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Abstract—Most of the existing works on vehicle-to-everything
(V2X) communications assume some deterministic or stochastic
channel models, which is unrealistic for highly-dynamic vehicular
channels in urban environments under the influence of high-speed
vehicle motion, intermittent connectivity, and signal attenuation
in urban canyon. Enabled by the concept of digital twin, the
digital replica of a real-world physical system, this paper proposes
a city-model-aware deep learning algorithm for dynamic channel
estimation in urban vehicular environments. Specifically, the
digital twin simulation allows us to accurately model radio ray
reflection and attenuation in urban canyon, and the data can be
supplemented and validated with empirical measurements. Our
results indicates that the city-model-aware deep neural network
(CMA DNN) estimator performs much better than conventional
methods and has more than 32% improvement in BER when
compared with generic DNN approaches that do not take the
3D city model into account. Since some geometry-based models
like ray-tracing techniques used in the digital twin simulation for
dynamic channel modeling could be computational expensive, we
also propose a basis expansion model (BEM) approach to simplify
the computation load of the overall methodology to gain a good
balance between accuracy and timeliness.

Index Terms—Digital Twin, Vehicular Networks, Deep Learn-
ing, Channel Estimation.

I. INTRODUCTION

Channel estimation has a pivotal role in signal detection and
data recovery in Orthogonal Frequency Division Multiplex-
ing (OFDM) wireless communication systems. The existing
literature on channel estimation is roughly divided into two
categories: the conventional algorithms that are based on
channel statistics [1], such as the least square (L.S) and linear
minimum mean square error (LMMSE) methods; the others
are deep neural network (DNN) based approaches [2], [3], [4].
Recently, a considerable amount of literature has been pub-
lished on deep learning for wireless communications. These
studies include channel estimation and signal detection [5],
network security problems [6], and channel state information
(CSI) feedback [7]. In the literature on channel estimation, the
DNN is trained as an estimator that performs as the receiver
in the communication system to retrieve the transmitted data.
To achieve high-quality estimation, both types of estimators
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rely on inserting pilots [8] according to a pre-set format
(e.g., block, comb, lattice, etc.), especially the conventional
ones. However, the use of a large number of pilot tones will
critically consume the energy and bandwidth for the trans-
mission of data symbols. To address this issue, Abdelhamid
et al. [9] investigated an LS-based decision feedback channel
estimation that reduces 76% of the pilots’ power compared
to the conventional LS approach. However, several studies
[10] [11] indicated that the wireless channels for vehicular ad-
hoc networks (VANETS) are far more problematic to estimate
due to the high-speed motion and intermittent connectivity
within vehicles, which may lead to the failure of meeting
various green communication requirements. In general, highly
accurate channel estimation and signal detection will facilitate
the implementation of various cooperative driving strategies
(e.g., smart platooning, intelligent ramp merging), so as to
enable a smarter and safer transportation system for smart
cities.

The existing literature on channel estimation is extensive
and most of the works focus particularly on static OFDM
systems [12]. However, in highly-mobile vehicular networks,
the high-speed movement of vehicles causes Doppler fre-
quency shift as well as carrier frequency offsets (CFOs)
[13], resulting in inter-carrier interference (ICI) in addition to
multipath transmissions in urban canyon environments [14].
Furthermore, a large body of work in the VANET literature
is based on link-layer simulations [15], and most of them
assume some deterministic or stochastic radio propagation
models like Rayleigh fading in wireless communications [16].
There is a relatively small body of literature that considers
realistic building effects in urban areas. The novelty of this
paper is to consider the high mobility and 3D urban canyon
effect for V2X communication channels and customize a
channel estimation methodology combining the digital twin
(DT) and deep learning concepts. With the aid of the complex-
exponential basis expansion model (CE-BEM) [17], a better
trade-off between BER and computational complexity can be
achieved to allow the DT to run efficiently.

