimal pulse shaping filter. In
THz ISAC systems, the channel delay and Doppler parame-
ters need not be restricted to integers to attain high-accuracy
sensing.

To address the challenges in the THz ISAC, the waveform
design must carefully balance factors such as PAPR, BER,
sensing accuracy, Doppler effects, and implementation com-
plexity. In our earlier, shorter version [27], we introduced an
EP design scheme and simplified the sensing parameter method
from [22] by utilizing the EP design. A dual-stage sensing
parameter method was introduced, in which a 2D golden section
search efficiently reduced the search space during channel es-
timation by eliminating the need for iterative feedback. Unlike
the iterative approach in [22], our method first estimates the
channel parameters then applies them for one-shot data detec-
tion. However, despite its effectiveness, this method introduced
challenges in sensing accuracy at low SNR. In this paper, we
propose a novel super-resolution (SR) OTFS-ISAC framework
with EP that overcomes these limitations. Building upon the
EP-OTFS concept, the new framework integrates advanced
super-resolution techniques into a unified system. Specifically,
a super-resolution deep neural network (SR-DNN) is employed
to denoise the received signal, thereby enhancing the signal-
to-noise ratio (SNR) and enabling more precise path detection.
Following denoising, a two-phase channel estimation approach
is adopted: the first phase applies the denoising module directly
to the DD domain channel matrix, and the second phase uses
a max-path step to obtain a coarse estimation of the domi-
nant paths. These initial estimates are then refined through an
off-grid search using a low-complexity alternative optimization
(AO) technique, referred to as the super-resolution max-path
alternative optimization (SR-M-PAO) estimation approach. This
integrated process unifies noise reduction, path detection, and
channel estimation, significantly enhancing estimation accuracy
while reducing computational complexity.



Fig. 1. An illustration of the proposed SR-OTFS-based ISAC framework using a 3-tap channel example. The symbol arrangement is as follows: represents
pilot, denotes guard symbols, and indicates data symbols. The received symbol pattern includes for data detection and for channel estimation.

B. Contributions

The contributions of this work are summarized as follows:
� A novel SR-OTFS framework for ISAC systems has

been proposed, specifically designed for multi-target es-
timation and high-precision transmitter localization. This
framework leverages a continuous-delay-and-Doppler-
shift (CDDS) channel matrix model, enabling highly ac-
curate DD estimation across both integer and fractional
shifts. It inherently integrates an SR-DNN for denoising the
received signal and an SR-M-PAO approach for channel es-
timation, thereby unifying noise reduction, path detection,
and channel estimation within a single cohesive system.

� Enhanced PA efficiency and robustness to Doppler effects:
Simulations show that the proposed SR-OTFS assisted
ISAC framework significantly improves the PA efficiency,
achieving about 1.7 dB reduction in PAPR compared to
the DFTS-s-OTFS system for 16 quadrature amplitude
modulation (16-QAM).

� High-precision sensing performance: The proposed SR-
OTFS assisted ISAC framework achieves superior sensing
performance, providing millimeter-level range estimation
accuracy and centimeter-per-second-level velocity estima-
tion accuracy. Simulation results confirm the proposed
framework’s ability to deliver consistent and reliable per-
formance under both integer and fractional Doppler con-
ditions, resulting in substantial improvements in sensing
accuracy relative to the existing OTFS methods.

� Complexity analysis: A detailed analysis of the compu-
tational complexity of the proposed framework has been
performed, specifically calculating the number of real

additions and multiplications needed. Simulation results
confirm the analytical derivations, showing a substantial
reduction in complexity and highlighting the framework’s
computational efficiency.

This paper is organized into the following sections. Section II
describes the SR-OTFS system framework for THz ISAC. The
proposed algorithm for estimating sensing parameters and com-
munication channel is detailed in Section III. Section IV presents
the simulation results. Lastly, Section V concludes the paper.

Notations: C, R, and R+ represent the sets of complex num-
bers, real numbers, and positive real numbers, respectively. The
superscripts (·)T and (·)H denote the transpose and Hermitian
transpose operations, respectively. ⊗ denotes the Kronecker
product. For anM ×N matrixX, vec(X), denotes theMN × 1
column vector x by concatenating the columns of X in order.
The inverse operation, vec−1(x), reshapes the MN × 1 column
vectorx back into anM ×N matrixX. IM denotes theM ×M
identity matrix. The operator [·]q denotes the modulo-q opera-
tion. δ(·) is the Dirac delta function. �·� denotes the ceiling
function. The operation diag{·} constructs a diagonal matrix

from a given vector. The notation
[
·
·

]
a

represents the concate-

nation of two matrices along the dimension a. The convolution
operation is denoted as ∗. �(·) and �(·) denote the real and
imaginary parts, respectively. || · ||F represents the Frobenius
norm. Finally, the squared magnitude is denoted by | · |2.

II. SYSTEM FRAMEWORK

As shown in Fig. 1, an SR-OTFS-assisted ISAC system with
EP is proposed. The transmitter generates a waveform designed



to simultaneously support both communication and sensing
functions. In passive sensing scenarios, the transmitted signal
travels through a combination of line-of-sight (LoS) and multiple
non-line-of-sight (NLoS) paths reflected by the sensing targets.
Concurrently, the system facilitates information transmission to
a communication receiver, which integrates passive sensing and
data detection capabilities. The EP within the transmitted signal
is leveraged to enhance the accuracy of both sensing and data
detection processes.

