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ABSTRACT This work proposes a new adaptive pilot pattern used for pilot arrangement at the mobile
station and a new channel estimation at the base station. It addresses the bit error rate (BER) performance
optimization of wireless channel estimation inmassivemultiple-input multiple-output systems. First, we pro-
pose a new adaptive pilot pattern (APP) that offers a lower BER than the conventional pilot patterns. Then,
we suggest a new channel estimation algorithm based on the APP. It is called the shifted APP-channel
estimation (SACE). As a result, APP guarantees an optimal BER performance for the different system
configurations, channel models, and carrier frequencies. It offers better BER performance than conventional
pilot patterns, such as the long-term evolution (LTE) pilot pattern. Moreover, the shifted APP-based channel
estimation algorithm solves the error floor caused by the usage of multiple subcarriers. It also offers a signal-
to-noise ratio (SNR) improvement that reaches 17 dB at BER= 10−2 compared to the conventional minimum
mean square error (MMSE) channel estimation.

INDEX TERMS Channel estimation, massive MIMO, pilot overhead, pilot pattern.

I. INTRODUCTION
Theoretical research works usually assume a perfect channel
state information (CSI) [1], [2]. Yet, in practical systems, one
should consider the channel estimation and the errors that
come with it. There are mainly three CSI estimation methods:
blind, semi-blind, and pilot-aided [3]. First, blind estimation
techniques are based on statistical channel properties [4], [5].
They are spectrally efficient. However, they suffer from
imprecision and high complexity. Second, semi-blind esti-
mation is a combination of statistical channel properties and
known pilot symbols [6]. Although they cover some of the
blind technique’s shortcomings, they are not suitable for high
mobility systems. Third, the pilot-aided channel estimation
(PACE) is based on multiplexing some known pilot symbols
with the transmitted data [7]. It is the most used technique for
wireless systems with high mobility because of its simplicity
and precision.

PACE splits into two parts. The first part is at the transmit-
ter, where a pilot sequence is assigned to each user. Then, it is
inserted in the available resources among the data following
a specific pattern [8]. The second part is at the receiver.
Channel coefficients that correspond to the pilots’ positions
are estimated using several algorithms such as least-square
(LS) [9], minimum mean-square error (MMSE) [9], and
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robust channel estimation [8]. Finally, they are interpolated
among the unknown coefficients that correspond to the data
positions. There are many interpolation algorithms [10] such
as linear interpolation, second-order interpolation, low-pass
interpolation, spline cubic interpolation, and time-domain
interpolation. Next-generation wireless systems require the
use of simple and linear algorithms [11]. Hence, in this paper,
we consider the linear interpolation technique.

We can classify research works that investigate the PACE
technique into three main axes. The first ax is the pilot
assignment which refers to assigning a set of pilot sequences
to the connected users. Its purpose is to reduce the inter-
ference between pilot sequences of users from different
cells. Therefore, it helps to mitigate the pilot contamina-
tion issue [12]–[15]. The second ax is the pilot arrange-
ment which refers to arranging a pilot sequence of a given
user in the available frequency, time, and space resources.
It consists of designing a pilot pattern to either enhance
the spectral efficiency [16], [17] or improve the system’s
reliability [18]–[20]. The final ax is the channel estima-
tion which refers to investigating the channel coefficients
detection based on the received pilot signal. It aims to
enhance the system’s reliability [8], [9] or to reduce the
computational complexity [21]. In this work, we are mainly
interested in the second ax. Precisely, we are investigating
the pilot pattern adaptation to enhance the system’s BER
performance.
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Existing standards and systems such as 5G new radio
(NR) [22], long term evolution (LTE) [23], and world-
wide interoperability for microwave access (WiMax) IEEE
802.16 [24] are using fixed pilot patterns independently from
the used frequency band. However, that all-in-one approach is
no longer fit for the next generation of wireless systems. Each
channel has its different coherence bandwidth and timewhere
the CSI has almost a constant value. Hence, to have an accu-
rate estimation, each channel should have its corresponding
pilot pattern. Moreover, the system’s configuration, such as
the number of subcarriers, number of data streams, and sym-
bol’s time, affects the number of resources in each coherence
time and bandwidth. Hence, each system’s configuration also
requires a corresponding pilot pattern.

