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Abstract—This paper proposes a Markov decision process
(MDP)-based pilot placement optimization approach for the radio
access in 5G vehicle to everything communications to support
Internet of Vehicles applications. The optimal placement problem
of pilot symbols is based on a typical pilot-assisted frequency-
division multiplexing transmission and simplified to a finite
state-space representation. We propose and formulate a finite
MDP so as to determine an appropriate pilot pattern from a
set of candidate pilot configurations. Also, an enhanced pilot
placement scheme is developed to reduce the complexity for
solving the formulated MDP problems. Furthermore, we derive
analytical expressions of the mutual information, which to some
extent allow us to jointly evaluate the dynamics of the channel
state in time and frequency domains. Numerical results gener-
ated by Monte Carlo simulations show that the proposed pilot
optimization policy is capable of improving the channel esti-
mation in fast time-varying vehicular channels, and the mutual
information-based measurement criteria can yield more accurate
evaluations in fast time-varying vehicular channels than other
conventional schemes.

Index Terms—Fast time-varying channel, fifth generation (5G)
vehicle to everything (V2X), Markov decision process (MDP),
mutual information, pilot optimization.

I. INTRODUCTION

VEHICLE to everything (V2X) is considered as a criti-
cal component of fifth generation (5G) networks, which

aims to satisfy high requirements in terms of reduced latency,
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increased reliability, and higher throughput under higher
mobility and connectivity density. V2X directly connects
vehicles to everything including to vehicle (V2V), to pedes-
trians (V2P), and to roadway infrastructure (V2I), and to
the network. The key features of V2X focus on ultrareli-
able and low latency communication for safety-critical use
cases, e.g., hazard warning, intersection assistance, and auto-
mated and/or autonomous driving [1]–[4]. Although the IEEE
802.11p Standard has already defined a collection of phys-
ical layer (PHY) specifications and media access control to
support wireless access in vehicular environments, it was not
realized for the lack of infrastructure, a carrier sense multiple
access with collision avoidance can face some challenges when
guaranteeing strict reliability levels and ensuring the network
scalability as the load increases [5]. From this perspective,
5G V2X seems to be better for automotive industry because
of its infrastructure, tremendous capacity, and added direct
device-to-device (D2D) communication services [6].

In an effort to provide ubiquitous access, 5G networks
shall enable vehicles to accommodate different types of
V2X message deliveries to support intelligent transportation
systems, where all vehicles and infrastructure systems are
interconnected with each other. For this reason, connected
vehicles are becoming the next frontier for Internet of Things,
whereas the original concept of vehicular ad-hoc networks is
being transformed into a new concept called the Internet of
Vehicles (IoV) [7]. Accordingly, continuous 5G V2X tech-
nology evolution is required to support high-reliability and
low-latency radio access for critical messages even in the high
density IoV systems.

Since orthogonal frequency-division multiplexing (OFDM)
is currently one of the most mature modulation technolo-
gies adopted in the PHY of 5G related standards, the use
of pilot symbols is an effective technique to capture channel
variations for both downlink and uplink transmissions [8]. In
traditional OFDM systems, as well as multiple input multiple
output (MIMO) systems, it has been proven that pilot symbols
play a crucial role in channel estimation, receiver adaptation,
and optimal decoding. In this sense, a suitable alternative
of pilot placement would have a significant impact on the
overall performance of wireless communication systems [9].
However, most standards define a fixed number of pilots to
be deployed, but do not specify the optimal pilot allocation
in accordance with different conditions of wireless channels,
e.g., multipath propagation, obstructions, mobility of vehi-
cles, etc. This would lead to unnecessary pilot overhead under
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good channel conditions and performance degradation under
unsatisfactory channel conditions. In practice, V2X operates
in different channel conditions: 1) in low mobility and strong
line of sight scenario, the channel is flat in time and frequency,
e.g., V2P and 2) in high mobility and strong scattering environ-
ment, the channel exhibits a strong frequency selectivity and
fast time-varying fading, e.g., V2V and V2I. In high mobil-
ity scenarios, V2X is susceptible to severe Doppler shift and
higher multipath delay spread in high mobility scenarios, and
channel estimation would be a challenging task in regards to
providing ultrahigh throughput, low latency and high reliability
in fast fading vehicular environments [10].

The channel estimation performance is affected by pilot
symbols and their placement significantly. In brief, the pilot
optimization would be understood as a strategy for, where
and/or how often the pilot tones are inserted in the data
stream. An overview of pilot-assisted transmission on the
general model, design criteria and signal processing can be
found in [9]. For pilot-assisted OFDM systems, the optimal
pilot placement design can be classified into two categories.
The first category is to find optimal pilot placement patterns
for channel estimation, aiming at maximizing channel capac-
ity, and guaranteeing a prescribed transmission performance
and/or spectral efficiency under the constraint of pilot power
and spacing. In long term evolution and the latest digital ter-
restrial television standards, the use of pilots is an effective
technique for channel estimation, and higher flexibility in pilot
design is suggested in new 5G air interface for high speed and
high throughput V2X scenarios (e.g., video to and from auto-
mobiles) [11]. The second category seeks the optimal pilot
placement strategies for joint estimation of carrier frequency
offset (CFO) and channel impulse response (CIR).

Several common design criteria of channel estimators, e.g.,
mean squared error (MSE) and minimum mean square error
(MMSE), have been well studied, in which bit error rate (BER)
or symbol error rate (SER) is considered as the most appro-
priate performance metric [9], [12]–[16]. While [17] showed
that the optimal pilot sequences were equipowered, equispaced
and phase shift orthogonal, a number of existing papers dealt
with pilot optimizations based on regular periodic placements.
Dong et al. [18] proved that periodic pilot placements can min-
imize the maximum steady-state channel MMSE, and showed
that the superimposed scheme provides a better tracking abil-
ity than that of the single pilot RPP scheme (RPP-1) scheme
in fast fading environments. In [13], the number of pilots,
placement of pilot symbols and transmitted pilot power were
optimized to minimize SER over Rayleigh fading channels.
Ma et al. [12] proposed a training pattern for estimating CFO
and MIMO frequency-selective channels and proved that hop-
ping pilots from block to block can achieve the full acquisition
range of CFO, where the impact of the Doppler-induced CFO
and/or mismatch between transmit receive oscillators were
taken into account.

To improve the spectral efficiency of OFDM systems, the
studies of adaptive pilot placement, including the use of vir-
tual subcarriers (also known as null subcarriers) data-aided
channel estimation, have been continuously received much
attention [15], [19]–[21]. Karami and Beaulieu [22] proposed

an optimal pilot parameter adjustment approach for rapidly
fading channels, and designed a joint adaptive power loading
and pilot spacing algorithm to maximize the average mutual
information between the input and output of OFDM systems.
Using virtual pilots to obtain the channel estimation was first
proposed in [19], where the extra data symbols (also known as
virtual pilot tones) are exploited to improve the performance of
channel estimation. The adaptive pilot optimization is another
attractive technique to mitigate the effects of time-varying
channel. Karami et al. [21] proposed a suboptimum pilot sym-
bol assisted adaptive modulation scheme, and a suboptimum
design was used to address optimum power and rate allocation
based on available imperfect channel state information.