A. OTFS Transmitter Model Design

Initially, a large number of data frames are generated, each
consisting of M ×N information symbols from a Q-ary QAM
alphabet, as shown in Fig. 1. The spacing of the subcarrier and
the duration of the TF data frame symbols are represented byΔf
and T , respectively. M and N denote the number of delay and
Doppler bins within the DD domain, respectively. Alternatively,
in the TF domain, M and N represent the number of subcar-
riers and symbols, respectively. When TΔf = 1, the OTFS
signal is critically sampled for any pulse-shaped waveform.
The transmitted signal frame has a period of Tf = NT and a
bandwidth ofB = MΔf . The DD plane is discretized into a grid
of dimensions M ×N , denoted as Γ = {( l

MΔf ,
k

NT ), l =

0, . . . ,M − 1, k = 0, . . . , N − 1}, where 1
MΔf and 1

NT de-
fine the quantization resolutions for the delay and Doppler do-
mains, respectively. Within this gridΓ, a pilot symbol and a total
ofNg guard symbols are assigned, withNg = (2lm + 1)N − 1,
where lm represents the maximum normalized delay. The data
symbols X̄d[l, k] located at location [l, k] are then transmitted
within each OTFS frame, as described in [20]. The correspond-
ing overhead due to pilot and guard symbols can be expressed
as ((2lm + 1)N − 1)/MN . For instance, considering an OTFS
frame with parameters M = 256 and N = 64, and lm = 11,
the resulting overhead is approximately 8.97%, which is rela-
tively low and acceptable considering the benefits in sensing
performance and estimation accuracy. This demonstrates that
the proposed design maintains a favorable trade-off between
performance and spectral efficiency.

This arrangement allows the receiver to categorize the re-
ceived symbols into two distinct groups. The first group, which
contains the pilot and guard symbols, is dedicated to channel
estimation, while the second group is used for data detection. The
region from lp − lm to lp captures the received data symbols that
result from the delay spread (worst case lm) of the transmitted
data symbols. The inclusion of guard symbols ensures that
the symbols used for data detection remain interference-free
from those involved in channel estimation. Consequently, this
separation contributes to a more accurate channel estimate,
enhancing the quality of data detection within the same OTFS
frame. The OTFS frame, represented by XDD ∈ C

M×N in the
DD domain, is composed of two componentsXDD = Xd +Xp,
where Xp ∈ C

M×N is the pilot frame, and Xd ∈ C
M×N corre-

sponds to the data frame, both structured as follows:

Xp[l, k] =

{
P l = lp, k = kp,
0 otherwise,

(1)

Xd[l, k] =

⎧⎨
⎩

0 lp − lm ≤ l ≤ lp + lm,
0 ≤ k ≤ N − 1,

X̄d[l, k] otherwise,
(2)

where lp and kp denote the pilot symbol’s position on the DD

grid and P =
√
MNσ2

p. The average pilot symbol power is

given by E{|Xp[l, k]|2} = σ2
p.

The information signal XTF ∈ C
M×N is then represented in

the TF domain by mapping the data symbols using the inverse
symplectic finite Fourier transform (ISFFT) [10] as

XTF[m,n] =
1√
MN

N−1∑
k=0

M−1∑
l=0

XDD[l, k]ej2π(nk
N −ml

M ). (3)

Then, a Heisenberg transform is applied to the XTF signal in
order to get z(t) in the time domain as

z(t) =
1√
M

N−1∑
n=0

M−1∑
m=0

XTF[m,n]gtx(t− nT )ej2πmΔf(t−nT ).

(4)
To simulate time-domain (TD) windowing, ideal rectangular

pulse-shaping waveforms, grx(t) and gtx(t), are employed.
That is, they meet the criterion of the bi-orthogonal prop-
erty [28], i.e., the cross-ambiguity function Agrx,gtx

(t, f) =
0 for t ∈ (nT − αm, nT + αm), f ∈ (mΔf − βm,mΔf +
βm), ∀n,m, except for n = 0,m = 0, where Agrx,gtx

(t, f) =
1 with t ∈ (−lm, lm), f ∈ (−βm, βm) andαm, βm are the max-
imum actual delay and maximum actual Doppler, respectively.

A single cp is appended to the TD signal of each data frame,
expressed by

zCP(t) =

{
z(t+ Tf ) −TCP ≤ t < 0,

z(t) 0 ≤ t ≤ Tf ,
(5)

where TCP is the duration of the cp.

B. Channel Model

The complex baseband channel impulse response, Hw(α, β),
characterizes the TD signal z(t) transmitted over a time-varying
channel. For OTFS in the DD domain, the channel’s impulse
response can be represented as [29]

Hw(α, β) =

L∑
i=1

hiδ(α− αi)δ(β − βi), (6)

where L represents the number of paths, and hi, αi, and βi

indicate complex path gain, actual delay, and actual Doppler
shift associated with the i-th path, respectively. The ranges
for delay and Doppler shifts are αi ∈ [0, 1

Δf ], βi ∈ [− 1
2T ,

1
2T ],

respectively. In the delay-Doppler domain any two paths are
resolvable, i.e., |αi − αj | ≥ 1

MΔf or |βi − βj | ≥ 1
NT . The

corresponding target distance di and velocity vi associated with
the i-th path are given by

αi =
di
c0
, βi =

vi
c0
fc, (7)

where c0 represents the speed of light and fc denotes the car-
rier frequency. The delay and Doppler shift of each path are



treated as continuous variables. To capture this characteristic, a
continuous-delay-and-Doppler-shift (CDDS) channel matrix is
employed, as described in [22].