Many works were interested in designing an adaptive pilot
pattern to guarantee more flexibility and better reliability.
However, they are either based on the channel sparsity
[16]–[19] for frequency division duplex (FDD) sys-
tems or studied for single-input single-output (SISO) archi-
tectures [20]. There is no doubt that sparsity exists. However,
not all the channels are guaranteed to be sparse. Besides,
the transceiver hardware will destroy the sparsity unless a
set of requirements are satisfied [25]. Consequently, tech-
nologies relying on channel sparsity are bound to disfunc-
tion for some users. As a solution, works in [26], [27]
adopted the uplink channel estimation. It consists of sending
orthogonal pilots from the mobile station to the base station,
then exploiting the channel reciprocity to use the estimated
coefficients for the downlink communication. That requires
the assumption of the channel reciprocity, the usage of time
division duplex (TDD), and a long enough coherence time for
two-way transmission [26], [27]. Despite several solutions
proposed in literature [28]–[31], FDD is not a preferred
option for implementing massive MIMO [25], [32]. There-
fore, this article adopts the TDD-based solution in [26], [27].

In this work, we propose a new adaptive pilot pattern (APP)
for massiveMIMO systems.We design it to enhance the BER
performance independently of the channel, the frequency, and
the system’s parameters. Besides, we based it on the solution
in [26], [27], so it does not depend on the channel sparsity.
We also offer a theoretical analysis of the APP’s impact on the
channel estimation’s BER performance. Finally, we suggest
a new channel estimation at the base station called the shifted
APP-based channel estimation (SACE). It aims to resolve the
error floor issue caused in case the APP requires multiple sub-
carriers for one CSImatrix. To sum up, themain contributions
are:

• The proposal of a new adaptive pilot pattern at the
mobile station (APP).

• The suggestion of a new APP-based channel estimation
at the base station.

To analyze and justify these contributions, we led the follow-
ing works:

• A comparative study of the APP and the conventional
fixed pilot patterns.

• A BER performance’s theoretical study of the
APP-based channel estimation.

• A numerical study of the APP and the SACE algorithms
using MATLAB simulation.

The rest of the paper is organized as follows: Section two
is n overview of the channel estimation technique and the
adopted system’s architecture. Then, the third section pro-
poses a new pilot pattern, compares it to the conventional
fixed pilot patterns, and discusses its BER performance. Next,
the fourth section describes the SACE algorithm. Finally,
the fifth section analyzes the APP and SACE performances
using a numerical study and MATLAB simulations.

II. SYSTEM OVERVIEW
This section is a general overview of the techniques and archi-
tectures used in this manuscript. First, we give an overview
of the PACE channel estimation to distinguish its different
features. Then, we describe the system’s architecture that we
are using in this work.

A. CHANNEL ESTIMATION OVERVIEW
Channel estimation includes three main procedures: pilot
arrangement, pilot assignment, and channel estimation.
In this section, we are going to distinguish these different
meanings.

1) PILOT ARRANGEMENT
It consists of arranging the assigned pilot sequence in the
available resources. In single-antenna orthogonal frequency-
divisionmultiplexing (OFDM) systems, pilots are designed in
a 2-dimension-arrangement (frequency and time dimensions)
following two main patterns. The first one is the bloc-type
pilot arrangement [10], in which pilots are inserted in all
the subcarriers of one OFDM symbol every coherence time.
The second one is the comb-type pilot arrangement [33],
in which pilots are inserted in one subcarrier every coherence
band of all the OFDM symbols. For MIMO-OFDM systems,
3-dimension (3D) pilot patterns are needed.

2) 3D PILOT PATTERN
It consists of arranging the assigned pilots in the time,
frequency, and space dimensions. As a requirement, inter-
symbol interference should be eliminated. Therefore,
the most common technique is to use orthogonal resources.
One pilot is sent from a single antenna per frequency/time
resource while the other antennas are silent. Consequently,
one needs as many frequency/time resources as the number
of transmit antennas. However, in massive MIMO down-
link communication, this is very hard to achieve because
of the large number of transmit antennas. Hence, several
works are interested in resolving this pilot overhead problem.
They are mainly divided into two approaches. The TDD-
based approach continues using orthogonal pilots. However,
it sends them from the mobile station to the base station.
In this case, the number of pilots is proportional to the number
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FIGURE 1. System model.

of antennas at the mobile station, which is much smaller than
the number of antennas at the base station. That requires the
assumption of the channel reciprocity, the usage of TDD,
and a long enough coherence time for two-way transmission
[26], [27]. The second approach gives up on using orthog-
onal pilots and is based on designing non-orthogonal pilot
training to reduce the pilot overhead problem, e.g., authors in
[18], [19], [28]–[31], use the compressed sensing to reduce
the training and feedback overhead, but the performance
relies highly on the channel’s sparsity. In this work, we are
interested in the TDD-based solution in [26], [27].

