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A Highway Vehicular Channel Model
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A. Compagnoni, Student Member, IEEE, R. Tuninato, Student Member, IEEE, C. F. Chiasserini, Fellow, IEEE,

R. Garello, Senior Member, IEEE, A. Nordio, Member, IEEE, and E. Viterbo, Fellow, IEEE

Abstract—In vehicular communications, accurate modeling of
real-world radio propagation channels is essential. To this end,
we propose a novel stochastic model, named Vehicular-Tapped
Delay-Line (V-TDL) that accurately captures the statistical be-
havior of multipath channels characterized by path-dependent
gains, delays, and Doppler shifts. V-TDL supports diverse traffic
conditions and road geometries by generating channel instances
through well-established probability distributions. Also, it effec-
tively models the parameters of the distributions through realistic
geometry-based simulations, achieving the accuracy of a ray-
tracing-based model while maintaining the low complexity of a
purely stochastic approach. In contrast to existing models, V-
TDL accounts for the correlation between propagation paths.
Our findings show that this correlation is inherent in high-speed
vehicular environments and neglecting it leads to a significant
overestimation of channel diversity and system performance.
We compare our model to existing alternatives to assess the
performance of OTFS and OFDM modulations. The results
demonstrate that, unlike traditional models such as the 3GPP
EVA, V-TDL captures variations in channel diversity influenced
by traffic intensity and road geometry, which impact the OTFS
and OFDM performance. Although OTFS is penalized by path
correlation, it consistently outperforms OFDM in all evaluated
vehicular environments, confirming its suitability for high-speed
vehicular communication scenarios.

Index Terms—Channel modeling, OTFS, 5G/6G, Connected
vehicles, Mobility.

I. INTRODUCTION

W IRELESS networks are evolving to provide connectiv-

ity in very high-mobility scenarios [1], [2], [3], [4].

A prominent example is represented by connected vehicles

for which critical applications such as autonomous driving

and safety services require reliable radio coverage and data

transfer [5], [6]. In this context, knowledge of the wireless

channel plays a pivotal role in system design and connectivity

provisioning, as it can dramatically affect performance assess-

ment and key decisions, such as radio points of access place-
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ment, transmit power setting, or modulation scheme selection.

However, solving electromagnetic equations in real time is far

too complex, particularly for highly mobile terminals. Thus,

stochastic channel models are often used to approximate the

behavior of the wireless propagation channel [7].

Stochastic models typically approximate the wireless chan-

nel through a fixed number of taps with a specific power

delay profile. Such models are commonly referred to as tapped

delay-line (TDL); notably, the 3GPP standard [8] defines three

variants of such models tailored for environments with low,

medium, and high delay. The medium delay case, represented

by the Extended Vehicular A (EVA) model, is specifically

designed for vehicular scenarios in urban and suburban areas

[9]. Although widely used to simulate high-mobility multipath

channels, EVA neither can capture the impact of varying

vehicular conditions nor accounts for the correlation between

propagation paths – a factor proven to be intrinsic to high-

speed vehicular scenarios, which significantly affects channel

diversity and system performance [10].

Alternative approaches utilize ray-tracing simulators, which

accurately characterize signal propagation by leveraging elec-

tromagnetic and optical theory [11], [12], [13]. Ray tracing-

based models, while accurate, are often computationally in-

tensive and highly specific to the scenario being considered,

making them less suitable for designing and evaluating system

performance across diverse environments. This highlights the

ongoing need for a vehicular channel model that provides

both accuracy and flexibility to accommodate different road

geometries and traffic scenarios.

It is also worth noting that channel models suitable for

high-mobility network scenarios are essential to evaluate

the performance of modulation schemes such as orthogonal

time frequency space (OTFS) modulation or orthogonal fre-

quency division modulation (OFDM). The former has recently

emerged as a very effective scheme, especially in vehicular

scenarios where multipath propagation and large Doppler

shifts degrade the performance of traditional OFDM modula-

tion due to significant inter-carrier interference [14], [15], [16],

[17], [18], [19], [20], [21], [22], [23]. Since OTFS operates in

the delay-Doppler domain, it takes advantage of the sparser

representation of high-mobility channels. However, the full

advantages of OTFS over OFDM in vehicular environments

remain unclear, as most studies in the literature evaluating

OTFS rely primarily on the simple EVA channel model.

In this work, we propose a novel channel model, referred to

as Vehicular Tapped Delay-Line (V-TDL) model, specifically

tailored for vehicular communication. Our V-TDL model (i)
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offers accuracy comparable to ray-tracing-based models, (ii)

is as simple to implement as a tapped delay-line model such

as EVA, and (iii) provides high flexibility, enabling tunable

traffic intensity and road geometry. Furthermore, thanks to

its ability to accurately model real-world channels in highly

mobile scenarios, our channel model can be used to assess

the performance of OTFS and OFDM modulation schemes in

real-world vehicular environments.

Our main contributions are thus as follows:

• Statistical analysis: We start from the V-CORE model, a

realistic geometry-based stochastic model whose main feature

is the characterization of channel gains based on the bistatic

radar cross section of the reflective vehicles [10]. We perform

a statistical analysis of V-CORE under typical highway envi-

ronments, considering different road geometries and vehicle

traffic intensities. Specifically, we collect relevant statistics

for delays, Doppler shifts, and channel gains resulting from

signal reflections caused by other vehicles. We show that the

propagation paths in high-speed vehicular scenarios are highly

correlated – an aspect neglected in other models (like the

popular EVA model) – that leads to an overestimation of the

OTFS performance.

• Characterization of the new V-TDL channel model: We

use the results of our extensive statistical analysis of V-

CORE to develop V-TDL, a new flexible vehicular channel

model capable of generating realistic instances of delays,

Doppler shifts, number of paths, and channel coefficients

across different signal propagation paths.

• OTFS vs. OFDM over V-TDL and EVA models: We

evaluate the performance of OTFS and OFDM modulation

schemes under both the 3GPP EVA model and our proposed

V-TDL model. Unlike EVA, V-TDL accurately represents

the correlation between paths and, as a direct consequence,

captures the relationship between vehicular traffic intensity

and channel diversity. We show that OTFS and OFDM ex-

hibit opposite performance trends: as traffic increases, OTFS

benefits from high channel diversity, whereas OFDM suffers

due to inter-carrier interference. Although the EVA model

overestimates OTFS performance, OTFS still outperforms

OFDM even under V-TDL, confirming OTFS’s suitability for

vehicular communications.

• V-TDL vs. V-CORE: We show that the performance under

the proposed V-TDL tapped delay-line statistical model closely

matches that of V-CORE geometry-based stochastic model

under comparable traffic conditions. Importantly, unlike V-

CORE, V-TDL does not require populating the road, solv-

ing ray-tracing equations for multiple propagation paths (by

computing the bistatic radar cross section for all reflectors).

Instead, V-TDL is designed to generate channel instances

based on simple probability distributions, making it easier to

implement, less computationally expensive, and more flexible

for exploring a wide range of traffic scenarios, while still

capturing the correlation between multipath components.

• Channel diversity and OTFS performance: Finally, we

analyze how channel diversity is affected by different degrees

of correlation between multipath components and by different

system bandwidths. We then show how this diversity affects

the OTFS performance.