The continuous signal r(t) is defined as

r(t) =

L∑
i=1

hie
j2πβitzCP(t− αi) +w(t)

=
L∑
i=1

hie
j2πβitz([t− αi]NT ) +w(t), (8)

where w(t) represents the additive white Gaussian noise
(AWGN), assumed to be independently and identically dis-
tributed with zero mean and variance σ2

w.
The formula for the sampled signal Zαi

[l, k] of z([t−
αi]NT ) at t = kT + l

M T , where l = 0, 1, . . . ,M − 1 and k =
0, 1, . . . , N − 1, can be described as

Zαi
[l, k]

=

⎧⎪⎨
⎪⎩

1√
M

∑M−1
m=0 X

TF[m, k]ej2πm( l
M −αi

T ) l ≥ li,

1√
M

∑M−1
m=0 X

TF[m, [k − 1]N ]ej2πm( l
M −αi

T ) l < li,

(9)

where li = �αiMΔf�. The vector form of Zαi
is given by

zαi
= Πli

MNvec(Π−li
M FH

Mbαi
XTF), (10)

where ΠMN ∈ C
MN×MN is the permutation or for-

ward cyclic-shift matrix, FH
M ∈ C

M×M is the inverse
Fourier transformation matrix of M points, and bαi

=

diag{e−j2π0 αi
T , . . . , e−j2π(M−1)αi

T }. By applying the eigen-
decomposition property, the cyclic shift matrix Π−li

M ∈
C

M×M can be decomposed as Π−li
M = FH

MΛFM , where Λ =

diag{ej2π0 li
M , . . . , ej2π(M−1) li

M }. Thus, (10) can be rewritten as

zαi
= Πli

MN (IN ⊗ (FH
MBαi

FM ))z, (11)

where Bαi
= diag{b0, b1, . . . , bM−1} ∈ C

M×M with b =

ej2π( li
M −αi

T ). By sampling the continuous signal r(t) in
t = m T

M for m = 0, 1, . . . ,MN − 1, the received vector
r ∈ C

MN×1 is obtained as

r =

L∑
i=1

hiΔ
(βi)zαi

+w, (12)

whereΔ(βi)=diag{ej2πβi
T
M 0, ej2πβi

T
M 1, . . . , ej2πβi

T
M (MN−1))}

is the diagonal matrix of Doppler shifts. Finally, the input-output
relationship for the TD baseband signal in (12) can be
reformulated as

r =

L∑
i=1

hiΦiz+w

= Qz+w, (13)

where Φi
Δ
= Δ(βi)Πli

MN (IN ⊗ (FH
MBαi

FM )) ∈ C
MN×MN

and the TD channel is Q =
∑L

i=1 hiΦi ∈ C
MN×MN .

C. OTFS Receiver Model Design

The OTFS receiver, depicted in Fig. 1, processes the received
TD signal r into a delay-time (DT) domain signal matrix given
by

YDT = GRX(vec−1(r)). (14)

At the receiver, an ideal rectangular pulse waveformGRX = IM
is utilized to maintain compatibility with the OFDM system.

The Wigner transform is then applied to convert the matrix of
the DT domain to the TF domain, which is equivalent to DFT
when using a rectangular pulse, expressed as YTF = FMYDT.
Subsequently, the SFFT is used to map the TF domain signal
YTF back to the DD domain, as follows:

YDD = FH
MYTFFN , (15)

where FN ∈ C
N×N is the Fourier transformation matrix of N

points. The received vector in the DD domain, y, is derived by
vectorizing YDD, expressed as y = vec(YDD). This vector y
can be expressed as

y = Hx+ w̃

= Hxd +Hxp + w̃

= yd + yp + w̃, (16)

where w̃ = (FN ⊗ IM )w and x = xp + xd. The terms xd =
vec(Xd) and xp = vec(Xp) represent vectorized data and pilot
matrices, respectively, while yd = Hxd and yp = Hxp denote
the corresponding outputs after being processed by the channel
matrix H. Using (13) and (16), the relation between the channel
in DD domain H ∈ C

MN×MN and the channel in TD domain
Q can be formulated as

H = (FN ⊗ IM )Q(FH
N ⊗ IM )

=

L∑
i=1

hiρi(αi, βi), (17)

where ρi(αi, βi)
Δ
= (FN ⊗ IM )Φi(F

H
N ⊗ IM ) ∈ C

MN×MN .
The structure of the channel matrix H depends on the chan-
nel parameters, i.e., (h,α,β). Specifically, these parameters
include h = [h1, h2, . . . , hL]

T ∈ C
L×1 representing path gains,

α = [α1, α2, . . . , l]
T ∈ R

L×1
+ denoting path delays, and β =

[β1, β2, . . . , βl]
T ∈ R

L×1 representing Doppler shifts. After the
receiver processing, the system accomplishes passive sensing
and data detection with two primary objectives: first, to estimate
the channel parameters (h,α,β) using Xp and the received
signal y, and then to recover the data matrix Xd, using these
estimated parameters.

III. SENSING PARAMETER ESTIMATION METHOD

Fig. 2 illustrates a dual-stage method for DD estimation using
pilot signals. The first stage applies a denoising module to the EP
window in the DD received signal, reducing noise and improving
clarity for accurate channel estimation and data detection. The
second stage combines a max-path coarse estimation step with
an off-grid refinement using a low-complexity AO technique,



Fig. 2. The proposed denoising module using SR-DNN (example of 2 targets and 1 transmitter state sensing).

known as the M-PAO approach. This method leverages max-
imum likelihood estimation (MLE) for a high-resolution and
precise estimation of DD, even in multipath scenarios.

A. Denoising Using SR-DNN

In OTFS systems, noise degrades channel estimation and data
detection, especially in multipath environments with complex
DD shifts. Inspired by SR-CNN, which enhances low-resolution
images to their high-resolution counterparts [30], the proposed
SR-DNN denoises the received signal’s pilot window in the
DD domain. By suppressing noise while preserving channel
path integrity, SR-DNN improves signal quality, enabling more
accurate path detection and enhancing OTFS robustness in high-
mobility and fractional DD scenarios.

In conventional methods, channel estimation relies on pro-
cessing the entire received signal matrix YDD, which is compu-
tationally intensive. To reduce the complexity, the EP structure
within the OTFS frame is utilized, allowing efficient separa-
tion of pilot and data components. This separation facilitates
the development of a low-complexity framework for channel
estimation and parameter sensing. By focusing the denoising
process solely on the received pilot matrix Yp rather than the
full received signal matrix YDD, the computational demands
are significantly reduced without compromising the accuracy of
channel estimation.