The digital twin has emerged as a cyber 3D platform for
representing a physical system, which takes realistic data of
physical entities in terms of their properties and parameters
and various sensor data as inputs, and predicts the future states
of the system based on simulation tools and machine learning
methods. The concept of DT was first articulated by Jiaju et al.
in the field of aerospace engineering [18] and popularised in
Industry 4.0 for various manufacturing processes. This paper
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combine the concept of DT with various vehicular networking
and traffic modeling techniques and develop a platform for
joint transport and communications simulation in a 3D virtual
game environment that can accept real-time human driver
inputs.

Overall, the main contributions of this work are as three-
fold:

i) We present the utilization of a digital twin system
that integrates the 3D virtual urban environment, traffic
simulation and network simulation in the cyber world,
and real automobile or driving simulator in the physical
world. It serves as a test bench for the dynamic vehicular
channel estimation problem in this work, and such a
cyber-physical system (CPS) can be used to facilitate
the design and optimization of different models and
algorithms in vehicular networks and intelligent trans-
portation systems (ITS).

ii) We propose a dynamic channel estimation approach
for V2X communications based on city-model-aware
(CMA) DNN, which takes into account the influence
of building blockage and attenuation in urban canyons
via a realistic 3D city model, ray-tracing technique, and
building penetration loss model in the digital twin. A
digital twin-enabled DNN channel estimation framework
is also presented. Our result shows that under the signal-
to-noise ratio (SNR) of 15 dB, the BER of the CMA
DNN estimator is reduced by more than 32% as com-
pared with the ordinary DNN estimator.

iii) We introduce the BEM for approximating high-speed
dynamic wireless channels to reduce the computational
and time complexity of CMA DNN and other channel
estimation algorithms, which can greatly reduce the
complexity of the digital twin simulation without affect-
ing the BER performance much. The proposed BEM
CMA DNN estimator reduces the simulation runtime
by more than 33% by sacrificing about 6.5% of BER
performance.

The structure of the paper is as follows. Section II introduces
the system model. Section III presents the implementation
of the digital-twin-enabled CMA DNN channel estimation.
Section IV compares the estimation results and computational
complexity. Finally, Section V concludes the paper.

II. SYSTEM MODELS

We consider a single-input single-output (SISO) vehicle-
to-infrastructure (V2I) communication scenario as shown in
Fig. 1. The base station (BS) is the transmitter and continu-
ously transmits signals to the moving vehicle i, which is the
mobile receiver.

A. Multipath Propagation Channel

In the dynamic wireless channel, the signals sent by the BS
experience multiple paths, each path encounters different path
gain and delay spread, then finally converges at the receiver
vehicle i. In Fig. 1, paths L; and L, shown in the figure
are the line of sight (LOS) path and building reflected paths
(NLOS), respectively. The transmitted signals suffer high delay

Fig. 1. The SISO V2I communication scenario

spread and doppler frequency shift at a scale of hundreds
of nanoseconds [19]. In this work, we consider a SISO V2I
scenario according to the wide-sense stationary uncorrelated
scattering (WSSUS) [20] channel of VANETS. Specifically,
the channel impulse response for node i can be described as

M (1)

h(r,1) = ) 61 = 1u(1)Gm(0), )

m=1

where 7 is the delay spread, ¢ denotes time. M (¢) is the total
number of propagation paths. For the m-th propagation path,
the complex channel gain is G, (t), which can be expressed

as
R
_ PO N o, j17]cos (Wi (0)-0)1
Gm(t)—w/TrZ:;e e - )]

where P,, (1) is the time-varying power, R is the total number
of radio ray components in a cluster. ®,, , is the random phase
parameter, which obeys the uniform distribution of [0, 27x].
v is the relative speed between i and BS, ¥, ,(t) is the
angle of arrival (AOA) of the r-th ray component, 6 is the
angle between the main path and the driving direction. In
this paper, we adopt the IMT-Advanced high-speed railway
channel standard [21] for setting the above parameters (i.e.,
P (1), 1, (¢) and M(7)).