The remainder of the paper is organized as follows. Sec-

tion II discusses relevant related work while highlighting the

novelty of our study. Section III introduces our notation as

well as some background on time-varying multipath channels

and on the V-CORE channel model. Section IV presents a

statistical analysis of V-CORE, which serves as a basis for

developing the proposed V-TDL model. Our main contribution

is presented in Section V, where we describe and analyze our

V-TDL model. Section VI compares V-TDL against the V-

CORE and the 3GPP EVA model, evaluating the performance

of OFDM and OTFS, and analyzing how the latter is affected

by different degrees of correlation between multipath compo-

nents as well as by varying values of bandwidth. Finally, we

draw our conclusions in Section VII.

II. RELATED WORK

Our work primarily relates to the areas of channel charac-

terization and modeling in vehicular scenarios, and of OTFS

performance in such environments.

Vehicular Channel Characterization and Modeling. Con-

cerning communication channel in vehicular scenarios, and

specifically in highway environments, [24] presents the results

of a measurement campaign conducted in Lund, Sweden, cap-

turing vehicle-to-vehicle (V2V) channel parameters including

delay spread, power delay profiles, and delay-Doppler spectra.

Although the methodology used in this study involves real-

world channel measurements – which are generally considered

reliable – it is often an expensive approach, which is also

specific to the measured environment.

A more practical methodology involves the use of ray-

based models, such as ray-launching (RL) and ray-tracing

(RT) models. The study in [25] leverages RL simulations to

compare the performance of OTFS and OFDM in vehicle-

to-infrastructure communication scenarios. [26] investigates,

instead, V2V communication in high-traffic urban settings,

deriving key channel characteristics such as delay spread and

path loss distribution through RT simulations. Similarly, [27]

analyzes an urban intersection scenario, demonstrating a strong

correlation between RT-derived power delay profiles and real-

world sounder measurements. While RT simulators suffer from

high computational complexity, RL methods are less complex

and more cost-effective than both channel sounding measure-

ments and RT models, although they yield less realistic results.

Other studies focus on geometry-based stochastic channel

models (GBSCMs), in which reflectors are positioned ac-

cording to a probability distribution and the received signal

is computed as the sum of ray-tracing solutions from each

reflecting component. Among these, [28] introduces a GBSCM

for MIMO (Multiple Input Multiple Output)-based V2V com-

munication, while [29] analyzes vehicular channels through

the theory of ambit processes to enable fast simulations and

improve the spatial consistency of multipath propagation. [30]

proposes a GBSCM for V2V visible light communication,

characterizing a direct path and a reflected path from another

vehicle, assuming a Lambertian radiation pattern. The work

in [31], instead, proposes a GBSCM that leverages a sum-

of-sinusoids simulation model for a MIMO V2V Rician fad-

ing channel. Its main features include a distinction between
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moving vehicles (two-sphere representation) and the stationary

environment (elliptic-cylinder model). [32] proposes a V2V

channel representation in the delay-Doppler domain using a

GBSCM, where they model the V2V channel impulse response

considering reflections from the ground, moving vehicles,

static reflectors, and diffuse components.

In [10], we introduced a GBSCM called V-CORE, specifi-

cally designed for vehicular scenarios. A distinguishing feature

of V-CORE is its bistatic radar cross section modeling of

multiple reflective vehicles, which provides a realistic rep-

resentation of channel gains across different scenario real-

izations. We remark that GBSCMs represent a more flexible

and less computationally expensive approach compared to ray-

based models. However, they are still more complex and less

practical than purely stochastic models.

OTFS Performance in Vehicular Environments. Our work is

particularly relevant to the study of OTFS-modulated systems

(a useful overview of OTFS and its variants can be found

in [33]). While a large body of work has investigated the

performance of OTFS, fewer have tackled this challenge in

vehicular scenarios. Among these, [34] analyzes vehicular

channels using mmWave measurements at vehicular cross-

roads, assessing sparsity in the delay-Doppler domain. An

urban scenario is considered also in [35], which evaluates

OTFS performance over vehicular communication channels

measured in Vienna, demonstrating that OTFS outperforms

OFDM under strong multipath conditions. Conversely, [36]

presents a vehicular mmWave measurement campaign, com-

paring various OTFS-based channel estimation techniques in

an indoor car park environment. In [37], low-complexity

zero-forcing and minimum mean square error receivers are

designed for MIMO-OTFS systems in high-speed vehicular

communications. On the other hand, [38] focuses on OTFS for

vehicular IoT networks, proposing an embedded pilot design

in the Delay-Doppler domain to optimize spectral efficiency

based on vehicle speed. Finally, [39] investigates an OTFS-

based sparse code multiple access (SCMA) system in an uplink

coordinated multi-point vehicle communications, exploiting

positive and negative Doppler shifts to enhance diversity.

Novelty. Unlike previous work, we develop a channel model

for high-speed vehicular scenarios, which exhibits the accuracy

level typical of RT-based models while retaining the low

complexity and flexibility typical of stochastic and GBSCM

models. Also, our model can accurately capture the impact of

channel diversity on system performance, thereby enabling a

fair assessment of the advantages of OTFS over OFDM.

III. PRELIMINARIES

This section first introduces some notation that we will

use throughout the paper (Section III-A). Then it provides the

necessary background on time-varying channels and OTFS

modulation (Section III-B), as well as on the V-CORE channel

model (Section III-C).

A. Notation

The transpose and Hermitian transpose of a matrix A are

denoted by AT and A† (resp.). The (m,n)-th element of

the matrix A is denoted by A(m,n). The operation vec(A)
refers to the column-wise vectorization of the matrix A, and

vec−1
M,N (a) refers to the matrix formed by column-wise folding

a vector a into a matrix M×N . The matrix FN represents

the N -point normalized discrete Fourier Transform (DFT),

with its (i, k)-th element given by FN (i, k)=e−j2πik/N/
√
N .

The probability that a random variable X takes the value x
is denoted by P(X=x), and the expectation operator by E[·].
The integer round operator is denoted by ⌊·⌉. Finally, |a1−a2|
denotes the Euclidean distance between the vectors a1 and a2.

B. Time-Varying Multipath Channels and OTFS

Since our focus is on vehicular communication, we consider

scenarios that involve multiple scatterers moving relatively to

a receiver. This leads to the generation of multiple signal echos

subject to different delays and Doppler shifts. We consider P
scatterers that generate propagation paths, where the i-th path,

for i=1, . . . , P , can be characterized in the complex baseband

representation by a channel coefficient hi, a delay τi, and a

Doppler shift νi. Given these parameters, the channel response

in the delay-Doppler domain is expressed as [40]:

h(τ, ν)=

P
∑

i=1

hi δ(τ − τi) δ(ν − νi) . (1)

This delay-Doppler representation is particularly well-suited

for modeling high-mobility multipath fading, as it explicitly

highlights the effects of both path delays and Doppler shifts,

which, along with the channel gains, fully describe the chan-

nel. Moreover, small-scale fading is typically characterized by

a limited number of paths P around the receiver, which makes

the delay-Doppler representation inherently sparse.

Finally, we note that the delay-Doppler response in (1) is

directly related to other conventional channel representations.

Specifically, it can be derived from the delay-time channel re-

sponse through the Fourier transform along the time axis, and

from the frequency-time response through the two-dimensional

symplectic Fourier transforms (see [23] for details).