To estimate the channel state information (CSI) using the
received pilot matrix with full guard symbols [20], the received
pilot matrix Yp ∈ C

(lm+1)×N is defined based on (2) and (16),
as follows:

Ŷp[l̃, k] =

lm∑
l′=0

βm∑
k′=−βm

T [l′, k′]YDD[l̃ − l′, k − k′], (18)

where l̃ ∈ [lp, lp + lm] and T [l′, k′] ∈ {0, 1} is the path indica-
tor, i.e., T [l′, k′] = 1 indicates that there is a path with a delay
tap l′ and Doppler tap k′ with a corresponding path magnitude
ĥ[l′, k′]. Otherwise, there is no such path, i.e., T [l′, k′] = 0 and
ĥ[l′, k′] = 0. Then, the total number of paths can be defined as

lm∑
l′=0

βm∑
k′=−βm

T [l′, k′] = L. (19)

Using this structure, the channel estimation process becomes
more computationally efficient while maintaining high precision
in CSI recovery. The architecture of SR-DNN is shown in Fig. 2,
where the input to SR-DNN, Ỹ ∈ R

(lm+1)×N×2, is defined as

Ỹ =

[
�(Ŷp)

�(Ŷp)

]
3

. (20)

The goal of the network is to denoise Ỹ and produce an
enhanced output Ȳ ∈ R

(lm+1)×N×2, which provides accurate
estimates of the DD shifts. The first layer of the SR-DNN
functions as the feature extraction and representation layer. It
captures features from the low-resolution input Ỹ and trans-
forms them into a high-dimensional space. The operation of this
convolutional layer can be mathematically described as

C1 = σ(W1 ∗ Ỹ + b1). (21)

The second layer applies a non-linear transformation to each
feature map, generating a high-dimensional representation that
corresponds to high-resolution patches

C2 = σ(W2 ∗C1 + b2). (22)

The third layer aggregates the processed patches to reconstruct
a high-resolution representation that matches the size of the
ground truth channel,

Ŷ = Wout ∗C2 + bout, (23)



TABLE I
DENOISING MODULE SETTINGS

where W is the convolution kernel, b is the bias term, and
σ(.) is a non-linear activation function. To train the proposed
NN, the Monte Carlo method is employed to generate a dataset
consisting of 11 × 104 samples prepared for scenarios involving
three targets. The testing phase was conducted in three different
scenarios, namely, three targets, two targets, and a single target.
The training phase employs the Adam optimizer with a learning
rate of 0.001, a batch size of B = 128, and early stopping is
implemented to mitigate overfitting and improve model gener-
alization. Detailed hyperparameters for the SR-DNN layers are
outlined in Table I. Building upon the SR-DNN architecture, a
denoising module is designed comprising two key phases: an
offline training phase, which focuses on optimizing the model
parameters using a curated dataset, and an online phase, which
ensures that the denoising capabilities are robust and effective.

1) Offline Training: The training ground truth matrix YG ∈
C

(lm+1)×N is defined as

YG[l̃, k] =

lm∑
l′=0

βm∑
k′=−βm

T [l′, k′]Yp[l̃ − l′, k − k′], (24)

where Yp = vec−1(yp). Then, YG can be transformed into a
higher-order real matrix as follows:

ỸG =

[
�(YG)

�(YG)

]
3

, (25)

where ỸG ∈ R
(lm+1)×N×2. Subsequently, the training dataset

is defined as

(Ỹ, ỸG) =
{
(Ỹ1, Ỹ1

G), (Ỹ
2, Ỹ2

G), . . . , (Ỹ
Ns , ỸNs

G )
}
.

(26)
The training examples are denoted as Ỹi and Ỹi

G, where i ∈
{1, 2, . . . , Ns} indicates the i-th instance of the pairs (Ỹ, ỸG),
andNs denotes the number of training samples. Specifically, the
training example Ỹi corresponds to the received pilot signal,
while Ỹi

G denotes the associated ground truth values for the
i-th frame. Let f(.) represent the function of SR-DNN, with the
output given as

O = f(I,Θ), (27)

where I and O denote the input and output of SR-DNN, re-
spectively, and Θ represents the trainable parameters of the
SR-DNN. Based on the mean square error (MSE) criterion, the
cost function for the offline training phase can be expressed as

Ξ(Θ) =
1
Ns

Ns∑
s=1

‖f(Ỹs,Θ)− Ỹs
G‖2

F . (28)

The notation Ξ(.) represents the loss function. Conse-
quently, the SR-DNN can refine its trainable parameters
through the backpropagation (bp) algorithm, leading to an
optimized model characterized by f(I,Θ∗), where Θ∗ =
argminΘ(Ξ(f(I,Θ))).

2) Online Prediction: The received pilot signals Yt ∈
C

(lm+1)×N and the testing ground truth values YGt
∈

C
(lm+1)×N can be transformed into higher-order real matrices

as follows:

Ỹt =

[
�(Yt)

�(Yt)

]
3

, ỸGt
=

[
�(YGt

)

�(YGt
)

]
3

, (29)

where Ỹt ∈ R
(lm+1)×N×2 and ỸGt

∈ R
(lm+1)×N×2. Subse-

quently, the testing data set is defined as

(Ỹt, ỸGt
)=

{
(Ỹ1

t , Ỹ
1
Gt

), Ỹ2
t , Ỹ

2
Gt

), . . . , (ỸNt
t , ỸNt

Gt
)
}
,

(30)
where Ỹ

(i)
t corresponds to the received pilot signals, while

Ỹ
(i)
Gt

denotes the associated ground truth values for the i-th test

sample. The input Ỹt is sent to f(I,Θ∗), and the denoised output
can be obtained using the input-output relationship that can be
formulated as

Ȳ = f(Ỹt;Θ
∗), (31)

where Ȳ ∈ R
(lm+1)×N×2 is the denoised output matrix. The

real-valued matrix is then converted into its complex form as
follows:

Ŷ =

lp+lm∑
l̃=lp

N−1∑
k=0

(
Ȳ[l̃, k, 1] + j · Ȳ[l̃, k, 2]

)
(32)

The SR-DNN-based denoising module is summarized in Algo-
rithm 1.