B. Doppler Frequency Shift

The Doppler shift parameter is introduced in the simulation.
Assumed that in a very short time interval A¢, vehicle i moves
to position i, the BS transmits signals to i through radio ray,
which has the electromagnetic frequency f and wavelength A.
The phase change between i and i’ can be expressed as

27 |v|At
Ap = _2xplAs cos(6). 3)
The Doppler frequency shift is
[V| cos(6)
fas =———F “

A
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C. Conventional Channel Estimation Schemes

Conventional algorithms (e.g., LS, LMMSE) are considered
as the benchmarks. For the dynamic wireless channel in (1),
after performing the discrete Fourier transform (DFT) at the
receiver, the received signals can be represented as

Y, (k) = Hy (1.0 X, (k) + (k). 5)
where X, (k), H, (7, k), and (k) are the transmitted signals,
channel response, and the DFT of additive white Gaussian
noise (AWGN) respectively. The LS estimates the channel
without considering the noise given in (5), and the LMMSE
further minimizes the mean squar error (MSE) by the linear
weighting method based on the LS estimation.

III. DIGITAL-TWIN-ENABLED CITY-MODEL-AWARE DNN
CHANNEL ESTIMATION

In this section, we present the implementation of the city-
model-aware DNN (CMA DNN) dynamic channel estimation
approach based on a digital twin platform, where the digital
twin is customized according to the traffic experiment on
PolyU campus.

Road topology

Fig. 2. The Digital Twin for Vehicular Networks and ITS

A. Digital Twin for Vehicular Networks and Intelligent Trans-
portation Systems (ITS)

To the best of our knowledge, this is one of the first studies
that utilizes a digital twin paradigm for vehicular networks
and ITS. The proposed framework is illustrated in Fig.2.

1) The physical world: we employ a driving simulator
to imitate the ego vehicle, due to the cost for realistic on-
road experiments are expensive and it is hard to evaluate
the effect of individual parameters in different scenarios via
experiments. The driving simulator realizes the real-time con-
nection between the real world and the virtual world through
the game engine (i.e., Unity 3D). Besides, the experimental
data of traffic (e.g., vehicle status, sensor data) can also be
imported into the digital twin platform as reference data for
the simulation.

2) The digital (cyber) world: we use the open street map
(OSM) database to reconstruct the realistic street layout and
building information of Tsim Sha Tsui, Hong Kong, and utilize
this information to generate the stochastic traffic scenario
(e.g., stochastic vehicle types, traffic light system (TLS),
and automated driving) in the simulation of urban mobility
(SUMO). The vehicle trajectories and traffic information is
imported into the network simulation (based on OMNET++,
NS3, MATLAB, etc.) in real-time for simulating the vehicular
networks.

3) Simulation Loop empowered by the Traffic Control Inter-
face (TraCl): In the digital twin, the port that connects the 3D
virtual environment, traffic simulation and network simulation
is the TraCl, which uses the client/server architecture based
on transmission control protocol (TCP) to provide access to
SUMO in real-time. In our simulation loop, TraCl is utilized to
construct the bridges among the traffic simulation, the network
simulation, and the Unity 3D engine.

4) The Usage of Simulation Results: In this paper, the
digital twin is used as a tool to collect training datasets for
DNN channel estimators. By collecting simulated channel data
under different conditions (i.e., with building loss and without
building loss) and training corresponding DNN models, we
aim to improve the accuracy and efficiency of dynamic channel
estimation.

B. City-Model-Aware Channel Modeling

In this section, we propose a city-model-aware (CMA)
channel modeling approach that quantitatively considers the
reflection loss and penetration loss with respect to the build-
ings on PolyU campus, Tsim Sha Tsui, Hong Kong.

1) Building Reflection Loss: In the network simulation,
we divide signal paths into LOS and NLOS in the building
reflection loss model. We apply different loss calculation
models according to different radio propagation situations. In
the LOS situation, the two-ray ground reflection model is used
for signal loss. In the NLOS situation, the reflection model
uses the two-ray ground reflection model and the knife-edge
diffraction model.