Recently, the reuse of the same pilot resource and the
dynamic pilot resource scheduling techniques and new OFDM
pilot waveform design for 5G outdoor ultra-dense network
were proposed [23], [24], and results in [23] showed that
the dynamic pilot scheduling scheme had a higher probability
of successfully rescheduling users in high mobility environ-
ments. Chen and Chung [24] designed a new OFDM pilot
waveform for quasi-static channel estimation and provided
extremely high spectral compactness by suppressing spectral
sidelobes. The problem of pilot parameter optimization for
high-mobility OFDM channels was investigated in [25], and
the authors dealt with the nonlinear optimization problem of
pilot sequence design to minimize the MSE of the LMMSE
channel estimate. For fast time-varying vehicular channel esti-
mation, the more frequently pilot symbols are transmitted, the
better the estimation and tracking, and the more robust the
receiver will be [9], [26]. Yet it is not possible to allocate a
large number of pilot subcarriers due to spectrum loss, since
pilot symbols per se do not carry information. In this regard,
a sparse pilot design within multiple OFDM symbols should
be taken into account.

In this paper, we consider an OFDM-based 5G V2X com-
munication technology for future IoV applications. Our idea is
to perform the pilot selection based on the results of Markov
decision process (MDP), so that the optimal pilot placement
can be used to capture the channel variations. It will be shown
that the proposed method can achieve significant performance
gains in nonstationary vehicular channels. While many studies
of MDP solutions have appeared in the literature for adaptive
resource allocation, video scheduling, and so on [27]–[29],
a corresponding MDP expression model is needed to handle
different problems, and most of these works have focused on
finding a specific decision-making process. In this paper, we
followed these general methods. The goal of the pilot place-
ment optimization is to obtain optimal pilot patterns with low
complexity, and to combat the effects of the fast time-varying
channel. Since previous works have shown that equipowered
pilot sequences lead to better performance, we only consider
the pilot pattern with equispaced and equipowered pilot tones.
The main contributions of this paper are given as follows.

1) We exploit an MDP-based pilot optimization approach
for fast time-varying channel estimation. By specifying
the dynamics of the channels with a finite state space,
we then propose a finite MDP solution, while the deci-
sion problem can be solved in the feasible policy space.
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We further develop a linear programming approach to
solve the MDP for optimal pilot selection policy. We
propose an enhanced pilot pattern design scheme for
channel estimation, and the new scheme is capable of
achieving desirable complexity-performance tradeoffs.

2) We develop a protocol-specific mechanism to support
the information exchange of the pilot pattern directly
among vehicles and between vehicles and roadside units
(RSUs). The main advantage is that the notification
of updating pilot pattern can be transmitted at a min-
imum latency and the processing overhead is thereby
negligible.

3) To obtain the measurement criteria of MDP, we derive
analytical expressions of mutual information to jointly
evaluate the dynamics of the channel. By using the value
iteration algorithm, an optimum pilot pattern can be
determined for channel estimation.

4) Moreover, we investigate the impact of pilot place-
ment strategies in time and frequency domains, and the
numerical results show that the proposed pilot place-
ment strategies can effectively track the fast time-varying
channels and enhance the estimation accuracy of channel
estimator.

The rest of this paper is organized as follows. In Section II,
we describe the OFDM-based 5G V2X transmission and the
pilot optimization model. In Section III, we consider the com-
plexity tradeoffs of MDP, enhanced pilot patterns design and
investigate the optimal pilot placement for channel estimation.
In Section IV, we propose a mutual information assessment
criterion and detail the optimization method based on MDP.
Numerical results are presented and discussed in Section V,
and this paper concludes in Section VI.

II. PROBLEM FORMULATION

A. OFDM-Based 5G V2X Transmission

Consider a pilot-assisted OFDM-Based 5G V2X com-
munication system that employs N subcarriers, where the
time-frequency grid is equipped with Np pilot subcarriers
and Nd data subcarriers. For the kth transmitted data vector
x(n; k) = [x(0; k), x(1, k), . . . , x(N − 1; k)], it is modulated
by the inverse discrete Fourier transform (DFT) onto N paral-
lel subcarriers, and the time-domain transmitted signal can be
written as

xt(n; k) =
N−1∑

l=0

x(l; k)e j2π ln/N, n = 0, 1, . . . ,N − 1. (1)

Suppose xt(n; k) is transmitted over a L-tap multipath chan-
nel with the transfer function h(n; k). The signal at the receiver
front-end can be expressed as

yt (n; k) = xt(n; k)⊕ h(n; k)+ w(n; k) (2)

where ⊕ denotes convolution; w(n; k) is the additive white
Gaussian noise (AWGN) and h(n; k) is the CIR. Generally,
the channel response h(n; k) can be represented as h(n; k) =∑L−1

i=0 hiejωi,kδ(τ − τi,k), where ωi,k = 2π fDi,k Tn/N, fDi,k is the
ith path Doppler frequency shift; τ is delay spread index; T

Fig. 1. OFDM pilot optimization model based on MDP.

is the sample period, and τi,k is the ith path delay normal-
ized by the sampling time. Once the DFT at the receiver with
coherent detection can be performed correctly, the cyclic pre-
fix is removed. Then, the received data vector y(n; k), can be
demodulated by an unitary N×N DFT matrix F with element
Fp,q = 1/

√
Nexpj2πpq/N .

Consider that the intersubcarrier interference (ICI) only
comes from adjacent subcarriers. We can write the jth sub-
carrier of the kth received signal at the subcarrier level, in the
form as

Y(j)(n; k) = H(j)(n; k)X(j)(n; k)+ ICI(j) +W(j)(n; k) (3)

where H(j)(n; k) is the channel frequency response (CFR);
X(j)(n; k) is the frequency domain transmitted signal; ICI(j)

is the additive carriers interference component on the jth sub-
carrier, and ICI(j) = ∑N−1−j

i=−j, i �=0 H(j+i)(n; k)X(j+i)(n; k) i ≤
|imax| i is the index of the interference subcarrier; imax is the
maximum number of the interference subcarriers; W(j)(n; k)
denotes the noise term. For clarity, (3) can also be rewritten
in the form of matrix as

Y(n; k) = H(n; k)X(n; k)+W(n; k) (4)

where H(n; k) is the CFR matrix containing the multiplicative
channel gain of the kth subchannel on its diagonal and the
residual ICI terms on its nondiagonal entries, and W(n; k)
is an independent and identically distributed (independent
identically distributed) AWGN vector.

B. MDP-Based Pilot Placement Optimization

Fig. 1 illustrates the pilot optimization model, where an
MDP decision-maker M is employed to determine the optimal
pilot placement. The basic consideration is that the decision-
maker M is designed to solve the optimal pilot placement
according to the dynamic of the channel. Corresponding to a
decision-maker M, the vehicular channel is associated with a
specific state s, and the goal of action a is to properly select
control policy (i.e., optimal pilot placement) to adapt variant
channels. Theoretically, when the channel state changes from
a state si to another state sj, the decision-maker M should
choose an appropriate pilot placement P from a set of feasible
decision options. In this paper, the constraint of the optimal
pilot placement strategy P∗ is defined as an objective function
(rewards: r) that maximizes the system capacity.
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Generally, pilot symbol spacing, power, and rate allocations
are sufficient to characterize a pilot placement. Let Ts be the
OFDM symbols duration, mTs be the pilot spacing in time
grid, and � be the pilot spacing in frequency grid. We can
denote a set of pilot locations in an OFDM symbol by a three-
tuple P(mTs,�,Lp), where Lp is the first location index of
pilot subcarrier in frequency grid.