3) PILOT ASSIGNMENT
It consists of assigning a pilot sequence to each user.
Conventional pilot assignment is based on using a random
pilot sequence [27], [34] and equal power allocation [35], [36]
to each user. However, other works are interested in proposing
different alternatives [12]– [15]. Their purpose is to reduce
the interference caused by the pilot contamination in a multi-
cell massive MIMO system. Pilot assignment optimization is
not in the scope of this work. Hence, we are adopting a single-
cell system where there is no pilot sequence’s reuse between
users.

4) CHANNEL ESTIMATION
It consists of estimating the channel coefficients from the
received pilot signal using the already known pilot sequence.
Let’s take a basic example of a SISO system without an

additional noise factor. The transmitter sends a known pilot
p in a given position of the available resources. Then, it goes
through a channel attenuation h. The received symbol is in
the form of y = hp. The channel estimation in this example
following the LS algorithm consists of acquiring the value of
h via dividing the received symbol y by the already known
pilot p.

B. SYSTEM’s ARCHITECTURE
This paper considers the massive MIMO-OFDM system
illustrated in Fig. 1.

First, the modulated signal goes through a MIMO encoder
where the MIMO technique (diversity or spatial multiplex-
ing) is applied. Then, the pilot symbols are inserted to
ensure the estimation of the channel coefficients. After that,
the OFDM samples are computed via the inverse fast Fourier
transform (IFFT) and a cyclic prefix is appended. In the
next stage, the signal goes through a multi-path channel with
additional white Gaussian noise. The received signal in the
k th antenna corresponding to the data’s time and frequency
slots is given by (1).

yk =
Nt∑
i=1

hk,i(f , t)xi(f , t)+ nk , (1)

where yk is the received signal of the k th receive antenna,
hk,i(f , t) is the channel coefficient of the k th receive antenna
and the ith transmit antenna corresponding to the f th sub-
carrier and the t th time slot. Moreover, xi(f , t) is the
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symbol transmitted from the ith antenna corresponding to the
f th subcarrier and the t th time slot. Finally, nk is the white
Gaussian noise.

Based on the received signal, the base station estimates
the channel matrix of each user. Then, it uses it to ensure
the downlink communication. This paper proposes the pilot
pattern mapping on uplink communication and analyzes its
performances after being used for downlink communication.

III. NEW ADAPTIVE PILOT PATTERN
This section proposes a new adaptive pilot pattern that is inde-
pendent of the channel model and the system’s parameters
called APP. First, APP is explained. Then, it is compared
to the conventional fixed pilot patterns. Finally, its BER’s
performances are analyzed.

A. ADAPTIVE PILOT PATTERN
APP is a 3D pilot pattern design that is mapped in the
uplink communication. It consists of sending orthogonal pilot
sequences every time/frequency coherence bloc using the
algorithm Alg.1.

Algorithm 1 APP Mapping Algorithm
1: Input: Bs : bandwidth; Ts : number of subcarriers; τ :

delay spread;Nr : antennas number; p:sequence of known
pilots

2: Output: P(ar , f , t) : mapping grid
3: calculate the coherence bandwidth Bc
4: calculate the coherence time Tc
5: calculate the best frequency spacing δf =

⌊
Bc
Bs

⌋
6: calculate the best time spacing δt =

⌊
Tc
Ts

⌋
7: calculate

⌊
Nr
δt

⌋
+ r

8: extract the number of subcarriers to be used Nsc =
⌊
Nr
δt

⌋
9: extract the time slots number in the last subcarrierNt = r

10: for each cluster of δt time slots and δf subcarriers do
11: start the mapping with the first antenna ar ← 1
12: while f ≤ Nsc do
13: while t ≤ δt do
14: P(ar , f , t)← p(ar )
15: ar = ar + 1
16: end while
17: end while
18: if r > 0 then
19: while t ≤ r do
20: P(ar ,Nsc + 1, t)← p(ar )
21: ar = ar + 1
22: end while
23: end if
24: end for

Note that A(x1, . . . , xn) defines a matrix A with xi is the
index of the ith dimension and

⌊ a
b

⌋
is the greatest integer less

than or equal to the result of the fraction between a and b.