In OTFS, symbols are placed on the M×N delay-Doppler

grid, with M representing the number of delay bins and

N the number of Doppler bins, forming the delay-Doppler

domain signal Xdd∈CM×N . From the delay-Doppler domain,

the transmitted time-domain vector s∈CMN×1 is obtained by

applying the Inverse Discrete Zak Transform (IDZT) [23]:

s=IDZT{Xdd}=vec(XddF
†
N ) . (2)

The received signal is transformed into the delay-time domain:

Ydt=vec−1
M,N (r) ∈ C

M×N (3)

where r∈CM×N is the received sampled signal. The delay-

time domain allows for an optimal trade-off between perfor-

mance and complexity when using the Zero-Padding (ZP)

variant of OTFS with Maximum Ratio Combining (MRC)

detection method, as described in [41].

If we consider the channel response in (1) with distinct

Doppler shift values νi across the paths i=1, . . . , P , then

the traditional OFDM modulation scheme suffers from ICI.

In contrast, OTFS can exploit such channel diversity by
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coherently combining the different propagation paths resolved

in the delay-Doppler domain.

C. V-CORE Channel Model

Next, we provide an overview of the V-CORE channel

model, a geometry-based stochastic channel model designed

for vehicular scenarios. For a more extensive explanation of

V-CORE, the reader can refer to our work detailed in [10].

The model considers a downlink scenario where a Point of

Access (PoA) is positioned at the center of a highway-like

environment, transmitting to a receiving vehicle, which, for

simplicity, we will refer to as RX. The V-CORE model aims

to characterize the delay, Doppler shift, and channel gain of

multiple reflections induced by surrounding vehicles.

These vehicles enter lane ℓ=1, . . . , NL according to a

Poisson point arrival process with an arrival rate ρℓ. The

lane index ℓ=1 represents the outermost (slowest) lane, while

ℓ=NL denotes the innermost (fastest) lane. Each vehicle on

lane ℓ moves at a random velocity v following a uniform

distribution U(vmin
ℓ , vmax

ℓ ), where vmin
ℓ and vmax

ℓ define the

minimum and maximum speeds for that lane.

TABLE I: Default V-CORE parameters

PARAMETER VALUE

Number of lanes, NL 3

Minimum velocity in each lane, vmin

ℓ
{70, 100, 130} km/h

Maximum velocity in each lane, vmax

ℓ
{100, 130, 160} km/h

Vehicle length in each lane, Lℓ {16.0, 6.0, 4.4} m
Average distance between vehicles, µd 80 m
Safety distance between vehicles, Ds 20 m
Lane width, W 4 m
Space between travel directions, Dt 2 m
Minimum PoA-RX distance, dmin 50 m
Maximum PoA-RX distance, dmax 700 m

-500 -375 -250 -125 0 125 250 375 500

x (m)

-15

-7.5

0

7.5

15

y
 (

m
)

RX

PoA

Vehicles

Fig. 1: Road scenario and example of an nLoS path (green

dashed line) generated by a reflecting vehicle.

Table I shows an example of the V-CORE input parame-

ters, while Fig. 1 depicts an example of a V-CORE scenario

realization.

For simplicity, the direct line-of-sight (LoS) path is denoted

with i=1, while non-line-of-sight (nLoS) paths are indexed as

i=2, . . . , P . The delay and Doppler shift for the LoS path are

given by:

τ1=
d1
c
, ν1=

1

λc
vT

1

pA − p1

d1
(4)

where d1=|pA−p1| represents the distance between the PoA

and RX, with pA and p1 denoting their respective position

vectors. The RX’s velocity vector is v1, while λc=c/fc is the

signal wavelength, where fc is the carrier frequency and c is

the speed of light.
For nLoS paths (i=2, . . . , P ), V-CORE adopts a bistatic

radar model, where the PoA serves as the transmitter, the
receiving vehicle as the receiver, and other vehicles as reflect-
ing targets. The delay of a reflected path is given by τi=di/c
where di=|pA − pi| + |pi − p1| represents the total signal
travel distance from the PoA to RX via the reflecting vehicle
at position pi. In a bistatic radar system, the observed Doppler
shift at the receiver depends on the sum of the transmitter’s
velocity relative to the target and the target’s velocity relative
to the receiver [42, Ch. 6] and can be expressed as:

νi=
1

λc

[

v
T

i

pA − pi

|pA − pi|
+ (v1 − vi)

T pi − p1

|pi − p1|

]

, i=2, . . . , P (5)

where vi is the velocity vector of the reflecting vehicle i.
To account for signal attenuation in the nLoS paths, the

model exploits the bistatic radar cross section (RCS) of the

reflecting vehicle, which quantifies the effective area (in m2)

that intercepts and redirects the transmitted signal toward

the receiver. The bistatic RCS ψi=f(θ
PoA
i , θRX

i , fc) depends

on the signal frequency fc and the angles of arrival θPoAi

and departure θRX
i [43]. Consequently, the complex channel

coefficient for an nLoS path is given by [44, Sec. 4–6]:

hi=
λce

jφi

(4π)2|pA − pi|·|pi − p1|
√

4πψiGAGR (6)

where GA and GR denote the antenna gains of the PoA and

RX, respectively, and φi ∼ U(0, 2π) represents the random

phase shift of the i-th path. Regarding the LoS path, the

channel coefficient is assumed to follow h1 ∼ CN (0, 1), and

the transmit power PTx is adjusted to guarantee a 0 dB-path

loss (PRx/PTx) [10].

We showed that our V-CORE model provides realistic

instances of (τi, νi, hi) needed to characterize a highly mobile

vehicular channel. Next, we present a detailed statistical anal-

ysis of V-CORE, with the primary objective of demonstrating

the strong correlation among propagation paths – an inherent

characteristic of vehicular scenarios – and laying the ground-

work for the development of our proposed V-TDL model,

which constitutes the main contribution of this paper.

IV. STATISTICAL ANALYSIS OF V-CORE

To develop the V-TDL statistical model, we first perform a

thorough statistical analysis of the V-CORE model, focusing

on the distribution of Doppler shifts, delays, and channel gains

for each multipath component. We then quantify how these

distributions are affected by different traffic intensities and

road geometries. Below, we detail the steps of our analysis.

1) Average Number of Paths: As the first step, we consider

the vehicular traffic environment illustrated in Table I and sim-

ulate a number of traffic scenarios using V-CORE. By doing

so, we estimate the value of the average number of paths, E[P ],
then round it to the nearest integer, ⌊E[P ]⌉, which resulted in

28 paths. Thus, consistently with the existing Tapped Delay-

Line models where the number of reflected paths is fixed, we

only collect the statistics of those scenario realizations that

generate a number of paths equal to the average. Henceforth,

to avoid confusion, we will always denote ⌊E[P ]⌉ as P . The
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Fig. 2: Average delay of different paths.

multipath components are then ordered by increasing delay,

with the P -th path having the largest delay.

2) Average Delay of Paths: Next, we estimate the average

delays of the different paths 1, . . . , P , and compare them to

the delays of the EVA model. Where the LoS path delay has

been subtracted from all the path delays, since the receiver is

assumed to be synchronized on the LoS path. Figures 2a and

2b show such delays for the V-CORE model and the EVA

model, respectively.

One can observe that, approximately, the first 16 paths of

V-CORE exhibit (almost) the same delay. These paths come

from vehicles that are very close to the RX or very close to the

PoA, resulting in delays almost equal to 0, i.e., that of the LoS.

Furthermore, traveling over a short distance, such paths are

also the ones associated with higher energy. As better detailed

next, this leads to a significant correlation between paths in

highway scenarios. Then, looking at the paths from 17 onward,

the average delay increases exponentially, eventually reaching

approximately 4,5µs for the P -th path.