Strictly speaking, the channel statistics vary on a continuous
scale, which means infinite channel state. For simplify, channel
state can be viewed as a finite set of states (maximum number
of resolvable multipath components, maximum Doppler shift,
path delay, etc.), and the dynamics of the channels can be
approximately specified by a finite state space. Accordingly,
the state space of M can also be viewed as finite. In practice,
since the number of orthogonal pilot sequences is limited, a
unique pilot structure is only utilized to reflect an aggregated
channel state. Based on this finite state space constraint, we
formulate the pilot optimization problem as an optimal deci-
sion policy to identify the best way that pilot symbols can
be multiplexed into the data stream, including pilot symbol
spacing, power and rate allocations.

Typically, an MDP formulation M can be characterized by
the tuple {T ,S,A,P,R}, where S = {s1, s2, . . . , sn} is a state
space (i.e., channel state space) and A = {a1, a2, . . . , an} is
an action space that assigns the chosen action a in state s;
P = Pa(s, s′) is the transition probability from current state
s moving into a new state s′, and R = Ra(s, s′) is the cor-
responding reward received by the system [30]. The objective
of MDP is to find a policy π : S → A, which maxi-
mizes the expected reward. Based on that, the pilot placement
optimization process can be preliminarily described as follows.

1) S is a finite set of states, which can be assigned by
the product of the channel state h = {h1, h2, . . . , hL},
and the optimal pilot control policy π is designed to
receive a maximization of the reward R. In our case, this
maximization problem of R is equivalent to maximizing
the channel capacity C.

2) Without sacrificing the system capacity, we consider the
following constraints on the feasible policy space π : the
density of pilot symbols within an OFDM block is fixed
and the pilots are spaced uniformly within each OFDM
symbol. In this way, the selected pilot placement would
not sacrifice the system capacity.

3) In each decision epoch, we calculate the cumulative
reward function Ra(s, s′) based on the current action am.
Once the maximum Ra(s, s′) is received, a new action
will be terminated and otherwise, a new action an will
be activated to choose the optimal pilot pattern P∗.

In general, the typical channel fading process can be mod-
eled as a first-order Gauss–Markov process [31]. In typical
V2X (e.g., V2V and V2I) communication scenarios, the radio
link, could be characterized to be time-varying and nonstation-
ary [10]. Taking the effects of channel variance in time and
frequency domains into account as a whole, both CIR and
CFR can be modeled as

h(n; k) = αh(n; k − 1)+ e(n; k − 1) (5a)

H(n; k) = αH(n; k − 1)+ E(n; k − 1) (5b)

where e(n; k − 1), E(n; k − 1) are zero-mean Gaussian ran-
dom noise, and H(n; k) is CFR. In addition, the coefficients
α ∈ [0, 1] show how quickly the channel changes in time and
frequency domain (a small α corresponds to fast fading, while
a large one refers to slow fading).

From (5a) and (5b), the dynamics of fast time-varying chan-
nels in time and frequency domains can be characterized. In
this way, different physical parameters, e.g., the coherence
time, delay spread, and Doppler spread can be used to describe
the dynamics of channels. In this paper, we aim to find an opti-
mum pilot placement that minimizes the MSE of the channel
estimator, and a certain pilot placement pattern can be deter-
mined by solving a finite MDP problem. From the viewpoint
of information theory, the channel capacity C, as a natural
performance evaluation metric, provides an accurate evaluation
on system performance. Thus, the optimum pilot placement
can be determined by maximizing the system capacity with a
low cost.

In general, the channel dynamics can be characterized by
their statistics based on physical propagation parameters, such
as time spread and/or frequency spread [32]. We define the
channel parameter sets χ and ψ associated with the channel
parameters in the time and frequency domains, respectively,
in which χ = {PL, τ } and ψ = {A,
D}, i.e., PL (path
loss coefficient), τ (path delay), A (power spectrum), and 
D

(delay-Doppler spectrum). According to the Shannon infor-
mation capacity theorem, the capacity of fading channels is
limited by the available transmit power and bandwidth. For
a constant transmit power and bandwidth, the channel prop-
agation condition can greatly impact the achievable system
capacity. From (2), one can see that the received signal model
is described as a function of the amplitude, delay and Doppler
shifts, i.e., the channel capacity depends on the channel param-
eters, and as has a greater impact on spectral efficiency. In this
paper, the pilot optimization is defined as to make an appro-
priate pilot pattern. We consider the sum of ergodic capacity
as the optimization objective. For a given channel condition
u (u ∈ {χ,ψ}), the decision problem for the optimal pilot
placement is to maximize the upper bound on the achievable
capacity, which can be expressed as

max
u∈{χ,ψ} C(u), s.t. �(a) =

∑

i

λ(ai) < κ (6)

where C(u) is the channel capacity (objective function) associ-
ated with the channel condition u; � is the total cost associated
with a set of actions a; λ is the immediate cost with action ai,
and κ is a given minimum cost [30].

Based on (6), the optimum pilot placement would be viewed
as a scheduling policy that seeks to maximize the channel
capacity C(u). The objective of this paper is to employ an
MDP-based policy to obtain the optimum pilot placement for
better channel estimation in V2V and/or V2X communica-
tions. Typically, the feature of MDP can be defined by a tuple
(T ,S,A,P,R), where T , S, A, P , and R are sets of deci-
sion epochs, system states, available actions, state and action
dependent immediate reward, and state and action dependent
transition probabilities [30]. The main idea for performing the
optimization in this paper is based on the fact that the optimal
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placement of pilot symbols can be solved by tracking the fast
time-varying channels. The determination of the optimum pilot
placement by directly using an MDP formulation would not
be possible, since the state space of the vehicular channels
would be infinite in practice. We consequently consider a rea-
sonable approximation, i.e., the number of possible channel
state space associated with pilot placement is finite. By apply-
ing this constriction, the pilot placement policy is equivalent
to solving an MDP on a finite-state set, which represents the
dynamics of the channel in time and frequency domains.

In this paper, since the pilot placement affects BER
performance, we optimize the pilot placement for MMSE
channel estimation to minimize BER. We can rewrite (6) as

arg max
u∈{χ,ψ}

C(P)|u
s.t. max{Rπ }, π = {d∗1, d∗2, . . . ,

}
(7)

where Rπ = ∑
i ri(si, ai)−�(a) is the total reward associ-

ated with the immediate reward r(s, a) and π is the policy
associated with a set of optimal decisions d∗i , d∗i ∈ D. Once
the optimal P∗ is determined, the estimates of CIR at the

pilot position ĥp can be obtained by minh∈S |h− ĥp|2,∀ S.
Similarly, (7) can be solved by the exhaustive search algo-
rithm, but it would lead to a high complexity by searching all
possible combinations of pilot positions.