The overall CMA loss model can be mathematically ex-
pressed as

Uod d
Uror| = (77 cos(w(t = =22))
LOS c
Uody dqy
+ Za] R, 4 cos(w(t — 7)) (6)
Uod d
+ Z D. ;e" cos(w(f — f)))
Uror|* 2%
p, =ttt = 7
48072 ™

where U,,; is the resultant electric-field envelope, R, is the
reflection coefficient of the a-th path, D, is the diffraction
coefficient of the e-th path, and P, is the received power.
We implement the network simulation accordingly, the
location is the intersection of Fong Shu Chuen Hall on PolyU
campus, which the simulation result is consistent with the
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empirically collected dataset in our previous work [22]. As
shown in Fig. 3(a), the red label is the BS, and the blue labels
denote the trajectory of a moving vehicle. By collecting the
transmitted and received signals along the trajectory, we obtain
the dataset for the CMA model, which contains the building
loss feature on the PolyU campus.

USRP N210"
Software
Defined Radio

_ -
(b) On-road V2I experiment with USRP on PolyU campus

Fig. 3. City-Model-Aware Simulation and Experiment

TABLE I
PENETRATION VALUE OF DIFFERENT BUILDING MATERIALS
No. Building Penetration Height Gain 2
Material Loss Value (dB) dB/Floor
1 Wood 4 Outdoor 7 dB
shadowing
2 Concrete and 7-15 Indoor 10 dB
Windows shadowing
3 Stone 12 External wall 5dB

2) Building Penetration Loss: In addition to the reflection at
buildings, the penetration effect also causes signal fading, and
the signal loss varies with respect to different materials [23].
In the network simulation, we take into account the building
penetration loss based on a module in NS3. We summarize
the building penetration value of different types of building
materials and antenna height gain in Table I, the building

penetration loss can be expressed as

[tuR1411(Cg, Cy), LOS
ItuR1411(CB, Cv) + NyaitBpen, NLOS
(®)

where Cp and Cy denote the coordinates of the BS and
vehicle i, respectively. ItuR1411(X,Y) is a propagation loss
model defined in NS3, N,, . denotes the number of walls of
the considered building, Bp., is the corresponding building
penetration loss as illustrated in TABLE 1.

As shown in Fig. 3(b), on-road V2I experiments based on
universal software radio peripheral (USRP) were conducted on
PolyU campus to collect experimental vehicular channel data
[22]. One set of the data is used in the training dataset for the
CMA channel modeling approach, and another set is used as
testing data to verify the performance of the proposed models.

Loss(pen) = {

C. Basis Expansion Model

Complex-exponential BEM (CE-BEM) has the advantages
of fast generation of basis vectors, independent of channel
statistics, and the orthogonality of basis vectors. Therefore, this
paper exploits CE-BEM for modeling high-speed vehicular
channels, the channel impulse response of the s-th symbol at
the n-th sampling point on the u-th tap in (1) can be expressed
as

0-1

ho(n0) = )" bugCsug ©)
q=0

=blcs., (10)

where hg(n,u) denotes the channel impulse response,
Q is the dimension of the compressed basis vector,
b, = [bn,o,...,bn,Q_l]T is the basis vector, and ¢, =
[C5,u,00 s €s.e.(0-1)] T is the coefficient vector of contrac-

tive basis. Since the CE-BEM is used, we have b,, =
2jn(g=Q)n
e Nsub | where Ng,p 1S the number of subcarriers. Let
&su = [hs(0,u),....,hs(N - 1,u)]T denote the channel re-

sponse vector of the s-th OFDM symbol on the u-th tap,

B =1y ® [bg,...by_1]" and ¢, = [csT’O,...,cST’U_l], then
we have

g =lglo el l” (11)

=Bep+¢, (12)

where g, denotes the channel impulse response of the s-th
OFDM symbol, and ¢ is the compression error of the BEM
model. The mathematical analysis in [24] shows that it is
reasonable to ignore the BEM compression error from the
perspective of receiver design. Because with the increase of
the dimension Q, the compression error constantly decreases.