-400 -380 -360 -340 -320 -300 -280

x (m)

-20

0

20

y
 (

m
)

Fig. 3: Delay bins observed by the receiver represented by

concentric ellipses.

Fig. 3, obtained for a generic scenario realization, underlines

how different vehicles can be mapped into different delay bins.

The figure depicts several ellipses, with vehicles comprised

between two concentric ellipses falling into the same delay

bin. These ellipses with foci PoA and RX represent the

location of scatterers generating paths with the same delay.

This implies that the receiver cannot distinguish among the

delays of reflected paths that come from those vehicles. The

delay resolution represented in the figure has been determined

using M=512 and subcarrier spacing ∆f=30 kHz, which

translates to a path length resolution of c/(M∆f)≈19.5m,

which is smaller than the inter-vehicular safety distance be-

tween cars travelling on the same lane. However, cars in

adjacent lanes may have a smaller separation, and, hence,

their associated paths are not mutually resolved in the delay

domain. Furthermore, it is worth noticing that several vehicles

fall within the first two ellipses (corresponding to the smallest

delay values), confirming that shorter paths, with small delays,

exhibit similar characteristics. Vehicles falling within the same

ellipse also form a very similar angle between the PoA and

the OBU, thereby introducing correlation in the Doppler shift,

as discussed in Sec. IV-5.

At last, we remark that, unlike in the V-CORE case, accord-

ing to the EVA model, almost all paths are associated with

well-distinguished values of delay, thus providing a channel

diversity higher than what observed in Fig. 3 and expected in

a real-world vehicular scenario.
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2
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P
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Fig. 4: Estimated Doppler shift distribution of a representative

reflected (nLoS) path.

3) Doppler Distribution: Fig. 4 shows the estimated

Doppler shift distribution for the first nLoS component (path

number 2). The blue curve corresponds to the scenario where

the PoA is located at the center of the road, while the yellow

curve represents the case where the PoA is positioned along

the road. The two distributions are quite similar, with only a

minor difference in their variance.

These results demonstrate that the Doppler shift of a typical

reflected path can be accurately modeled by using a bimodal

Gaussian distribution. We remark that, although only the

second path is shown here, the Doppler shift distribution of

the other reflected paths exhibit similar bimodal shapes.

This result highlights an important difference of the V-

CORE compared to the EVA model, which, as previously

mentioned, assumes the Doppler shift to follow Jakes’ distribu-

tion. Unlike urban environments, in a highway scenario, where

typically there are no walls or large buildings, reflections are

mainly due to other vehicles. Therefore, the angles of the

propagation paths with respect to the receiver are clearly not

uniformly distributed, rendering the Jakes’ spectrum unsuit-

able for describing the Doppler shift. The bimodality shown

by the Doppler shift distribution in V-CORE (Fig. 4) is given

by a mixture of two Gaussian distributions, with equal weights:

the Gaussian on the right represents scenarios where the

receiver is approaching the PoA, while the Gaussian on the left

corresponds to those scenarios where the receiver is moving

away from the PoA. Since both cases occur with the same

probability, the weights of the two distributions composing

the mixture are both equal to 0.5. Moreover, by looking at

Fig. 4, it is evident that when the receiving vehicle approaches

the PoA, the distribution support mainly encompasses positive

values, while the opposite holds when the vehicle is getting

farther away from the PoA.
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We highlight that, in our model, we consider two-way traffic

directions. Nevertheless, we verified that this bimodal behavior

is still present in the case of one travel direction only. This

is indeed consistent with the fact that, as mentioned, the

bimodality of the Doppler shift distribution is due to the OBU

traveling either toward the PoA or away from the PoA across

different realizations.
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Fig. 5: Channel magnitude histogram of a representative

propagation path.

4) Channel Distribution: Fig. 5 presents the channel mag-

nitude histogram of a representative path (again, we consider

the first nLoS path, i.e., the 2nd path). One can notice that the

distribution resembles a Rayleigh distribution. In other words,

a generic complex channel coefficient can be described by a

circularly symmetric complex Gaussian distribution. It can be

noticed from Fig. 5 that the magnitude is upper bounded by

1 since V-CORE sets the path loss of the LoS at 1 (0 dB),

and the gain of a generic reflected path evaluated through the

bistatic RCS cannot carry more power than its corresponding

free-space path loss (FSPL). Since the FSPL of a reflected path

is always smaller than that of the LoS, the magnitude of any

channel coefficient is also bounded by 1. We underline that this

does not imply that the magnitude of the channel coefficient of

the LoS is always greater than that of the reflected paths. This

is due to the fact that the h1 ∼ CN (0, 1), i.e., its magnitude is

Rayleigh distributed, and, of course, can take values smaller

than those given by the FSPL or the RCS-based loss in (6).

5) Correlation Among Paths: The TDL models that have

been proposed in the literature generally assume that each

propagation path is independent of the others. However, in

high-speed vehicular environments, we expect a high degree

of correlation among paths, particularly from closely located

reflective vehicles. Thus, we aim to demonstrate that, in a

highway environment, both Doppler shifts and, to a lesser

extent, channel gains, exhibit significant correlation across

different paths, especially those associated with shorter delays.

To investigate this correlation, we empirically estimate the

Pearson correlation matrix for both Doppler shift and chan-

nel gain samples. In our default scenario, with an expected

number of paths P=28, the correlation in Doppler shifts

among approximately the first 16 paths is indeed evident,

as highlighted in Fig. 6, which depicts the estimated Pearson

correlation matrix for the Doppler shifts across different paths.

Although this observation has been made by analyzing only

the scenarios where the receiver is approaching the PoA,

we remark that the scenarios where the receiving vehicle is

departing from the PoA yielded the same Pearson correlation

matrix. Measurement campaigns have also suggested correla-

tion among multipath components in vehicular scenarios. In

particular, [45] shows that Doppler profiles associated with

closely spaced delay bins have very similar shapes.
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Fig. 6: Pearson correlation matrix of Doppler shifts across

different propagation paths.

The Pearson correlation matrix is also presented for the

channel gains of different paths in Fig. 7. The result reveals

a non-negligible correlation among the first 10 paths, even

though the level of correlation is much lower than that

observed above for the Doppler shifts.
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Fig. 7: Pearson correlation matrix of channel gains across

different propagation paths.

The high correlation of Doppler shifts across paths reduces

channel diversity, highlighting that, as mentioned, reflected

components in high-mobility vehicular scenarios are inherently

correlated. Therefore, models like EVA, in which all paths are

independent, are unsuitable for highway scenarios.

In conclusion, to highlight our findings, we summarize in

Table II the key differences we observed between the V-CORE

and the EVA model.

V. THE V-TDL MODEL

We now introduce the proposed Vehicular-Tapped Delay-

Line (V-TDL) model, tailored specifically for high-mobility
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TABLE II: Comparison between EVA and V-CORE

Feature EVA V-CORE

Doppler shift distribution Jakes Gaussian

Channel magnitude distribution Rayleigh Rayleigh

Correlation of Doppler between paths No High

Correlation of Gains between paths No Low

vehicular scenarios. Building on the statistical analysis of the

V-CORE, the GBSCM model (see Section IV), our V-TDL

model (i) aims to achieve the same high level of accuracy

as a geometric model, while (ii) retaining the same level of

implementation and use simplicity as a stochastic model.