III. ENHANCED PILOT PATTERN DESIGN FOR

CHANNEL ESTIMATION

Considering that a large state/action space would make it
difficult to solve an MDP problem, this section investigates a
systematic tradeoff between performance and complexity. We
develop an enhanced pilot pattern design scheme for channel
estimation, which leads to a lower complexity and is capable
of achieving compatibility with existing standards.

A. Performance-Complexity Tradeoffs of MDP

The existing pilot optimization methods for OFDM, includ-
ing convex and adaptive optimization methods, etc., usually
tend to search the best pilot placement over all possible pilot
patterns. For fast varying vehicular channels, however, it might
be difficult to assign an optimal pilot pattern for each chan-
nel state, and thereby it is highly likely that there exist a large
number of pilot patterns which are not suitable for assignment.
Although more pilot patterns might achieve a more accurate
channel estimation, it would be unattractive for practical appli-
cations, since the computation of an optimal policy is very
costly and causes another major drawback of capacity loss.
Therefore, we have the following complexity restrictions.

1) The vehicular channels are specified with finite state
space S. Although vehicular channel states are dynamic
and infinite in reality, it is not necessary to assign
different pilot patterns to each channel state

2) The policy space is finite. Conventionally, the value
iteration algorithm can be simplified, and would con-
verge to the global optimum in a few number of
iterations.

B. Enhanced Pilot Patterns Design

With the aforementioned complexity tradeoffs, a small num-
ber of pilot placements could be feasible to carry out channel
estimation in time-varying OFDM systems. Therefore, the
exhaustive search algorithm can be avoided. For a given num-
ber of subcarriers N and pilot spacing �, we assume that the
pilot space in the frequency axis starts with variable location
index Lp, and thus the maximum number of pilot patterns can
be determined. Most of the wireless systems adopt a fixed
pilot pattern for data detection purposes. It could constitute an
unnecessary overhead under good channel conditions, whereas
the performance degradation could occur under unsatisfactory
channel conditions. This suggests that an appropriate pilot
arrangement should be adaptively adjusted based on varying
channel conditions.

Fig. 2 shows three groups of the pilot design with regu-
lar periodic placements with the same pilot density, which
aims to capture channel variations for different vehicular
communication conditions. Pattern set 0 represents a basic
pilot placement, whereas patterns set 1 and 2 represent two
enhanced pilot placements. In this paper, pattern set 0 is
designed for low mobility scenarios, by which N OFDM sub-
carriers are in use (Nd subcarriers used for data transmission
and Np subcarriers used as pilots. Pattern set 1 is suitable for
excess mobility scenarios with high Doppler shifts, 2 × Np

pilot symbols are multiplexed into the data stream within
two OFDM symbol periods. Pattern set 2 is suitable for high
mobility with high delay spread, where the pilot symbols
are interlaced in the time axis. Because the percentage of
pilot symbols in each pilot pattern set is not changed in the
time-frequency resource grid, thus, it would not cause any
capacity loss.

To yield accurate channel estimates, we exploit a virtual
pilot-assisted method as described in [15] and [19]. The char-
acteristics of virtual pilot can be obtained as those subcarriers,
where data have been detected without any error, with the
highest probability [19]. We follow this approach, and the
virtual pilots in this paper are identified as the data subcarri-
ers between two successive pilot clusters, as shown in Fig. 2.
With the aid of virtual pilots, the use of enhanced pilot pat-
terns is equivalent to adding extra pilot symbols, so that the
pilot subcarrier density could be viewed as approximately dou-
bled. Clearly, it is useful to combat fast time-varying fading in
vehicular channels. In the next section, we therefore develop
a joint channel estimation and prediction method for systems
operating in V2X communication networks.

The purpose of using enhanced pilot patterns is to choose
the most appropriate pilot pattern for tracking the dynamics
of the channels better. We therefore have following remarks.

1) For low-mobility scenarios, pattern set 0 is able to track
the dynamics of channels in the time domain.

2) For high-mobility scenarios with significant Doppler
spread, pattern set 1 can be used for CFR estimation or
ICI cancelation. In this case, the number of pilot symbols
within one OFDM symbol are two times larger than that
of pattern set 1, where channel tracking would benefit
from more presence of pilot symbols.
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Fig. 2. Enhanced pilot patterns: pattern set 0 {P0(mTs,�, Lp)} is a base mode for low mobility scenarios, whereas pattern set 1 {P0(2×mTs,�/2, Lp−�/2)}
and pattern set 2 {P0(mTs,�, Lp),P0(mTs,�, Lp−�/2), . . .} is designed for a wide range of Doppler spread scenario and a high delay spread, respectively.

Fig. 3. Key exchange procedure to provide the pilot pattern via PC5 and/or
Uu transport interfaces.

3) For high-mobility scenarios with high delay spread, pat-
tern set 2 becomes more effective as the pilots hop from
block to block, and allows a better detection on delay
spread. In our pilot placement scheme, there are slight
changes in the PHY layer, and a complete PHY layer
implementation of the proposed scheme is feasible to be
a SDR-based solution.

To support 5G V2X communications and autonomous vehi-
cles applications, the Third Generation Partnership Project
(3GPP) is now drafting the standard for 5G V2X, starting
with Rel. 16 [4]. A new 3GPP study item on enhanced V2X
model will particularly consider a direct D2D sidelink (PC5)
and cellular link (Uu), where the D2D communication can be
either unicast or broadcast without a closed-loop link control
or feedback. In enhanced 5G V2X model, the radio environ-
ment should be considered in resource allocation, and user
equipment should report the radio environment [1]. In this
case, the resource allocation is changed based on the channel
quality, accordingly, PC5 and Uu transport can be utilized to
exchange pilot pattern.

To this end, we develop a protocol-specific mechanism, and
Fig. 3 illustrates the procedure of exchanging pilot pattern
directly among vehicles and between vehicle and RSU. The
notification of updating pilot pattern can be carried by the
sidelink broadcast control channel (SBCCH) and/or the tradi-
tional BCCH. The sidelink control information (SCI) messages
are transmitted over physical sidelink control channels, and
SBCCH provides system information to all vehicle terminals
connected to the RSU. For simplicity, Fig. 3 only illustrates

the signaling procedure in support of the information exchange
of the pilot pattern. Details of this procedure are described
in [33]. Additionally, one can see that direct V2V and V2I
communications over the PC5 transport can satisfy stringent
latency requirements, where the end-to-end latency can be
reduced substantially. In the Uu transport mode, the pilot pat-
tern can be carried by the system information block, which
can be transmitted at a minimum interval (80 ms). Thus,
the processing overhead is negligible when SCI0 and SI-1
transmission modes are available.

C. Optimal Pilot Placement for Channel Estimation

From (2) and (3), it is apparent that the channels can be
estimated in a fairly simple way using the following supervised
method.