By replacing the channel impulse response £, (7,t) in (5)
in the OFDM system transmission model with BEM, we have
the baseband OFDM transmission model based on the BEM
channel as follows

ys(t) = Ag(t)es (1) + w(t),

where A,(t) = F XSB is the observation matrix,
F is the discrete Fourier transform (DFT) matrix,

13)
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X, = [x§°),...,x§U‘“] is the set of diagonal matrices

of all transmission symbols in the s-th symbol with xgl) =

diag {[x (Ngyp — ), x(Ngyp —u+1),...,x(0), ..., x(s —u—1)]}.

Our experimental results indicate that the proposed ap-
proach can effectively reduce the complexity while greatly
maintain BER performance. The reader is referred to Section
IV. B for the channel estimation performance and complexity
analysis of various BEM approximation approaches.

D. DNN-based Channel Estimation

Basis Expansion Training Datasets
Model (BEM):
0-1 General dataset City-Model-Aware dataset
hg(n,u) = Z bngCsug o WINNER II models e Empirical measurements
=0 e Vienna LTE-A simulator | ® Ra}'-trac ing models
—ble o Building loss models
= “n%su
4 [ )
i 1
1
l Digital twin network
1 simulation
()
Hidden Layer 1
Input Layer Hidden Layer 2
3l idden Lave:
64 pilots Hidden Layer 3
64 pilots rc:lxl part Output Layer
symbols 64 pilots V=
E@2) imaginary part . . . M . _“)
: . . . . .
64 data . . .
64 data "‘-':‘1 part
symbols 64 data
imaginary part|
J
~| DNN
64 pilots
symbols
'I Y.(V(z) - V(2))?
48 data symbols Loss yse) = M D —
4 e Il
16 data symbols
Jd
(a) The Training Process of the DNN Estimator
Test Set .
On-road V2X experiment
o Empirical measurements with USRP on PolyU campus
Hidden Layer 1
Input Layer Hidden Layer 2
a i e
64 pilots Hidden Layer 3
64 pilots real part Output Layer
symbols 64 pilots, _
il‘m". V(z)
ginary part . N . . . —
! . . . . .
64 data . . . . .
64 data real part
'
symbols 64 data
imaginary part
J
DNN
64 pilots
symbols BER:
err =1 —tf.reduce_mean(t f.reduce_mean(
56 data symbols [«
_I tf.to_float(tf.equal(t f.sign(v_pred - 0.5),
data symbols tf.cast(tf.sign(v_true = 0.5),1f.float32))), 1))

(b) The Test Process of the DNN Estimator

Fig. 4. The DNN-based Channel Estimation Framework

In this paper, DNN is utilized to estimate the channel and
recover the data of dynamic vehicular networks. The training

and test process of DNN-based channel estimation is shown
in Fig. 4(a) and Fig. 4(b), respectively.

1) Relationships Between Datasets: The training datasets
include the city-model-aware dataset and general dataset. In
addition to simulation data from the digital twin, the CMA
dataset is enriched with one set of previous empirical measured
data on PolyU campus, while the general dataset is obtained
based on the WINNER II model [25] and the Vienna LTE-A
simulator by Soltani et al [26]. The test data is another set
of empirical measurements on PolyU campus. The training
sets are used to train DNN estimators and save them as Keras
models. We then load these Keras models to perform data
recovery and calculate the BER based on the same test set.

2) The Training Process: We assume the OFDM commu-
nication process as a black box, and the inputs to the DNN
model includes original transmitted signals V(z) and received
signals E(z) (for supervised learning) which are composed
of two OFDM blocks: a pilot block and a data block. The
received signals can be expressed as

E(z) =H(2)V(z) + Q(2), (14)

The output of the neural network is the estimated data V(z),
which is a cascade of nonlinear transformations of the input
data via different layers in the DNN, it can be expressed as

V(@) = f(V(@).@) = [ D (fUe2 LD (V).

15)
where J;,; and @ are the total number of layers and the
weights of the DNN, respectively. f(3) represents the nonlin-
ear function which may be the ReLu function or Sigmoid func-
tion, defined as fRelu(:) = max(0, 3), fSigmoid(:) = #7
respectively. The DNN model consists of the input layer, three
hidden layers that all applied the ReLu function and the output

layer that applied the Sigmoid function.