B. M-PAO DD Estimation

The problem of parameter estimation can be effectively ad-
dressed using MLE. However, directly solving the MLE for
non-linear systems can be computationally prohibitive. As an
alternative, the M-PAO approach is employed to simplify the
estimation process. The proposed M-PAO method is designed to
jointly estimate the parameters of multiple paths in the presence
of interference. It is an iterative approach that decomposes
the complex optimization problem into simpler sub-problems,
where each parameter is alternately optimized while keeping the
others fixed. In comparison to existing methods in the literature,
this strategy reduces the computational complexity and enhances
the accuracy of the estimate by focusing on the most critical
components individually compared to the literature.

1) The integer delay and Doppler for each path, along with
the corresponding path coefficient, are estimated based on the
denoised signal in (31). First, the integer DD pairs l̂i, k̂i, and
the channel path coefficient ĥi associated with the i-th propa-
gation path are detected by applying a max-path DD estima-
tion approach over the search area, ξi = {(l̂i, k̂i), 0 ≤ l̂i ≤
lm, −N

2 ≤ k̂i ≤ N
2 − 1}. This method identifies the paths
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with the maximum amplitude in the denoised signal, enabling
the detection of dominant paths for further refinement.

(l̂i, k̂i) = argmax
(li,ki)∈ξi

(Ŷ), (33)

ĥi = Ĥp[l̂i, k̂i], (34)

where Ĥp = Ŷ/X̂p and X̂p[l̃, k] =
∑lm

l′=0∑βm

k′=−βm
T [l′, k′]Xp[l̃ − l′, k − k′]. Empirically, it has been

observed that most estimation errors after the initial coarse
search are within one neighboring bin as mentioned in [22].
Consequently, the estimated delay, α̂i, is bounded between
l̂i−1
MΔf and l̂i+1

MΔf , while the estimated Doppler shift, β̂i, is

constrained between k̂i−1
NT and k̂i+1

NT . As a result, the uncertainty
region is defined, effectively reducing the search space for AO,

ςi =

{
(αi, βi),

l̂i − 1
MΔf

≤ αi ≤
l̂i + 1
MΔf

,

k̂i − 1
NT

≤ βi ≤
k̂i + 1
NT

}
. (35)

2) Based on (16), the super-resolution estimation problem
can be formulated as an optimization problem that maximizes
a function derived from MLE. This method aims to estimate
the parameters of the target paths by maximizing the correlation
between the predicted and received signals based on (36). For
a target i-th, with parameters (ĥi, α̂i, β̂i), the estimator can be
formulated as

(α̂i, β̂i) = argmax
(αi,βi)∈ςi

∣∣∣(ρixp)
H yin

∣∣∣2 , (36)

yin =

{
y i = 1,

y −
∑i−1

j=1 ĥjρjxp i > 1.
(37)

To estimate the parameters of subsequent targets (i.e., the i-th
target for i = 2, 3, . . . , L), the interference from targets that
have already been estimated needs to be canceled based on
(37). Once the parameters of the first target are determined,
its interference is subtracted from the received vector, y. The
updated received signal, yin , is then utilized to estimate the
next target’s parameters by applying the estimator from (36).
The term ρixp can be calculated based on (17) as follows:

ρixp = vec−1
(
Δ(βi)vec

(
FH

MBαi
XTF

p

))
FN (38)

whereXTF
p = FMXpF

H
N . By focusing on the EP window during

target parameter estimation, the overall complexity of the esti-
mator can be significantly reduced without compromising the
accuracy of channel estimation. This is because the estimation
frame is constrained between lp and lp + lm on the delay axis
and from 0 to N − 1 on the Doppler axis. As a result, the pilot
spreading used for channel estimation stays within the maximum
channel spread, ensuring the accuracy of the channel estimation
is maintained. Therefore, (36) and (38) can be modified as
follows:

(α̂i, β̂i) = argmax
(αi,βi)∈ςi

∣∣∣(ρ̂ix̂p)
H ŷin

∣∣∣2 , (39)

ρ̂ix̂p = vec−1
(
Δ̂(βi)vec

(
FH

lm+1B̂αi
X̂TF

p

))
FN , (40)

where

ŷin = vec

⎛
⎝ lm∑

l′=0

βm∑
k′=−βm

T [l′, k′]Yin

[
l̃ − l′, k − k′

]⎞⎠ ,

Yin = vec−1(yin),

B̂αi
= diag

{
e−j2π0 αi

T , . . . , e−j2πlm
αi
T

}
,

X̂TF
p = XTF

p [lp : lp + lm, 0 : N − 1] ,

FH
(lm+1) ∈ C

(lm+1)×(lm+1),

Δ̂(βi) = diag
{
ej2πβi

T
(lm+1) 0, ej2πβi

T
(lm+1) 1, . . . ,

ej2πβi
T

(lm+1) ((lm+1)N−1)
}
.