For a given pilot placement, the channel estimation at pilot
position can be obtained by achieving the minimal MSE

argmin
ĥp

MSEh =
{
∣∣∣h− ĥp

∣∣∣
2}

{|h|2} (8)

where h is the best linear unbiased estimate for the channel
coefficients and ĥp is the estimated CIR at the pilot positions.

Let h(i)v (n; k) be virtual pilot-aided channel estimates
at the ith subcarrier of the kth OFDM symbol. As
shown in Fig. 2, h(i)v (n, k) can be predicted from the
previous observations, which is given by h(i)(n; k) =
[h(i)p (n; k−1), h(i)v (n; k−2), . . . , h(i)v (n; k−�+1), h(i)p (n; k−�)].
The channel prediction that is based on the � previous CIRs
that can be derived by [34]

ĥ(i)v (n; k + 1) = η(i)k ⊕ h(i)(n; k) (9)

where η(i)k represents the prediction coefficients that are asso-
ciated with the ith subcarrier on the kth OFDM symbol.
Furthermore, the MMSE method can be utilized to predict
the fading CIR and/or CFR from numerous past observations,
so that the transmitted data can be recovered in this way.

Since the channel variation within two successive OFDM
symbols could be viewed as linear, h(i)v (n; k) can be refined
in a fairly simple way by using iterative channel estimation,
linear interpolator, and/or curve fitting algorithm [35], [36].
In a simplified way, the resulting update for ĥ(i)v (n; k), i.e.,
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the channel parameters and prediction coefficients of polyno-
mial, can be calculated by using the Lagrange interpolation
polynomial [37]. For a given set of data points (tk, ηk), k =
1, 2, . . . , �, the Lagrange basis function can be represented by

ξj(t) =
∏�

k=1,k �=j(t − tk)
∏�

k=1,k �=j(tj − tk)
(10)

where ξj is the channel coefficient at the jth time slot. Denote
a general interpolation basis function by �, the interpolating
data points ηk can be obtained via appropriate basis func-
tion. As a consequence, the channel estimates can be updated
using these virtual pilot symbols. Once all virtual pilot aided
estimations are refined by (9), the next observation ηk+1 for
hv(n; k+ 1) can be refined on the basis of past measurements
�{h̃v(n; k), hp(n; k − 1), h̃v(n; k − 2), . . .}.

To reduce the number of channel coefficients required to be
estimated and/or predicted, we use a basis expansion model
(BEM) representation to approximate time-varying channels,
where the variation of the channel is modeled by a basis expan-
sion. Various traditional BEM designs have been reported to
be capable of modeling the time variation of a channel, e.g.,
the complex exponential BEM, the polynomial BEM, and the
discrete Karhuen–Loeve BEM [38]. The BEM coefficients are
used to represent hl(n; k). The characteristics of channels can
be expressed by a weighted sum of complex exponentials

hl(n; k) =
Q∑

q=−Q

h̄l(q; k)b̄q(n; k) (11)

where h̄l(q; k) is the BEM coefficients for the lth tap of the
kth OFDM symbol and b̄q(n; k) represents the orthonormal
basis functions. Owing to the maximal energy concentration
in the main lobe, the discrete prolate spheroidal BEM (DPS-
BEM) sequences can be used to parameterize a deterministic
channel, allowing a generalized nonsymmetric (and even dis-
contiguous) band limit in the time and frequency domains. For
generalized DPS channels, the DPS-BEM is constructed with
a special vector of the autocorrelation R, which is associated
with a rectangular Doppler spectrum and used to indicate the
maximum time variation of a wireless communication channel.
For the estimation of channels that are modeled by a BEM, we
only need to estimate the BEM coefficients [39]. As the details
of the modeling process are out of the scope of this paper, we
do not present the details here without losing completeness,
and interesting readers can refer to [38], [40], and [41].

In a similar manner, the CFR Hv at particular subcarriers
and the virtual pilot position can be obtained, which allows
improving the accuracy of the CFR prediction value H̃v by
using the method discussed above. The CFR Hv and the BEM
coefficients b̄q(n; k) of the taps can be jointly estimated based
on the received OFDM symbol block. From (10), the channel
gains H(j)(n; k) and ICI terms ICI(j) can be obtained, including
the statistical property of the ICI. With the aid of accurate
channel estimation, ICI could be reconstructed and removed
from the received signal.

IV. SOLUTION TO MDP-BASED PILOT

OPTIMIZATION

In this section, we derive analytical expressions of mutual
information between the transmitter and receiver so as to
jointly evaluate the effects of channel variation in time and
frequency domains. With mutual information, the degradation
of OFDM systems can be quantified under different chan-
nel conditions. Taking the mutual information as the system
performance metric, the most significant characteristics of
time-varying channel can be separated and the objective of
the optimal pilot placement is to maximize the mutual infor-
mation, i.e., system capacity. Finally, the MDP-based pilot
optimization policy is shown to be solved by value iterations
at the end of this section.

A. Evaluation Criteria Based on Mutual Information

From the signal model constructed in (1) and (2), one can
see that two input–output pairs x, y and X,Y are expressed
in time and frequency domain, respectively. The mutual
information I(x; y) and I(X;Y) can be defined as

I(x; y) = H(x)−H(x|y ) (12a)

I(X;Y) = H(X)−H(X|Y ) (12b)

where H(·) denotes entropy. Similarly, let x = {x1, x2, . . . , xi}
and X = {X1,X2, . . . ,Xi} be the sequence input, and accord-
ingly y = {y1, y2, . . . , yj} and Y = {Y1,Y2, . . . ,Yj} be the
sequence output. The average mutual information of I(x; y)
and I(X;Y) per sample can be calculated in terms of their
probabilistic density functions p(x), p(y), and p(X), p(Y) by

I
(
xi; yj) =

∑

i

∑

j

p
(
xi, yj)log2

(
p
(
xi, yj

)

p
(
xi
)
p
(
yj
)
)

(13a)

I
(
Xi;Yj) =

∑

i

∑

j

p
(
Xi,Yj)log2

(
p
(
Xi,Yj

)

p
(
Xi
)
p
(
Yj
)
)

(13b)

where p(·) is used to describe the posterior distribution in time
and frequency domains. Mutual information has been veri-
fied as an efficiency metric for performance assessment and
is equivalent to the traditional estimation metrics (e.g., least
square and MMSE) [42].

Consequently, mutual information measurement is more
convenient for predefined channel variant collection χ and ψ .
The dynamics of the channels are represented by mutual
information and can be treated as a multivariate variable.
Considering the effects of channel parameters φ and � in
time and frequency domains, we can calculate the gradient of
mutual information, which can be easily derived from [43]

∂

∂φ
I(x|y ) = E

{
∂log2Pφy|x
∂φ

log2Pφx|y

}
, φ ∈ χ (14a)

∂

∂�
I(X|Y ) = E

{
∂log2P�Y|X

∂�
log2P�X|Y

}
, � ∈ ψ. (14b)

Observing (14a) and (14b), we can find a distribution to
maximize I(X; Y) and I(x; y). For every input distribution
Pφy|x and Pφy|x, the optimal P∗ can be numerically determined
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by maximizing the mutual information with binary inputs. By
substituting them into the corresponding terms in (7), we have

arg max
φ∈χ I(x; y, π)∣∣φ or arg max

�∈ψ I(X;Y, π)|�
s.t. π = {P∗0 ,P∗1 , . . . ,P∗j } ∀ S (15)

where P∗j denotes all possible pilot placements in state
space S. In the next section, we will develop a control policy
to obtain P∗.