In the training implementation of DNN, we input two
OFDM blocks to the DNN at a time. We consider two pilot
configurations with 8 pilots and 64 pilots in the first OFDM
block.

i) For the case of 64 pilots, as shown in Fig. 4(a), we
divide the 64 pilot symbols plus 64 data symbols into the
real parts (of 128 symbols) and imaginary parts (of 128
symbols). At the input layer of DNN, we set 256 neurons
to accept the 256 real and imaginary parts. At the DNN
output layer, we have 16 sigmoid function neurons to
recover 16 bits and adopt eight DNN networks in parallel
to recover all of the 128 bits in the data block, which
can reduce the complexity of DNN training and enhance
the BER performance.

ii) For the case of 8 pilots, the 8 pilots are evenly inserted
into the first OFDM block, and data symbols are trans-
mitted on the other subcarriers (i.e., 8 pilots symbols
plus 120 data symbols in the two OFDM blocks). Instead
of changing the number of neurons in each layer of
DNN, we use 15 DNN networks in parallel to restore
the 240 bits of data.
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iii) For the loss function, we use the mean square error
(MSE) as the loss function of the DNN, mathematically
expressed as

3.V - V()2

Lossmse) = Tl

where ||I"|| denotes the total number of elements in the
training dataset, V(z) is the recovered data (i.e., the
prediction), and V(z) is the originally transmitted data
(i.e., the label). For example, in Fig. 4(a), the 16-bit
prediction is evaluated against the originally transmitted
data.

3) The Test Process: We load trained DNN channel esti-
mators, input the test set for data recovery and calculating the
BER with respect to the original data. Specifically, in Keras,
we set the BER as a metrics, and its BER is calculated as
follows

(16)

err =1 —tf.reduce_mean(tf.reduce_mean(tf.to_float(
tf.equal(tf.sign(vprea —0.5),tf.cast(tf.sign(Virue
—0.5),tf.float32))),1))
A7)
Where v g is each bit of DNN output, v, is each original
bit in the test set, ¢f.x are respective mathematical functions
in Tensorflow. Since the estimated vp,.q contains decimals
and v, contains only 0 and 1, we only compare if the signs
of (Vprea —0.5) and (v;rue —0.5) are consistent to determine
whether the estimation is correct. We then compare all samples
of the test set and calculate the average BER.

IV. NUMERICAL RESULTS AND PERFORMANCE
EVALUATION

In this section, we compare the numerical simulation results
with multiple benchmarks for verifying the performance of the
digital-twin-enabled CMA DNN channel estimation approach.

A. Simulation Parameters

For a fair comparison of different methods, we have the
same initial parameters in these experiments. According to
the IEEE 802.11p physical layer standard, the transmission
bandwidth is set as 10 MHz, the number of subcarriers is 64,
the length of cyclic prefix is 16 bits, the number of resource
blocks is 50, the number of multiple transmission paths is 24,
and the maximum delay in a sampling period is 16 us. We
consider additive white Gaussian noise (AWGN) in the OFDM
system with QPSK modulation, and the relative speed between
the transmitter and receiver is 88 km/h.

The DNN model is a fully connected network that con-
sists of five layers: the input layer, three hidden layers, and
the output layer. The number of neurons in each layer is
256, 512, 256, 128, and 16 respectively. We utilize Keras
optimized based on TensorFlow deep-learning framework for
DNN model training and testing, and use NVIDIA CUDA
for the GPU back-end to shorten the training and testing
time. The number of training epochs is set to 10,000, the
learning rate is set to 0.001 and the batch size is 64. The
training and test datasets include the received symbol set and

the original transmitted symbol set. Assume that every 128
received symbols and the corresponding 16 bits original data
as one sample, the number of samples in each training set is
25,000, while the number of samples in the test set is 10,000.