The complexity of (40) can be further reduced by decomposing
the large diagonal matrix Δ̂(βi) ∈ C

(lm+1)N×(lm+1)N into two
smaller matrices C(βi) ∈ C

N×N and A(βi) ∈ C
(lm+1)×(lm+1),



such that Δ̂(βi) = C(βi) ⊗A(βi). Then, (40) can be represented
as

ρ̂ix̂p = vec−1
(
(C(βi) ⊗A(βi))vec(D(αi))

)
FN

= A(βi)D(αi)C(βi)FN , (41)

where

A(βi) = diag{s0, s1, . . . , slm},

C(βi) = diag{s0, s(lm+1), s2(lm+1), . . . , s(lm+1)(N−1)},

s = ej2πβiT/(lm+1),

D(αi) = FH
lm+1B̂αi

X̂TF
p = FH

lm+1B̂αi
Flm+1X̂pF

H
N .

The reduced complexity estimator can be expressed in its final
form as

(α̂i, β̂i) = argmax
(αi,βi)∈ςi

∣∣∣∣(A(βi)D(αi)C(βi)FN

)H

ŷin

∣∣∣∣
2

. (42)

The off-grid search is then performed using the AO algorithm
using the objective function (42) over the defined region ςi.

The steps of the proposed approach are summarized in Al-
gorithm 2. For multi-target estimation, the interference signal
from the previously estimated (i− 1)-th targets is removed while
estimating the parameters for the i-th target. The max-path DD
estimation method is initially employed to determine the integer
parts of the delay and Doppler parameters, as described in (33).
Once the integer components are identified, the channel coef-
ficient parameters are calculated based on (34). Subsequently,
the fractional DD parameters are refined through applying the
AO search method to solve the objective function in (42). The
M-PAO approach enhances the precision of multi-target channel
estimation by systematically addressing interference and opti-
mizing the estimation process for each target. This ensures robust
performance, particularly in scenarios with significant multipath
interference and complex DD dynamics.

C. Complexity Analysis

The computational complexity of the proposed denoising
module, utilizing the SR-DNN and the M-PAO estimation algo-
rithm, is evaluated in terms of real additions and multiplications.
For the SR-DNN, the computational complexity is determined
based on the convolution operations and can be expressed as
follows:

RADM
= H ′W ′Cout[(KhKwCin)− 1], (43)

RMDM
= H ′W ′Cout(KhKwCin), (44)

where H ′ and W ′ represent the output height and width, Cout

denotes the number of output channels, Kh and Kw are the
kernel height and width, and Cin represents the number of input
channels.

For the proposed M-PAO algorithm, the computational
complexity is reduced as described in (42). The matrix
vector operations involved in the objective function for
the delay search at a constant Doppler, for each itera-
tion, require [2Υ log(lm + 1) + Υ log(N) + 2Υ] + nk[8Υ+
Υ log(n)] for real additions and [Υ log(lm + 1) + Υ

2 log(N) +

Algorithm 2: The Proposed M-PAO Algorithm.

4Υ] + nk[12Υ+ Υ
2 log(lm + 1) + 4] for real multiplications.

Similarly, for the Doppler search with constant delay, the number
of real additions and multiplications is nl(8Υ+Υ log(N))]
and nl(12Υ+ Υ

2 log(N) + 4)], respectively. Therefore, the to-
tal number of real additions RAM−PAO

and multiplications
RMM−PAO

required for the proposed M-PAO algorithm is re-
spectively given by

RAM−PAO
= I [(2Υ log(lm + 1) + Υ log(N) + 2Υ) ·
(nl + 1) + (nk + nl) (8Υ+Υ log(N))] , (45)

RMM−PAO
= I

[(
Υ log(lm + 1) +

Υ

2
log(N) + 4Υ

)
·

(nl + 1) + (nk+nl)

(
12Υ+

Υ

2
log(N)+4

)]
,

(46)

where I is the number of iterations, and nl and nk indicate
the number of discretized delay and Doppler pins, respectively
along with the signal size Υ = (lm + 1)×N . In the previous
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sensing method proposed for DFT-s-OTFS for THz ISAC, the
computational complexity is calculated based on processing
the entire frame of size M ×N . However, in the proposed
ISAC framework supported by SR-OTFS, only (lm + 1)×N
elements need to be processed, significantly reducing the com-
putational complexity compared to using the full frame size
of M ×N . Furthermore, additional computational efficiency
is achieved through the proposed SR-M-PAO estimation tech-
nique, which focuses on a low-complexity off-grid search.

Table II presents a detailed computational complexity com-
parison, in terms of the number of real multiplications and
additions, among the proposed SR-OTFS scheme, our previ-
ous work EP-OTFS, and the conventional DFT-s-OTFS. The
results clearly demonstrate that the SR-OTFS approach achieves
the lowest computational complexity among the three, making
it more suitable for practical implementation in complexity-
constrained THz ISAC systems.

IV. SIMULATION RESULTS

In this section, the performance of the proposed SR-OTFS
system with EP is assessed for the THz ISAC system. The
evaluation includes key metrics such as PAPR, BER, and sensing
accuracy. Additionally, a comparative analysis is provided with
the method in [22]. The simulation parameters, outlined in
Table III, are tailored for THz applications and adhere to the
5G numerology standards [31], ensuring compatibility with the
next-generation communication systems.

A. PAPR Analysis

The PAPR of the continuous-time baseband signal for the
proposed SR-OTFS-ISAC transmit signal is evaluated and
compared to other waveforms across different modulation

Fig. 3. PAPR comparison for continuous-time baseband signal of the DFT-s-
OTFS and SR-OTFS methods.

schemes. The performance metric for this evaluation is the com-
plementary cumulative distribution function of the PAPR, which
measures the probability that the PAPR exceeds a specified
threshold, PAPR0 i.e., Pr(PAPR > PAPR0). For consistency,
all waveforms utilize a rectangular pulse as a transmit pulse.
Fig. 3 highlights the PAPR performance at 16-QAM modulation
scheme for different values of σ2

p. Notably, the PAPR value
increases with increasing the average pilot power. Also, the
SR-OTFS achieves a PAPR of approximately 1.7 dB lower than
that of the DFT-s-OTFS for the 16-QAM modulation scheme.
This lower PAPR makes the proposed SR-OTFS a more power-
efficient option, which is particularly advantageous in power-
sensitive scenarios where minimizing PAPR and conserving
energy are critical.