B. Determining Optimal Pilot Placement Policy

In our case, the MDP-based pilot optimization is defined as
the tuple (M) = (T ,S,A,P(s, a, s′),R(s, a)), and we pri-
marily deal with discrete sets of states and actions. Given a
finite horizon, the objective of an MDP is to find an optimal
policy π∗ : S → A, which maximizes the expected reward
R(s, a). We define the five elements of MDP to facilitate
implementation of the pilot optimization-based policy.

1) Finite Decision Epochs: T = {1, 2, . . . ,N} corresponds
to a statistical period of the packet. In this paper, we
assume that the length of the data packet consists of 256
OFDM symbols, resulted from fixed decision epochs.

2) States and Actions: We denote Qπ (s, a : s ∈ S, a ∈ A)
as the set of state-action pairs for a given policy. All
possible channel states a ∈ S can be observed at each
epoch. In a state s ∈ S, the decision maker selects an
action a ∈ A, where action a is chosen according to a
pilot placement policy π .

3) Rewards and Transition Probabilities: For current chan-
nel state, the optimal pilot placement policy π indicates
that the best action a is chosen to maximize reward R.
The transition probabilities represent that state si moves
to state sj ∈ S with conditional probability p(t)(sj|si ; a)
at time slot t.

4) Decision Policy: For the finite horizon problem, a
policy π is a sequence of decision rules D =
{d1(ai), d2(aj), . . .}, di ∈ Di, i ∈ T , which can be viewed
as a function mapping from the state space to action.

5) Measurement Criteria: The optimal policy π∗ is to
maximize the system capacity C(P∗) with respect to
preset mutual information measurement criteria.

Corresponding to an action a, the state transition could be
understood as a random event, and the probability from cur-
rent state to s(t+1) depends on the current channel state s(t).
Considering K successive OFDM time slots, by the fundamen-
tal property of an Markov chain, the probability of the next
state can be generally computed by [30]

P
(

s(t), . . . , s(t+K)
)
=

K−1∏

k=0

P
(

s(t+k)
∣∣∣s(t+k−1)

)
. (16)

In reality, the accurate state transition probability is diffi-
cult to obtain. Fortunately, the study in [27] proved that the
state transition probability depends on the total transition rate,
and an analytical expression of the state transition probability
was given. Accordingly, we propose an approximate method to
compute one step state transition probability Pa(s, s′). Using
the mathematical structure in (14a) and (14b), the channel

Fig. 4. From input I(X; Y) to an MDP and output P∗: a controlled Markov
chain based on a action transit matrix, e.g., a12.

changes state in the form of the gradient of mutual infor-
mation, which is equivalent to transient transition rate, e.g.,
a gradient descent means capacity loss. It lies in the fact that
the state transition can be quantified in terms of the gradient of
mutual information accumulated during every decision epoch.
Define Gφ(s(t)|s(t−1)) to be the state transition rate (normal-
ized with min–max method) corresponding to the gradient of
mutual information between transient states. Then, the esti-
mated P̂a(s, s′) accumulated over a specified interval of time
can be represented as

P̂a(s, s′) =
K−1∏

k=0

Pr .
[
1+ Gφ

(
s(t+k)

∣∣∣s(t+k−1)
)]
. (17)

In Section III-B, we proposed an enhanced pilot pattern
scheme, and showed that a small number of pilot placements
are feasible to estimate time-varying channels. This suggests
that the subspace method could be applied to identify the
most significant characteristic of a channel. Therefore, the
state space can be further reconstructed in a similar way as
S = {S t,S f ,S t−f }, where S t, S f , and S t−f are the subsets
of S, which represent the three typical intensities of chan-
nels variations [20]. With the subspace method, we can map
S t,S f ,S t−f to specific P t,P f ,P t−f , respectively. It will
significantly reduce the number of state-space pairs and obtain
the solution by value iterations using linear programming, so
that the action sets for optimal control policy in (17) can be
further shrunken. In this paper, the time-varying channel is
modeled as a finite-state Markov channel (FSMC), and its
conditional input/output probability of FSMC can be deter-
mined by the channel state at time n [44]. In (14a) and (14b),
the channel mutual information has been formulated by a
closed-form continuous function of the input distribution, and
the gradient of mutual information can be thereby utilized to
determine the state transition.

To illustrate the state transition of an MDP, Fig. 4 illustrates
a simplified signal-flow chart, where the action to be taken at
each decision epoch is either to activate a new pilot pattern, to
deactivate a currently active pilot pattern, or to stay the same.

As depicted in Fig. 4, the average mutual information is
calculated from the input–output pairs (xi; yi) and (Xj; Yj).
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For the current observed state S t, we carry out an action ran-
domly chosen from a probability distribution over A(yi|ĥp).
Simultaneously, χ and ψ , as well as the effect of channel
variation in time and frequency-domain can be identified. At
the beginning, we assign a fixed pilot pattern to si (si ∈ S)
in the absence of any measurement information. If the current
channel state satisfies the maximum capacity bound of Imax
during an observation epoch, it will be maintained. In the next
decision-making epoch, once the transition to the next state has
occurred, a new action ak ∈ A should be chosen, and the pro-
cess should be repeated iteratively. Additionally, the symbol
rate is much faster than the fading rate, and thereby a higher
convergence rate is achieved.

Using the finite MDP above, the optimal policy can be
solved by conventional value iteration algorithms. Define
Vπ (Si) as the minimum expected cost to reach a goal from s.
To determine the optimal pilot placement policy with the value
iteration algorithm, four essential steps are required.

Step 1: Define Vπ (si) as the minimum expected cost to
obtain the optimal P∗ from s. Then, set the start state s0 ∈ St

and initialize V0 arbitrarily. For each s, the value iteration can
be calculated by

Vπ (Si) = R(Si)+ γ
∑

S ′i
P(Si|Si, a = π(Si) )Vπ

(
S ′i
)

(18)

where γ ∈ (0, 1] is the discount factor.
Step 2: According to the Bellman equation [30], the optimal

value function V∗ is the minimum expected cost to reach a
goal from this state, and can be updated iteratively by

V∗(Si) = max
a∈A

⎧
⎨

⎩R(Si, a)+ γ
∑

S ′i
P(S ′i |Si, a = π(Si)

)V∗π
(S ′i
)
⎫
⎬

⎭

(19)

where V∗π (S), s ∈ Si, is unique. Generally, a linear pro-
gramming algorithm continues until the value of V∗(Si) is
determined [30].

Step 3: Given a minimized error bound ε, if
|Vn+1 − Vn| < ε, then move to the next step, otherwise
go back to step 2.

Step 4: The optimal policy π∗ for state transition can be
written as

π∗(a) = arg max
a∈A

⎧
⎨

⎩R(Si, a)+ γ
∑

S ′i
P(S ′i |Si, a = π(Si)

)V∗π
(S ′i
)
⎫
⎬

⎭.