B. Performance Evaluation

Fig. 5 compares the BER curves of the proposed CMA
DNN estimator and other conventional algorithms. Noted that
the 64-pilot cases serve as benchmarks here for evaluating
the performance of 8-pilot cases, since it represents an ideal
case with half of the transmitted symbols as pilots. In normal
practice, it is not possible to have 64 pilots per two OFDM
blocks as it will severely reduce the data efficiency. For the 64-
pilot cases, at 15 dB SNR, the BER of CMA DNN is 74.68%,
8.50%, and 13.28% lower than that of LS, LMMSE, and DNN,
respectively. For the 8-pilot cases, the BER improvement is
even better, the BER is 92.23%, 88.50%, and 32.38% lower
than that of LS, LMMSE, and DNN, respectively. Fig. 5
also compares the BER of the 8-pilot estimators after BEM
compression. At 15 dB SNR, the BER of the BEM CMA DNN
is 33.64%, 31.20%, 29.65%, and 24.77% lower than that of
BEM LS, BEM LMMSE, BEM DNN, and DNN, respectively.
One major finding is that the BER of BEM CMA DNN is only
6.5% higher than that of CMA DNN, but it can greatly reduce
the computational complexity and speed up the simulations of
the digital twin.

Fig. 6 shows the normalized mean square error (NMSE)
performance of different 8-pilot channel estimators. At 15
dB SNR, the NMSE of the CMA DNN is 92.99%, 91.78%,
78.51%, 73.10%, 63.05%, 49.13%, and 19.48% lower than that
of LS, LMMSE, BEM LS, BEM LMMSE, BEM DNN, DNN,
and BEM CMA DNN respectively. The mathematical formula
for calculating the NMSE in the simulation is as follows

Z]‘(zl(hest - hem)2
27 Utem)?

where h.,, is the theoretical transfer function generated from
the test set, h.,; is the estimated transfer function for each
channel estimator, and J is the number of estimations.

Fig. 7 and Fig. 8 compare the BER and NMSE performance
of the proposed 8-pilot CMA DNN estimator with other related
V2X channel estimators introduced in [27]. These related
channel estimators include the spectral temporal averaging
(STA) channel estimator, the constructed data pilots (CDP)
channel estimator, the time-domain reliability test frequency-
domain interpolation (TRFI) channel estimator, the minimum
MSE using virtual pilots (MMSE-VP) channel estimator, the
auto-encoder DNN (AE-DNN), and the STA-DNN, respec-
tively. For a fair comparison, we adjust the simulation param-
eters accordingly: the relative speed is set to 40 km/h, the
number of multi-paths is set to 12, and the other parameters
are consistent with the VTV Urban Canyon (VTV-UC QPSK)
scenario in [27]. As shown in Fig. 7, at 15 dB SNR, the BER of
the proposed 8-pilot CMA DNN is 21.28%, 19.90%, 83.65%,
91.01%, and 94.19% lower than that of STA-DNN(15-15-
15), STA-DNN(15-10-15), AE-DNN, MMSEVP, and TRFI
(CDP), respectively. In Fig. 8, at 15 dB SNR, the NMSE of

NMSE =

; (18)
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the proposed 8-pilot CMA DNN is 39.34%, 35.54%, 76.69%,
86.88%, and 91.06% lower than that of STA-DNN(15-15-15),
STA-DNN(15-10-15), AE-DNN, MMSEVP, and TRFI (CDP),
respectively.

C. Computational Complexity Analysis

Since the channel estimation duration varies with the per-
formance of different CPUs and GPUs, we compare the
computational and time complexity of the proposed and other
estimators in Table II and rank them from low to high
complexity level.