Based on the results obtained through our analysis presented

above, we design V-TDL in such a way that it generates

channel realizations where the delays of different paths are

fixed. Instead, Doppler shifts and channel coefficients follow a

multivariate Gaussian distribution, accounting for the correla-

tion among the multipath components. Below, we specify how

these distributions are modeled and how they are influenced by

the vehicular traffic scenario and road geometry parameters.

A. Collection of Statistics from the V-CORE Model

We collect samples of paths delays, Doppler shifts, and

channel coefficients using the V-CORE channel model under

27 different configurations. Such configurations are given by

all possible combinations of three system parameters, namely,

the carrier frequency fc, the average inter-vehicle distance µd,

and the number of lanes NL, each taking three distinct values

(see Table III). Then, for each triplet (fc, µd, NL), we use the

collected samples to empirically estimate the corresponding

distributions of delays, Doppler shifts, and channel gains of the

different multipath components. Specifically, we characterize

how these distributions and their mean and covariance matrix

depend on the triplet (fc, µd, NL). This final step yields the

V-TDL model, which enables the generation of the multipath

channel given any input triplet (fc, µd, NL). We validate our

model by comparing the distributions generated by V-TDL

with those empirically estimated under the same traffic condi-

tions (i.e., values taken on by the (fc, µd, NL) parameters).

TABLE III: V-CORE input parameters

fc µd NL

2GHz 30m 1

3GHz 110m 3

4GHz 190m 5

During the samples collection, independently from the

triplet (fc, µd, NL), vehicle velocities vary between 70
and 160 km/h. Specifically, on lane ℓ∈{1, . . . , NL}, they

are randomly extracted following the uniform distribution

U(v
(min)
ℓ , v

(max)
ℓ ) where

v
(min)
ℓ =

{

70 km/h if NL=1
ℓ−1

NL−1 · 60 + 70 km/h otherwise
(7)

and

v
(max)
ℓ =

{

160 km/h if NL=1

v
(min)
ℓ + 30 km/h otherwise.

(8)

As the size of the vehicle influences the bistatic RCS, we

account for the vehicle’s length, i.e., the dimension along its

main axis. Let Lℓ be the length of a vehicle traveling on lane ℓ
and ∆={16.0, 6.0, 4.4}m the set of possible vehicle lengths.

Then Lℓ is drawn according to the following probabilities:

P(Lℓ=∆(i))=

{

0.2 ·NL if i=1

0.5 · (1− 0.2 ·NL) if i ∈ {2, 3} (9)

if ℓ=1,

P(Lℓ=∆(i))=

{

0 if i=1

0.5 if i ∈ {2, 3} (10)

if ℓ > 1. We thus obtain that, on average, 20% of the vehicles

have the maximum length, representing large trucks, and they

can only travel on the first (i.e., the slowest) lane. All the other

road parameters are set as indicated in Table I.

Once samples from different scenarios are collected, we use

them to develop the V-TDL model, as detailed next.

B. Modeling Doppler Shifts

We start by modeling the Doppler shift distribution within

V-TDL. For simplicity, we consider the case in which the

receiver approaches the PoA (the case where the receiver

moves away from the PoA provides symmetric results).

Let us denote by ν+ ∈ R
P the Doppler shift vector, whose

component ν+(p), for p=1, . . . , P , represents the Doppler

shift of the p-th propagation path.

As previously mentioned, the Doppler shift obtained

through the V-CORE model is well approximated by a Mul-

tivariate Gaussian distribution. Thus, ν+ can be modeled as:

ν+ ∼ N (µν ,Σν) (11)

where µν∈RP is the mean vector, and Σν ∈ R
P×P is the

covariance matrix.

To characterize the mean vector and the covariance ma-

trix, we first analyze the average Doppler of the LoS path,

i.e., µν(1). Fig. 8 shows (solid lines) the estimated Average

Doppler shift of the LoS path. As expected, the Doppler shift

increases linearly with the carrier frequency.

Therefore, we can express µν(1) as a·fc, where the angular

coefficient a depends on the average distance between vehi-

cles, µd, and the number of lanes, NL. It is important to note

that the intercept is zero since we expect the Doppler shift to

be zero when the carrier frequency is zero.

We adopt a second-degree polynomial regression to model

the estimated curves, expressing the angular coefficient as:

a=p1 + p2NL + p3µd + p4N
2
L + p5NLµd + p6µ

2
d . (12)

After fitting, we get:

p1=3.063× 10−3 p2=1.180× 10−2

p3=7.214× 10−4 p4=− 1.576× 10−3

p5=1.227× 10−5 p6=− 1.977× 10−6 .
(13)

In (13), to avoid confusion, we omitted the units of measure-

ment. However, we emphasize that this expression for a is

valid when the carrier frequency, fc, is expressed in GHz,

the average distance between vehicles, µd, is in meters, and
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Fig. 8: Average Doppler shift of the LoS path (solid lines),

fitted using the V-TDL model (dashed lines).

the Doppler shift, µν(1), is in kHz. Dashed lines in Fig. 8

represent the modeled µν(1)=afc, demonstrating that the V-

TDL model accurately approximates the estimated curves.

Next, we consider the nLoS paths. The blue lines with

circular shaped markers in Figures 9, 10 and 11, show the com-

ponents of µν as estimated in all the 27 triplets (fc, µd, NL).
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Fig. 9: Average Doppler shift across scenarios with NL=1
(blue markers), fitted using the V-TDL model (black dashed

lines).

Trying to model all the scenarios would be overly complex

and impractical. Thus, we make the following approximations.

First, we impose that, in all scenarios, the average Doppler

shift of the P -th path is equal to 0 kHz. As shown by the results

in Figures 9, 10, and 11, this assumption holds for the majority

of the scenarios. Second, we assume that the derivative of all

the curves is approximately zero when evaluated for the first

path, which, again, is a reasonable approximation since, for the

first path, the slope is negligible in all the considered scenarios.

We then model the average Doppler shift across paths using

a fourth-degree polynomial of the following form:

fν(p) , α1p
4 + α2p

2 + α3 (14)
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Fig. 10: Average Doppler shift across scenarios with NL=3
(blue markers), fitted using the V-TDL model (black dashed

lines).
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Fig. 11: Average Doppler shift across scenarios with NL=5
(blue markers), fitted using the V-TDL model (black dashed

lines).

where p=1, . . . , P is the discrete path index, but in (14), it

is relaxed to a continuous variable over the interval [1, P ] to

enable curve fitting.

According to our previous observations, the polynomial

coefficients must satisfy the following conditions:











fν(1)=µν(1)

fν(P )=0
dfν
dp

∣

∣

p=1
=0

(15)

which leads to the below explicit equations:











α1 + α2 + α3=a · fc
α1P

4 + α2P
2 + α3=0

4α1 + 2α2=0 .

(16)

If P>1, this system admits a unique solution for α1, α2, and
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α3, which is given by:


















α1=
−a·fc

(P 2−1)2

α2=
2a·fc

(P 2−1)2

α3=
a·fc·P

2·(P 2−2)
(P 2−1)2 .

(17)

As a result, the V-TDL model expresses the average Doppler

shift of the different paths as:

µν(i)=fν(i), i=1, . . . , P (18)

with fν(p) computed according to (14) and (15).

Black dashed lines in Figures 9, 10, and 11 show the

average Doppler component curves generated with V-TDL.

When compared against the empirical estimated curves (blue

markers), it is clear that we get a less accurate representation.