B. Sensing Performance and BER Evaluation

The sensing accuracy of the SR-OTFS-ISAC is further eval-
uated using the proposed SR-M-PAO estimation algorithm de-
scribed in Section III. The performance is assessed using the root
MSE (RMSE) as the evaluation metric. The RMSE for the range

estimation is defined as RMSE(χ) =
√

1
L

∑L
i=1(χi − χ̂i)2,

whereχ = [χ1, . . . , χL] represents the actual target range values
and χ̂ = [χ̂1, . . . , χ̂L] represents their corresponding estimates.



Fig. 4. Range estimation accuracy comparison using the proposed SR-OTFS, DFT-s-OTFS [22], and EP-OTFS [27] methods. (a) 4 −QAM . (b) 16 −QAM .

Fig. 5. Velocity estimation accuracy comparison using the proposed SR-OTFS, DFT-s-OTFS [22], and EP-OTFS [27] methods. (a) 4 −QAM . (b) 16 −QAM .

Fig. 6. BER performance comparison using the proposed SR-OTFS, DFT-s-OTFS [22], and EP-OTFS [27] methods for different values of pilot power.
(a) 4 −QAM . (b) 16 −QAM .



Fig. 7. Range estimation accuracy using the SR-M-PAO estimation method
for different numbers of targets.

Fig. 8. Velocity estimation accuracy using the SR-M-PAO estimation method
for different numbers of targets.

Similarly, the velocity RMSE is defined as RMSE(v) =√
1
L

∑L
i=1(vi − v̂i)2, where v = [v1, . . . , vL] represents the

actual target velocity values and v̂ = [v̂1, . . . , v̂L] represents
their corresponding estimates.

The analysis considers a doubly selective channel operating at
a maximum velocity of 500 km/h [32]. The channel is composed
of an LoS path and multiple NLoS paths reflected by the sensing
targets. The parameters for the two reference target scenarios are
specified as (10 m, 10 m/s) and (40 m, 30 m/s), with 4-QAM,
16-QAM modulation schemes, with M = 128 and N = 32.

To obtain the distance between the receiver and the target, the
channel parameters are first estimated using the proposed SR-
M-PAO algorithm. The distance ds between the sensing target
and the receiver in a communication system involving both LoS
and NLoS paths can be calculated as [22]

ds =
d2
N − d2

L

2dN − 2dL cos θ
, (47)

where dN represents the distance to the NLoS path, dL indicates
the distance to the LoS path, and θ is the angle of intersection
between the LoS and NLoS paths. The angle θ plays a crucial

role in determining the geometric relationship between these
paths. It is important to note that (47) is used to estimate the
relative distance between the receiver and the target, not the exact
spatial location of the target. This formulation helps compute
the root-mean-square error (RMSE), which is used to assess the
accuracy of the estimated distances in the simulation results.

Fig. 4 compares the RMSE performance of range estimation
across varying SNR levels for the proposed SR-DNN-assisted
framework (SR-OTFS), its counterpart without the SR-DNN
module (M-PAO), as well as two benchmark schemes: DFT-
s-OTFS [22] and EP-OTFS [27]. The evaluation is conducted
for both 4-QAM and 16-QAM modulation formats. As seen in
both Fig. 4(a) and (b), SR-OTFS achieves a significant reduction
in RMSE even at low SNRs (e.g. achieving 10−3 m at 5 dB),
while other methods only begin to converge at higher SNRs.
The advantage is especially pronounced in low-SNR regimes,
highlighting the robustness of the SR-DNN module in mitigating
noise and enhancing range estimation accuracy.

Furthermore, as illustrated in Fig. 5, The RMSE of velocity
estimation is analyzed across various SNR levels for the pro-
posed SR-OTFS framework in comparison with DFT-s-OTFS,
M-PAO, and EP-OTFS. The proposed SR-OTFS method con-
sistently outperforms the benchmark methods, which require
significantly higher SNRs to approach comparable accuracy.
Both Fig. 5(a) and (b), corresponding to the 4-QAM and 16-
QAM modulation schemes, respectively, illustrate the superior
performance of the proposed SR-OTFS. Notably, the proposed
SR-OTFS achieves velocity RMSEs as low as 10−2 m/s, demon-
strating its robustness and high precision in challenging low-
SNR conditions. In contrast, the baseline approaches exhibit
much higher RMSE in the low-SNR regime and only gradually
converge with increasing SNR, highlighting the effectiveness of
the proposed SR-DNN-assisted strategy in enhancing velocity
estimation performance.

Fig. 6 compares BER performance of DFT-s-OTFS, EP-
OTFS, M-PAO, and SR-OTFS using conjugate gradient equal-
ization for 4-QAM and 16-QAM. The results demonstrate that
SR-OTFS outperforms the benchmark methods, primarily due
to its more accurate channel estimation and the reduced interfer-
ence between the channel estimation and data detection regions
enabled by the EP design. Additionally, the results show that the
BER performance at σ2

p = 0.06 is superior to that at σ2
p = 0.18.

This improvement is attributed to the lower pilot power, which
reduces leakage into the data region, thereby enhancing data
detection and resulting in better BER performance.

Fig. 7 shows the range RMSE of the SR-OTFS-ISAC system
using SR-M-PAO with EP for three targets: (10 m, 30 m/s),
(30 m, 65 m/s), and (50 m, 90 m/s). With 16-QAM, M =
128, and N = 32, all targets exhibit low estimation errors
at low SNR due to effective denoising. As SNR increases,
errors drop significantly, reaching millimeter-level accuracy
(<10−3 m) for a single target at SNR>2 dB. For multiple targets
(L = 2, 3), RMSE remains below 10−2 m despite interference
effects.