For the calculation of the time complexity of the CMA DNN
estimator, the time complexity of handling building reflection
loss by ray tracing is much greater than that of the penetration
loss model. Therefore, we primarily consider the worst-case
due to ray tracing here. We built the cost equation referring
to the previous study [28], which is expressed as follows

Ecma=To+ proraiTs + pavge)totalKThs (19)
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TABLE 11
COMPUTATIONAL COMPLEXITY COMPARISON
No.| Channel Computational Time Complexity
Estimator Complexity (Times of (From low to high)
Multiplying Operations)
1 LS Nsub o (Nsub)
2 DNN and J1.12+J2J3+J3J4+]|J4 0(]]]2)
BEM
DNN
3 BEM (QLd) + ptutal(QLd) + O(pavggtutal .
CMA Pavgetotalk(QLd) + k(QLg))
DNN J1Jo+od3+ 3y +J1Jy
5 CMA To + protatTs + O(puvgetotal «Ty)
DNN Pavg®OtoratkTn +J1J2 +
JoJ3+J3Jy+J1Jy
6 | BEMLS 4(QLa)*Nsub O((QLa)*Nsub)
7 BEM 2N2 , (OLg) + O(N? , (QLqg))
LMMSE 18Nsup (QLa)* +
3(QLg)’ + (QLqg)*
8 LMMSE 3N3  +NZ O(N3 )
sub sub sub
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where piorar and pg,e represent the total and average cell
probabilities, and ®,,;4; represents the total occupancy. Ty,
Ty and Tj represent the time to initialize a ray, the time
to step to the next cell, and the time to test an object for
intersection with the ray. « is the collusion factor between the
distributions of objects and rays. We adopt the default settings
for these parameters with respect to the ray-tracing function
in MATLAB.

As shown in Table 11, Jy, J», J3, and J4 represent the number
of neurons in the input layer and three hidden layers of the
DNN, respectively. Q represents the dimension of the BEM
compression basis, and L, represents the vector of transmitted
symbols. We can see from the table that using BEM to model
corresponding channels can effectively reduce the computa-
tional and time complexity of various estimators. Specifically,
for the CMA DNN method, reducing the complexity can
reduce the simulation delay of the digital twin. Hence, large-
scale training data for the DNN can be obtained in a more
efficient manner.

TABLE III
SIMULATION RUN TIME COMPARISON

Channel Estimator Total Runtime (ms)

CMA DNN 213,845,693
BEM CMA DNN 142,458,157
Computer Configuration Parameter

CPU Intel core i7-10870H

GPU NVIDIA GeForce RTX 3060 Laptop
(6 GB)

RAM 16 GB DDR4 3200MHz

For a practical runtime evaluation, we collected the runtime
of CMA DNN and BEM CMA DNN under the 8-pilot
situation as shown in Table III. Note that the total runtime here
includes the CMA, BEM CMA simulation time, as well as the
corresponding DNN training and testing time. Our computer
configuration is also given as a reference. The total runtime
of the CMA DNN integrated with BEM is 33.38% lower than
that of the CMA DNN method.

V. CONCLUSION

This paper proposed a channel estimation method based
on a realistic city model and radio propagation in digital
twin simulation and deep neural networks. Compared with
traditional algorithms such as LS and LMMSE that use 8 pilots
at 15 dB SNR, the BER performance of the proposed CMA
DNN method is greatly improved by more than 92.23% and
88.50%, respectively. In order to highlight the influence of
hybrid building loss on channel estimation in urban canyon
environments, we compared the BER performance of CMA
DNN and generic DNN estimator that does not consider
building loss. Our results indicate that the BER performance of
CMA DNN at 15 dB SNR is improved by more than 13.28%
when 64 pilots are used. When fewer pilot tones are used (e.g.,
8 pilots), the BER performance of the CMA DNN estimator
is much better than all other methods (e.g., more than 32.38%
better than the generic DNN estimator). While improving the
BER performance of the channel estimator, this paper also
considered the use of BEM to simplify the simulation process

of dynamic vehicular channels in the digital twin so that large-
scale training data for the deep learning model can be acquired
efficiently. Our results show that the CMA DNN method with
BEM-approximated dynamic channels sacrifices a small level
(i.e., 6.50%) of BER performance, but with greatly reduced
computational complexity and runtime (i.e., 33.38%) for effi-
cient operation of the digital twin. The proposed digital twin
and deep learning investigation framework in this pioneering
work will open up many other research opportunities for
connected autonomous vehicles and cooperative driving in
future smart cities.
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