However, our approach enables us to easily model the average

Doppler shift of all paths given any triplet (fc, µd, NL) as

input, while still retaining a sufficient level of accuracy.

Next, we model the covariance matrix Σν . First, we assume

that the diagonal elements are equal to the variance given by

the “3σ” rule. This assumption might seem too simplistic;

however, as we previously argued, what truly affects the

system performance is the correlation among the different

paths. The “3σ” rule ensures a probability of 0.9973 that

the Doppler shift of the LoS path remains below νmax, as

expressed by:

P(µν(1)− 3σν ≤ ν+(1) < µν(1) + 3σν) ≈ 0.9973 . (19)

Since µν(1) is positive, the stricter bound to guarantee is:

ν+(1)<µν(1)+3σν , i.e., νmax=µν(1)+3σν , which leads to:

σν=(νmax − µν(1))/3 . (20)

The maximum Doppler shift can be expressed as

νmax,v
max/λc with vmax being depending on the consid-

ered scenario. However, in our experiments, we set vmax to

160 km/h to keep it consistent with the velocity limit on

highways. Also, for the sake of brevity, in our plots we

present the results only for the scenarios with NL=3, as

they effectively represent the overall trend. Fig. 12 (blue lines

with markers) illustrates the estimated Pearson correlation

coefficients between the Doppler shift of different paths and

the LoS path.

The curves are well approximated by the following algebraic

Sigmoid function:

gν(p) ,
1

2
− (p− β2)

√

β1 + 4(p− β2)2
(21)

where p=1, . . . , P denotes the path index (again relaxed to a

continuous variable). Based on the behavior of the curves, we

impose the following constraints:
{

gν(1)=0.99

gν(P )=0.01
(22)

which leads to the solution:






β1=
99(P−1)2

2401

β2=
P+1
2 .

(23)
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Fig. 12: Doppler shift Pearson correlation coefficient with LoS

path, across scenarios with NL=3 (blue lines with markers),

fitted using the V-TDL model (black dashed lines).

Fig. 12 shows (black dashed lines) the resulting approximation

given by gν(p).
What is still missing is the correlation between paths j and

k when both are different from 1, where we remind that “1”

denotes the LoS path. Looking at Fig. 6, the yellow square-

like shape suggests approximating their Pearson correlation as

the minimum of the correlations between path j and 1 and

that between path k and 1. The minimum is used because

the physics of the system suggests that the highest correlation

always occurs with the LoS path. In other words, multipath

components j and k are correlated with each other because

they are both highly correlated with the LoS component.

Then, based on the above observations, the V-TDL model

expresses the covariance matrix of the Doppler shift as:

Σν(i, j)=































σ2
ν if i=j

σ2
ν · gν(j) if i=1 ∧ j > 1

σ2
ν · gν(i) if i > 1 ∧ j=1

σ2
ν ·min{gν(i), gν(j)} otherwise

(24)

where i, j=1, . . . , P and gν(p) computed according to (21)

and (23).

Finally, once ν+ has been generated according to (11), the

V-TDL model expresses the Doppler vector as:

ν , (2X − 1) · ν+, X ∼ B(1/2) (25)

where B denotes the Bernoulli distribution. Eq. (25) aims to

account for the bimodal behavior observed in Fig. 4, where the

“positive” and “negative” Gaussians have the same probability

of occurrence.

C. Modeling the Number of Paths

We now model the average number of paths, E[P ], ac-

cording to the input traffic triplet (fc, µd, NL). Fig. 13 (solid

lines) shows the estimated average number of paths against the

average distance between vehicles, µd. In this analysis, we fix
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the carrier frequency fc to 3 GHz, as the effect of the carrier

frequency on the number of paths is negligible.
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Fig. 13: Average number of paths, across scenarios with fc=3
GHz (solid lines), fitted using the V-TDL model (black dashed

lines).

Using a similar approach to the one used for modeling the

Doppler shift, the V-TDL model approximates E[P ] using the

following first-degree polynomial:

E[P ]=γ1 · µd + γ2 (26)

where γ1 and γ2 are given by:
{

γ1=0.0070 ·N2
L − 0.0563 ·NL − 0.0320

γ2=− 1.6068 ·N2
L + 14.1875 ·NL + 10.3568 .

(27)

The black dashed lines in Fig. 13 show that the V-TDL

model accurately approximates the average number of paths

for different traffic conditions. Once E[P ] has been deter-

mined, then we set P=⌊E[P ]⌉.

D. Modeling the Average Delays

The V-TDL model assigns a fixed delay to each path. Fig. 14

(blue circular markers) presents the estimated average delays

for different traffic scenarios.
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Fig. 14: Average delay across scenarios with NL=3 (blue

markers), fitted using the V-TDL model (black dashed lines).

The trend follows a power-law behavior, which we approx-

imate using the function:

tτ (p) , ε1 · (p− 1)ε2 (28)

where p=1, . . . , P denotes the path index (again relaxed to a

continuous variable). We impose the following two conditions:






tτ (P )=τmax

dtτ
dp

∣

∣

p=P
=D̄ τmax

P

(29)

where τmax represents the delay spread, which coincides with

the delay of the last path since paths are ordered in increasing

delay. The term D̄ is the average normalized derivative,

empirically estimated as 7.7601 across all 27 scenarios:

D̄ , E

[

P

τmax

dtτ
dp

∣

∣

∣

p=P

]

=7.7601 . (30)

Eq. (29) simplifies to the following explicit form:
{

ε1(P − 1)ε2=τmax

ε1ε2(P − 1)ε2−1=D̄ τmax

P .
(31)

This leads to the following solution:






ε1=e
(P ·ln (τmax)+D̄·(1−P )·ln(P−1))/P

ε2=D̄
P−1
P

(32)

where the term τmax in (32) is normalized to (1 ns), to ensure

that the argument of the logarithm is dimensionless.

As a result, the V-TDL model expresses the delays of the

different paths as:

τi=tτ (i), i=1, . . . , P (33)

with tτ (p) computed according to (28) and (29).

The delay spread τmax can be selected according to the

specific scenario, where suggested values for typical propaga-

tion environments can be found in [46]. Fig. 14 (black dashed

lines) shows the modeled delays and that V-TDL accurately

approximates the estimated average delays.

E. Modeling the Average Path Power

Next, we model the average power of different paths relative

to the LoS component (set at 0 dB), i.e.,

E
[

|hi|2
]

, i=2, . . . , P. (34)

As the first step, we analyze the impact of traffic parameters

on the average power of the 2-nd path. Fig. 15 (solid lines)

illustrates the estimated E[|h2|2] for different values of fc and

µd. Again, due to its limited impact on the power distribution,

in our results we fixed the NL parameter to 3.

The curves can be approximated by a linear model:

E
[

|h2|2
]

=b · fc + q (35)

where the coefficients b and q are given by:






















b = −9.60× 10−7 · µ2
d − 2.03× 10−5 · µd

+9.54× 10−2

q = 8.10× 10−7 · µ2
d + 3.45× 10−4 · µd

−1.20× 10−1 .

(36)
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Fig. 15: Average power of the 2-nd path across scenarios with

NL=3 (lines with blue markers), fitted using the V-TDL model

(black dashed lines).

Fig. 15 (black dashed lines) shows that the V-TDL model

accurately approximates the average power of the 2-nd path.
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Fig. 16: Average power of different paths across scenarios

with NL=3 (blue lines with markers), fitted using the V-TDL

model (black dashed lines).