(20)

Finally, according to (8), the output P∗ based on MMSE
estimation is used to yield optimal channel estimates.

The optimal pilot pattern selection, acquisition and noti-
fication are conducted in an online manner, as outlined in
Algorithm 1. Note that, optimal action determination based on
MDP is to find an optimal action for each specific state that
maximizes the cumulative function of expected rewards R.
After convergence, the optimal decision of pilot pattern selec-
tion can be made at decision epochs T , and the updating
pilot pattern can be transported via PC5 and/or Uu transport
interfaces.

TABLE I
DELAY PROFILES OF MULTIPATH FADING CHANNEL MODELS

Algorithm 1 Online Optimal Pilot Pattern Selection,
Acquisition, and Notification
Input: mTs, �, Lp; x(n; k)
Ouput: P∗

1: procedure OPTIMAL PILOT SELECTION

2: initialization: P0 ∈P t, S ∈ S t � flat fading
3: repeat
4: Estimate h(τ ; t), H(τ ; f )
5: for all S do � complexity reduction Evaluate

S: I(x|y), I(X|Y)
6: if S ∈ S f then
7: P ∈ P f � high Doppler shift
8: else if S ∈ S t−f then
9: P ∈P t−f � high delay spread

10: else
11: P ∈P t � flat fading
12: end if
13: end for
14: Make decision: M(T ,S,A,P,R)
15: until arg max

∑∞
t=0 Rat(st, st+1) � rewards

16: Make action: a→P∗
17: Transport P∗: PC5 ←→ PC5/Uu
18: end procedure

V. NUMERICAL RESULTS

A. Simulation Settings

This section considers the deployment scenarios of 5G V2I
system in the highway for urban connected cars. To carry out
simulations to verify the analysis presented in this paper, we
first need to specify the simulation parameters. A typical set
of parameters of the PHY layer used in simulations is listed as
follows. Here, we stipulate an OFDM system with the num-
ber of FFT points N = 64, operating in a 20 MHz channel
with a frequency separation �f = 1/Ts = 0.3125 MHz, such
that the symbol period Ts = 3.2 μs. The length of cyclic
prefix is set to 4 μs. In total, 52 subcarriers are employed
in the OFDM system, of which 48 subcarriers are used for
data transmission, and the 4 remaining are used as pilots. In
Section III-B, we have designed an enhanced pilot pattern
scheme to deal with three typical vehicular communication
scenarios. Table I summarizes the delay profiles of a multipath
fading channel. We adopt the extended pedestrian A model
(EPA), extended vehicular A model (EVA) and extended typ-
ical urban model (ETU) to describe above typical vehicular
communication scenarios [45]. The channel is approximated
by a BEM representation, while the four-ray model is used and
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Fig. 5. Average mutual information versus SNR (time domain): I(x; y) were
obtained from 1000 OFDM symbols. α is set to be 0.95.

Fig. 6. Average mutual information versus SNR (frequency domain): I(X; Y)
is obtained from 1000 OFDM symbols. α is set to be 0.95.

each ray is generated independently according to the variations
of the BEM coefficients across OFDM blocks.

We consider three typical vehicle scenarios, highway
(120 km/h), urban (60 km/h), and congested road (15 km/h). In
this paper, the maximum carrier frequency over all frequency
bands is fc = 2690 MHz and the corresponding maximum
Doppler frequency at velocity v = 120 km/h is fDmax = 300 Hz.
With the maximum tap delay τmax and maximum Doppler
frequency (fDmax), the power delay profile [0, τmax] and max-
imum Doppler power spectral density [fDmax , fDmax ] are used
to parameterize generalized DPS sequences in time and
frequency domains, respectively. To investigate the impact of
V2X in high Doppler shifts, we mainly simulate a V2V sce-
nario operating over a doubly selective channel that is modeled
by BEM parameters [38]. Finally, the performance of chan-
nel estimator, BER performance and mutual information are
investigated using Monte Carlo simulations.

B. Discussion of Numerical Results

Figs. 5 and 6 illustrate the measurement performance of the
average mutual information criteria in the time and frequency

Fig. 7. Channel estimator performance in high-mobility scenario: MSE versus
SNR, given OFDM block length N = 2000, NP = 4.

domains. One can observe that ICI can be efficiently eval-
uated by the mutual information criteria, and shows a high
resolution of measurement on time delay and frequency off-
set. We selected the RMS delay spread of a TU6 channel
τrms = 1.1 μs to reveal the characteristic of channel in the
time domain, while setting the delay between two channels as
τ1 = 30 ns, τ2 = 710 ns, τ3 = 1600 ns. Fig. 5 shows that
with the increase of signal-to-noise ratio (SNR), the resolu-
tion increases. Fig. 6 shows that the evaluation of the channel
variation in the frequency domain. According to (3), we only
consider the additive ICI components. Another observation
from Fig. 6 is that there is no significant improvement of
capacity in high speed scenarios, where the ICI gain is set
to be δ1 = 1 dB (15 km/h), δ2 = 5 dB (60 km/h) and
δ3 = 10 dB (120 km/h). To accelerate the value iteration
process, we adopt γ = 0.985 for the discount factor with
ε = 0.015 for convergence. We subsequently observe that the
optimal iteration algorithm will converge to the optimal value
within 500 iterations.

Fig. 7 shows that with enhanced pilot patterns (refers to
Fig. 2), the performance of MMSE channel estimator can be
significantly improved in a fast time-varying channel. When
a linear fitting method is adopted to obtain the predicted CIR
at the virtual pilot position, we observe that the use of vir-
tual pilots can lead to significant performance gains. Fig. 7
also investigates into two different high mobility scenarios,
in which channels vary in the time and frequency domains.
From this figure, one can see that the MSE is very low, which
ensures the robustness of the channel estimator. Fig. 8 fur-
ther illustrates the BER curves of different pilot optimization
schemes associated with the specified decisions. We looked
into the channel state matched pilot arrangement scheme to
compare with the fixed pilot design, which neglects the phys-
ical properties of the current channel. In all cases, the channel
state matched pilot patterns outperform the fixed pilot pat-
tern. It indicates that the proposed scheme can provide better
BER performance. We also observe that there are very small
performance differences among the channel state matched pilot
placements, which confirm the generality of the proposed
method.
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Fig. 8. BER performance for QPSK modulation and 1/2 coding rate, given
OFDM block length N = 2000, NP = 4.