Fig. 8 shows the velocity RMSE in SR-OTFS-ISAC,
achieving millimeter-per-second accuracy for a single target and
centimeter-per-second for multiple targets. The results confirm
robust, power-efficient operation with early plateauing of



Fig. 9. Convergence speed of the proposed M-PAO algorithm at SNR = 10 dB. (a) Convergence speed effect on the χ RMSE. (b) Convergence speed effect on
the v RMSE.

Fig. 10. Performance of the proposed M-PAO algorithm based on the number of delay and Doppler points at SNR = 10 dB. (a) No. of delay points vs Range
RMSE. (b) No. of Doppler points vs Velocity RMSE.

accuracy. The method remains resilient under high modulation
orders and mobility, ensuring practical applicability.

C. M-PAO Parameters Analysis

In this section, the parameters of the proposed M-PAO
algorithm are analyzed. As shown in Fig. 9, the proposed
M-PAO algorithm converges in only two iterations (I = 2) to
estimate the velocity RMSE of L = 1, L = 2, and L = 3, and in
one iteration for the range RMSE. Fig. 9(a) and (b) illustrate the
RMSE convergence as the number of iterations increases. For
L = 1, the algorithm achieves an exceptionally low RMSE of
approximately 10−3 for both range and velocity. Furthermore,
both L = 2 and L = 3 achieve similarly low RMSE values in
just two iterations, demonstrating the rapid convergence of the
algorithm. The convergence behavior of the M-PAO algorithm
is highly dependent on the choice of hyperparameters. In

particular, lower pilot power levels and smaller step sizes
generally require a greater number of iterations to achieve
convergence. The early convergence observed in some scenarios,
such as with pilot power σ2

p = 0.14, δl = 0.0749, δk = 0.0835,
and the initial point set to 10 is not indicative of the algorithm’s
inherent efficiency, but rather a result of favorable parameter ini-
tialization. These hyperparameters provide sufficiently accurate
initial estimates, leading to rapid convergence within just two
iterations. Therefore, the fast convergence should not be inter-
preted as a universal outcome of M-PAO, but as a consequence
of specific simulation settings that enhance its performance.

The number of delay and Doppler points, nl and nk, is deter-
mined based on the step size hyperparameters δl for delay and
δk for Doppler in the proposed M-PAO algorithm. In particular,

nl =
⌈
b1−a1
δl

⌉
+ 1 and nk =

⌈
b2−a2
δk

⌉
+ 1. As shown in Fig. 10,

the proposed M-PAO algorithm requires only 11 delay points



Fig. 11. Complexity comparison of the proposed SR-OTFS, DFT-s-OTFS [22], and EP-OTFS [27]. (a) I = 2, nl = 11, nk = 17 and M = 128. (b) N =
32, nl = 11, nk = 17 and M = 128.

(i.e., nl = 11) to achieve a range RMSE below 10−3 m and 17
Doppler points (i.e.,nk = 17) to reach a velocity RMSE of 10−2

m/s. This demonstrates the stability and accuracy of the proposed
M-PAO algorithm for both range and velocity estimation, requir-
ing only a small number of delay and Doppler points. The rapid
convergence, with RMSE values stabilizing early, illustrates the
efficiency of the algorithm in minimizing errors across both
dimensions with minimal computational effort.

As illustrated in Fig. 11, the proposed SR-M-PAO method
significantly reduces computational complexity—measured in
terms of real additions and multiplications compared to the
DFT-s-OTFS and EP-OTFS schemes. Fig. 11(a) shows that as
the number of symbols increases, the complexity gap between
SR-M-PAO and DFT-s-OTFS becomes more pronounced, un-
derscoring the superior scalability of SR-M-PAO for systems
with large symbol sets. While SR-M-PAO exhibits slightly
higher complexity than EP-OTFS due to the additional DNN-
based denoising stage, this gap remains relatively small and
manageable. Furthermore, Fig. 11(b) demonstrates that the
complexity of DFT-s-OTFS rises sharply with the number of
iterations, making it impractical for high-iteration scenarios.
In contrast, EP-OTFS scales more efficiently, and SR-M-PAO
maintains a balanced complexity profile-moderate compared to
both benchmarks. As the number of iterations increases, the
complexity difference between SR-M-PAO and EP-OTFS nar-
rows, highlighting SR-M-PAO’s suitability for systems requiring
many iterations, where it offers a favorable trade-off between
performance and computational cost.

V. CONCLUSION

This paper presented a design of an SR-OTFS-ISAC system
optimized for THz applications, offering a novel two-stage
channel estimation and sensing framework. The proposed
framework combined an SR-DNN denoising stage with M-
PAO to achieve high accuracy and efficiency in both esti-
mation and sensing. The simulation results showed that the

proposed SR-OTFS system effectively reduced the PAPR of
the transmitted signal by approximately 1.7 dB compared to
the DFT-s-OTFS for 16-QAM modulation. Furthermore, the
SR-OTFS system demonstrated high estimation accuracy,
achieving millimeter-level range resolution and centimeter-per-
second-level velocity resolution, maintaining robust perfor-
mance even at low SNR levels. The system also outperformed
the DFT-S-OTFS benchmark in terms of BER, especially under
significant Doppler effects, while achieving a notable reduc-
tion in computational complexity due to an efficient estimation
algorithm that utilized the EP design. Although a theoretical
comparison to the Cramér-Rao Lower Bound (CRLB) was not
included due to the complexity of deriving a closed-form ex-
pression for the SR-M-PAO scheme with embedded pilots, it
remains a valuable direction for future investigation. In general,
the proposed SR-OTFS system offered improved estimation
accuracy, better BER performance, and reduced complexity,
positioning it as a practical and efficient solution for THz ISAC
applications.
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