Now, we extend our analysis to the remaining paths. Fig. 16

(blue lines with circular markers) illustrates the estimated

average power across different paths. Such a trend can be well

approximated by the following polynomial expression:

J(p)=z1 · p3 + z2 · p2 + z3 · p+ z4 (37)

where p=2, . . . , P is the path index. The polynomial coeffi-

cients are determined by imposing the following constraints:


































J(2) = E
[

|h2|2
]

J(P ) = c0

J(p0) = E
[

|h2|2
]

/d0

dJ

dp

∣

∣

∣

∣

p=p0

= 0

(38)

where c0=0.0032 (equivalent to −25 dB) represents a typical

threshold on the dB gap in power levels between the weakest

detectable path and the LoS path adopted in channel mod-

els [46]. Consistently, the highway measurement campaign

in [24] reports power delay profiles that remain above −25 dB

dB with respect to the LoS. The parameters p0 and d0 are

chosen as the closest rational values that minimize the mean

squared error between the estimated and modeled average path

powers, resulting in p0 = (11/30)·(P+2) and d0 = 6. Solving

the system in (38) yields the expressions shown in (39), valid

for P > 2.

As a result, the V-TDL model expresses the average power

across paths as:

E
[

|hi|2
]

dB
=10 log10 J(p), p=2, . . . , P (40)

and E
[

|h1|2
]

dB
=0 dB. Fig. 16 (black dashed lines) illustrates

the resulting average power profile (in linear scale) obtained

using the V-TDL model.

F. Channel Realizations

Once all the model parameters have been computed, V-TDL

can be used to generate a new channel realization for each

transmitted frame. Each realization consists of P paths, each

characterized by the delay τi, the Doppler shift νi, and the

channel coefficient hi for i=1, . . . , P . The number of paths

and the paths delay are fixed and computed as described in

Sections V-C and V-D. The Doppler shifts are drawn from the

multivariate distribution outlined in Section V-B. Finally, the

channel coefficients are assumed to follow a circularly sym-

metric complex Gaussian distribution: hi ∼ CN (0,E
[

|hi|2
]

),
where E[|hi|2] modeled as in Section V-E. This assumes that

the channel coefficients of different paths are independent,

a simplification supported by the results in Fig. 7, which

indicates a (small) correlation only for the first few paths.

G. Complexity

When compared to V-CORE, V-TDL exhibits very low

complexity, since it does not require populating a road or

computing the bistatic RCS for all reflectors. Relatively to

simple TDL models such as EVA, V-TDL has instead higher

complexity, mainly because of the generation of correlated

Doppler shifts using the precomputed Cholesky decomposition

of the covariance matrix – an operation that scales quadrati-

cally with the number of paths. However, since the number of

paths in typical channel models is small, the complexity of V-

TDL remains very modest, i.e., the use of V-TDL introduces

just a minor overhead in the overall channel emulation process.

VI. NUMERICAL RESULTS

This section first compares the V-TDL model to the V-

CORE and EVA models, evaluating the performance of the

OFDM and OTFS modulations and analyzing the factors that

lead to performance differences across the various channel

models (Sec. VI-A). It then analyzes how OTFS perfor-

mance is influenced by different degrees of path correlation

(Sec. VI-B). Finally, it evaluates how channel diversity and

OTFS performance vary with different system bandwidths

(Sec. VI-C).
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z1 = [(1 − d0)E0(P − p0)
2
+ (d0c0 − E0)(p0 − 2)

2
]/(d0D0)

z2 = [(d0 − 1)E0P
3
− 3(d0 − 1)E0Pp

2

0
+ (2d0E0 − 2d0c0)p

3

0
+ (6d0c0 − 6E0)p

2

0
+ 8(E0 − d0c0)]/(d0D0)

z3 = [2(1 − d0)E0p0P
3
+ 3(d0 − 1)E0p

2

0
P

2
+ (−d0E0 + d0c0)p

4

0
+ 12(E0 − d0c0)p

2

0
− 16(E0 − d0c0)p0]/(d0D0)

z4 = [E0P
3
(d0p

2

0
− 4p0 + 4) + E0P

2
(−2d0p

3

0
+ 6p

2

0
− 8) + E0P (d0p

4

0
− 12p

2

0
+ 16p0) − 2d0c0p

2

0
(p0 − 2)

2
]/(d0D0)

(39)

where D0 = (P − 2)(P − p0)
2
(p0 − 2)

2
, E0 = E

[

|h2|
2
]

.

TABLE IV: Parameters for V-CORE and V-TDL

PARAMETER VALUE

V-CORE

G1 Same parameters as in Table I

G2 Number of lanes NL 5

vmin

ℓ
{70, 85, 100, 115, 130} km/h

vmax

ℓ
{100, 115, 130, 145, 160} km/h

Veh. length in each lane Lℓ {16.0, 6.0, 6.0, 6.0, 4.4} m
Ave. dist. between veh. µd 40 m
Safety dist. between veh. Ds 15 m

V-TDL

G1 Number of lanes NL 3
Ave. dist. between veh. µd 80 m
Delay Spread τmax 4500 ns
Maximum velocity vmax 160 km/h

G2 Number of lanes NL 5
Ave. dist. between veh. µd 40 m
Delay Spread τmax 4500 ns
Maximum velocity vmax 160 km/h

A. OTFS vs. OFDM

We compare the OTFS and OFDM modulation schemes

under (i) the proposed V-TDL model, (ii) the geometry-based

stochastic model V-CORE, and (iii) the EVA model. For V-

CORE and V-TDL, we consider two traffic scenarios, named

G1 and G2, with the latter being more complex due to higher

traffic intensity and a greater number of lanes than the former.

The model parameters for both V-CORE and V-TDL are listed

in Table IV, with missing parameters for V-CORE set as in

Table I. The sole parameter for EVA is the maximum vehicle

speed, which is set to 160 km/h.

We outline the key assumptions of our analysis below, and

summarize the OFDM/OTFS parameter settings in Table V.

1) Integer Delay Values: Given a system with bandwidth

B and frame duration Tf , the normalized delays and nor-

malized Doppler shifts are defined as ℓi,τiB and κi,νiTf ,
respectively. The set of distinct normalized delays is given

by L = {ℓi : i=1, . . . , P} and it is commonly assumed that

L⊂N. Notice that this assumption typically does not hold for

the Doppler shifts.

2) Channel Estimation: We assume that channel state infor-

mation is known at the receiver. This means that the receiver

has knowledge of the noise variance σ2, the complex channel

coefficients hi, the normalized delays ℓi, and the normalized

Doppler shifts κi for each path i.
In practice, the receiver cannot differentiate between phys-

ical paths that map to the same delay-Doppler bin. Conse-

quently, two paths i and j that satisfy ℓi=ℓj and ⌊κi⌉=⌊κj⌉

TABLE V: System parameters

PARAMETER VALUE

Bandwidth, B 15.36 MHz
Delay bins (subcarriers), M 512
Doppler bins (time slots), N 128
Subcarrier spacing, ∆f 30 kHz
Frame duration, Tf=N/∆f 4.2 ms
Carrier frequency, fc 3.6 GHz
Data modulation 4-QAM (uncoded)

are not resolvable and can be combined into a single equivalent

path k with an aggregated complex gain hk=hi+hj . The

remaining distinct paths are indexed from i=1 to P ∗, where

P ∗≤P represents the number of resolvable paths.