Finally, we further investigate the performance of channel
estimation with different decision-based solutions, namely the
optimal policy, near-optimal policy, fixed policy, and random
policy. As mentioned earlier in Section IV-B, the optimal pol-
icy is obtained by Bellman’s equation based on the MDP
model, and the subspace method is used to reduce the num-
ber of state-space pairs for fast convergence of value iteration.
In this simulation study, the near-optimal policy is also based
on the MDP model without the subspace restraint. The ran-
dom policy is that the MDP agent is not activated and the
pilot patterns are randomly solved by the exhaustive search
algorithm [46]. Fixed policies are traditional pilot placement
based on the state-of-the-art techniques in [12], [17], [21],
[26], and [39], where the equispaced and equipowered pilot
sequences are prevalent in the case of high mobility scenarios.
Typically, these schemes with respect to the MSE channel esti-
mator used block-type and/or comb-type pilot tones placed on
uniformly interleaved groups to yield a set of fixed pilot pat-
terns, including an optimal training design. In the subsequent
simulation, we apply the design of pilot tones in [26] to be the
simulation case of fixed pilot policy, which is mapped to pilot
pattern 0 (Np = 4) in a simple manner. For the purpose of
comparison, we insert the same proportion pilots according to
the method stated in [26] for a straightforward implementation
following our pilot scheme. In a practical vehicular commu-
nication environment, the closed forms for the dynamics of
channel, e.g., the state transition probabilities, are generally
difficult to obtain. However, the statistical channel characteris-
tics make it possible to reflect the realistic behavior of channel
and the state transition probability can be derived as the prod-
uct of mutual information (see Section IV-A). To achieve the
numerically solvable state transition probability for effective
and viable simulations, we investigate the estimation of chan-
nels by using a Gauss Markov process to simulate the channel
dynamics. The correlation coefficient α (within one decision
epoch) is further utilized to obtain desirable channel fading
conditions that range from severe to moderate.

By using the calculation method in (19), the value iteration
algorithm is used to select the optimal pilot pattern for the

TABLE II
RESULTS OF VALUE ITERATION ALGORITHM FOR

DECISION-MAKER

dynamics of the vehicular channels. The average iteration
number of the decision at all state transitions (i.e., chan-
nel realizations) are illustrated in Table II. We investigate
the expected value iterations of all channel realizations, e.g.,
the artificially generated vehicular channel happens to start
from EPA to EVA, from EPA to ETU and so on. The result
shows that the average iteration number of the decision from
the optimal policy have consistently fewer iterations than
the approximate optimal policy. In this paper, the objec-
tive value function is updated online for multiple state-action
pairs at each time-slot. Once the transition probabilities and
rewards are calculated, the decision-maker takes an action
and evaluates the corresponding rewards and state transition.
Admittedly, if the prior knowledge of channel statistics can
be incorporated in advance, an offline iteration approach will
significantly reduce the number of iterations required for con-
vergence. In the case of vehicular channels, however, since
the channel statistics can only be obtained from the received
signals, the offline method may be impractical for dealing
with the fast time-varying vehicular communication scenar-
ios. Fig. 9 further illustrates the convergence property of the
proposed optimal and approximate optimal policy, while the
state transitions of vehicular channel are preset to start from
EPA to EVA, and to ETU. It generally shows that the optimal
policy could provide a faster convergence rate than the approx-
imate optimal policy, and after 500 iterations, the values are
close to the final converged results. It is worth noting that
although the online value iteration has many iterations, it
is possible to gather sufficient data to accurately estimate
the one step state transition probability Pa(s, s′) (refer to
Section IV-B). Moreover, excessive update of the pilot pattern
may lead to capacity loss due to feedback overhead. Therefore,
large number of decision actions for pilot selection are not
necessary, and the convergence of the value iteration is still
within an acceptable range.

The results illustrated in Figs. 10 and 11 demonstrate the
MMSE performance of channel estimator versus the fading
correlation coefficient α in the high SNR regime (20 dB).
The range of α has been varied from 0.85 to 0.99, in which
a smaller α means that the channel varies faster. For com-
parison, we take the virtual pilot-assisted case as shown in
Fig. 2 as a benchmark, and adopt γ = 0.95 for the discount
factor with ε = 0.02 for convergence. Fig. 10 depicts the
MMSE performance of the CIR estimations, with a severe
channel variation in the time domain. It is obvious that the
optimal policy performs better, whereas the random policy
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Fig. 9. Convergence property of value iteration with a statistical average of
50 trials.

Fig. 10. MMSE performance (CIR estimation) for QPSK modulation and 1/2
coding rate, given OFDM block length N = 2000, NP = 4, and SNR = 20 dB.

performs the worst. We investigate the convergence property
of value iteration with a statistical average of 50 trials, and
observe that the optimal policy with subspace restraint has
better convergence than that of the near-optimal policy. The
convergence rate of value iteration for optimal policy is gener-
ally faster when compared to the approximate optimal policy.
This is because the subspace restraint reduces the dimension
of the control action space involved. We also observe that the
optimal policy solution can be determined in each decision
epoch, which is well suited for the online value iteration algo-
rithm. Compared to the state-of-the art [26] with regard to a
fixed pilot policy, it can be seen that enhanced pilot pattern 1
and pattern 2 lead to a smaller MMSE of channel estima-
tion when the channels vary in time and frequency domains.
As expected, with the increase of pilot numbers, the channel
estimator provides better performance, and with the constant
channel condition (α > 0.99), all pilot patterns exhibit nearly
the same performance.

Fig. 11 illustrates the comparison of the MMSE
performance of the CFR estimation, with a severe channel
variation in the frequency domain. The parameter setting in
Fig. 11 is the same as in Fig. 10 and a similar analysis is
performed in the frequency domain. As expected, the system

Fig. 11. MMSE performance (CFR estimation) for QPSK modulation and 1/2
coding rate, given OFDM block length N = 2000, NP = 4, and SNR = 20 dB.

using an optimal policy of pilot placement gives the mini-
mum channel estimation MSE, and can lead to significant
performance gains. From Fig. 11, it can be observed that
the performance of channel estimation strongly depends on
the number of pilot symbols. As can be seen from Fig. 11,
we can also achieve the optimal policy within each decision
epoch, thus, an online value iteration algorithm is applicable.
For the fixed policy, our results suggest that more pilot sym-
bols (patterns 1 and 2) are allocated, the better the estimation
and the tracking performance will be and Np = 8 is sufficient
to achieve good performance under the given high-mobility
conditions (i.e., a small α). In addition, another important find-
ing from Figs. 10 and 11 is that, for a small α (less than 0.9),
it is hard to satisfy the performance of the estimator even if
more pilot symbols are in use. According to the simulation,
the error floor emerges at a relatively high SNR regime and
the enhanced pilot patterns are not effective anymore. This
also suggests that the impact of Doppler shift is more harm-
ful than the time delay spread with the same extent, which
is common for time-varying channels. Moreover, from the
consequences of Figs. 10 and 11, the optimal policy and near-
optimal policy solutions will enhance the channel estimation
especially for channels with a high Doppler spread. It may
imply that the optimal policy and near-optimal policy would
be optimistic results for fast time-varying channels, whereas
the random pilot placement policy is ineffective to deal these
situations.

VI. CONCLUSION

In this paper, a low-complexity pilot placement optimization
method based on a finite MDP was proposed to achieve high
transmission performance for 5G V2X systems adopting pilot-
assisted OFDM technology. We have derived expressions of
mutual information to evaluate the effects of the channel varia-
tion in time and frequency domains. The use of enhanced pilot
patterns provides a significant complexity reduction for solv-
ing the formulated optimization problem. Simulation results
confirmed that the proposed method is effective to track fast
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time-varying vehicular channels. Moreover, the proposed esti-
mation schemes and algorithms in this paper can also be easily
extended to other OFDM systems with a slight modification.
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