3) Geometric Channel Coherence Time: We assume that

the delay-Doppler channel response remains constant over the

duration of an entire frame. As outlined before, with M=512
and ∆f=30 kHz, the path length resolution of the system

is c/(M∆f)≈19.5m. If N=128, the total frame duration is

Tf=N/∆f=4.3ms. Under these conditions, a vehicle moving

at 160 km/h travels less than 0.2m during one frame, which

is significantly below the system path length resolution. This

indicates that the frame duration is shorter than the geometric

coherence time, allowing both the delay and the Doppler to be

considered constant over the entire frame – a key assumption

for the application of OTFS.

4) Signal-to-Noise Ratio: The average SNR is defined as:

SNR =
Es

σ2
E
[

‖h‖2
]

, ‖h‖2=
P∗

∑

i=1

|hi|2 (41)

where Es denotes the average symbol energy. Since the

considered channel models are subject to random fading,

the SNR varies from frame to frame. The definition of the

average SNR in (41) aligns with that of a multiple-input single-

output (MISO) system when using maximum-ratio transmis-

sion (MRT) precoding [47, Ch. 3]. Similarly, in OTFS, MRC

ensures the coherent combination of multipath components,

achieving an analogous gain.

5) Detection: As discussed in Section III, we employ min-

imum mean square error (MMSE) single-tap equalization for

OFDM and delay-time MRC detection for OTFS.

Fig. 17 illustrates the performance in terms of Frame Er-

ror Rate (FER) versus the average SNR, where a frame is

considered erroneous if at least one bit within the frame is

received incorrectly. Notice that OTFS outperforms OFDM

under all considered models and scenarios. Concerning the

EVA model, OTFS gains approximately 5 dB over both V-

CORE and V-TDL. In fact, as highlighted in the previous
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Fig. 17: FER vs. SNR: Comparison between OFDM and OTFS

under the V-CORE and V-TDL models in different scenarios,

and the EVA model.

sections, EVA considers the different taps to be completely

independent, and as a consequence, the channel diversity

is increased. However, geometry-based simulations under V-

CORE show high correlations between propagation paths,

mainly due to the road geometry extending predominantly

along the horizontal direction. As previously observed, this

causes multiple paths originating from surrounding vehicles

to fall into the same bin, thereby reducing channel diversity.

Furthermore, the V-CORE power-delay profile (characterized

by the bistatic RCS of reflective vehicles) decays more rapidly

than the EVA one. As a result of the above considerations, the

EVA model overestimates OTFS performance in high-speed

vehicular scenarios.

Conversely, the proposed V-TDL in G1 and G2 is able to

closely approximate the OTFS performance of the correspond-

ing G1 and G2 scenarios under the V-CORE model, where

OTFS performs better in G2 than in G1 due to the higher

traffic intensity, which leads to greater diversity. We recall that

V-TDL, unlike V-CORE, uses a fixed number of paths. While

this may introduce some bias during the collection of statistics,

the similar system performance observed under both models

indicates that fixing the number of paths does not significantly

reduce the fidelity of the performance evaluation.

The simulation results show that our V-TDL model effec-

tively captures the typical correlation in vehicular propagation

environments, distinguishing different levels of channel diver-

sity based on traffic intensity. This variation is then reflected

in the OTFS performance across the different scenarios.

Also, it is interesting to observe that OFDM exhibits exactly

the opposite trend across the different channel models and

scenarios: unlike OTFS, the more diversity there is, the more

OFDM struggles with ICI.

B. OTFS Performance under Different Correlation Levels

One of the main features of the proposed V-TDL model is

that it captures the correlation between multipath components,

which unavoidably degrades the performance of the OTFS

system. To further investigate how correlation affects OTFS

performance, we propose three slightly modified versions of

the original EVA channel model (denoted as EVA-1, EVA-2,

and EVA-3), where we introduce different degrees of correla-

tion between the multipath components. Specifically, in EVA-1

the paths are fully independent as for EVA, but the Doppler

shifts are distributed according to the marginal distributions

of the Doppler shifts of the first nine paths of the V-TDL

model in G1. EVA-2 is the same as EVA-1, except that the

path delays are scaled by a factor of two, thus only increasing

the correlation between the path delays. EVA-3 is identical

to EVA-2, except that the Doppler shifts follow the joint

distribution of the first nine paths of the V-TDL model in G1,

including the off-diagonal covariance terms; therefore, both

the path delays and the Doppler shifts are correlated. All three

models share the same power delay profile as EVA.

In the following, we compare the OTFS system (Table V)

performance under the three new variants of the EVA model.

Results are shown in Fig. 18. EVA-1 performs similarly to the

original EVA model, indicating that the specific Doppler shift

distribution is not critical; rather, what matters is that the paths

are uncorrelated. EVA-2 loses approximately 2 dB with respect

to EVA-1, and EVA-3 experiences a similar loss relative

to EVA-2. These results confirm that increasing correlation

among multipath components degrades OTFS performance.
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Fig. 18: FER vs. SNR: OTFS under the EVA model with

different levels of correlation among paths.

C. OTFS Performance under Different System Bandwidths

Another important factor that affects channel diversity is

delay resolution, which is inversely proportional to system

bandwidth B=M∆f . In this analysis, we compare the OTFS

performance under the EVA model and the V-TDL model

in scenario G1, while varying the system bandwidth. We

test three different configurations M=32, 128, 512, keeping all

other parameters as in Table V. To ensure a fair comparison,

we cannot consider the Frame Error Rate, since different

values of M lead to different frame sizes when N is fixed.

Therefore, we measure the OTFS Symbol Error Rate (SER),
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i.e., the error rate of the rows in the delay-Doppler domain

matrix Xdd, whose size N is fixed across the three bandwidth

settings. Results are shown in Fig. 19, demonstrating that for

lower bandwidth values, OTFS performance decreases due to

the reduced delay resolution of the receiver, which translates

into lower perceived channel diversity.
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Fig. 19: OTFS SER vs. SNR: OTFS under EVA and V-TDL

model in G1 with different values of system bandwidth.

VII. CONCLUSION AND FUTURE WORKS

We proposed the vehicular tapped delay-line (V-TDL)

channel model, designed to accurately capture the dynamics

of high-speed vehicular environments. The V-TDL model

combines the simplicity of fixed-tap models with a precise

statistical representation of key parameters such as delays,

Doppler shifts, and channel gains. Our results demonstrate

that V-TDL achieves the same level of accuracy as a – much

more complex – ray-tracing-based model. Importantly, unlike

existing stochastic models, which assume independent taps

and tend to overestimate performance, our model captures

the correlation between multipath components. This is a very

relevant feature of the proposed model, as such a correlation

can lead to a significant variation of the communication sys-

tem performance. We highlighted how the system bandwidth

affects the channel diversity perceived by the receiver, thereby

impacting OTFS performance. Nevertheless, our results show

that OTFS outperforms OFDM in all considered vehicular sce-

narios, particularly in environments with high traffic intensity

and large delay spreads, which enhance channel diversity.

Our study paves the way for several research directions

that can be pursued to further improve the proposed model.

These include: (i) considering a wider variety of bistatic RCS

measurements, for instance by incorporating diverse vehicle

shapes and varying elevation angles between the transmitter

and receiver antennas; and (ii) extending the model to account

for fractional delays. Furthermore, since our results highlight

the significance of path correlation, it would be valuable to

investigate how this correlation can be exploited in the design

of novel detection algorithms for OTFS systems.
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