To guarantee a reliable BER performance, the CSI should
be constant during the channel estimation procedure. There-
fore, the APPmapping starts by analyzing the channel model.
First, it computes the coherence bandwidth Bc (2) and the
coherence time Tc (3) [37], where λ is the wavelength, τ is the
root mean square (RMS) delay spread, and v is the mobility
speed.

Bc =
1
5τ

(2)

Tc =
9λ

16πv
(3)

Then, it clusters the physical resources into blocs of coher-
ence bandwidth and time with the size of δt × δf (defined in
expressions (4) and (5)) frequency/time resources such as:

δf =

⌊
Bc
Bs

⌋
(4)

δt =

⌊
Tc
Ts

⌋
(5)

After that, pilots are mapped in a 3D dimension vector
P(ar , f , t) for each time/frequency coherence bloc, with ar
represents the known pilot’s space dimension index i.e. the
emitting antenna at the mobile station, f is the frequency
dimension’s index i.e. the pilot’s subcarrier, and t is the time
dimension’s index i.e. the pilot’s OFDM symbol’s index.
For a given subcarrier, each antenna transmits its pilot in a
different time slot. If the number of time slots in the coherence
time is lower than the number of antennas, then the remaining
pilots are sent in the same positions of the next subcarrier
from the same coherence bandwidth and so on.

B. COMPARISON WITH CONVENTIONAL PILOT PATTERNS
This section offers a comparison between the APP and the
conventional fixed pilot patterns like LTE and WIMAX pilot
patterns. It is done in terms of BER, pilot overhead, system
flexibility, and complexity. The summary of this comparison
is given in Table 1.

TABLE 1. Comparison between APP and conventional fixed pilot patterns.

Conventional pilot patterns have fixed clusters of
frequency/time resources in which the pilot symbols are
reinserted to estimate a newCSImatrix. For example, the LTE
pilot pattern has a fixed cluster of 6 subcarriers and 4 time
slots. WiMAX IEEE 802.16e has a fixed cluster of 5 subcar-
riers and 4 time slots. In this work, we are referring to this
cluster as the conventional pilot pattern cluster.
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To compare the APP and the conventional fixed pilot pat-
terns BER performance, two use cases should be investigated.
The first use case is when the system’s channel is constant
over a larger bandwidth or time period than a conventional
pilot pattern cluster. In this case, the APP and the conven-
tional fixed pilot pattern both give similar BER performances
since the CSI is accurate for both of them. The second use
case is when the channel is variable over the conventional
pilot pattern cluster. In this case, the fixed pilot pattern can
no longer guarantee an accurate CSI because the channel
changed during the estimation of the same channel matrix.
Therefore, the APP offers a better BER performance since
it takes into consideration the channel’s coherence time and
frequency.

To compare the pilot overhead performance, three use
cases should be investigated. The first use case is when the
channel is constant over exactly the same bandwidth and
time period as the conventional pilot pattern cluster. In this
case, both the APP and the fixed pilot pattern offer the same
pilot overhead. The second use case is when the channel
is constant over a larger bandwidth or time period than the
conventional pilot pattern cluster. In this case, the APP offers
better pilot overhead performance since it sends pilots only
when the channel changes. The third use case is when the
channel is variable over the conventional pilot pattern cluster.
In this case, the conventional pilot pattern offers better pilot
overhead but at the cost of a BER performance degradation.

In terms of flexibility, APP can be implemented with any
architecture while the conventional fixed pilot patterns are
limited to a given set of architectures.

In terms of complexity, conventional pilot patterns are
mapped once for each MIMO architecture. It is given by (6).
where nc is the number of δf × δt clusters. However, the APP
is mapped each time the number of resources in the coherence
time and bandwidth changes. That is equivalent to every
time the carrier frequency or the bandwidth or the number
of subcarriers change. Its complexity is given by (7), where
ncb, ncsp, and ncf are respectively the number of times the
bandwidth, the number of subcarriers, and the frequency
change. Consequently, the APP pilot pattern ismore complex.

cconventional = o(ncNt ) (6)

cAPP = o(ncbncspncf ncNt ) (7)

C. APP PERFORMANCE ANALYSIS
APP offers better BER performance than the conventional
channel estimation techniques since it guarantees to estimate
the channel coefficients within unchanging conditions inde-
pendently of the channel model and the system’s configura-
tion. However, if the number of antennas at the base station
exceeds the number of time slots in the coherence time, then
we need to use the next subcarrier to send pilots. That leads to
the apparition of an error floor during the channel estimation
phase.

To analyze this problem, let’s take the example of a
pilot pattern that considers two subcarriers at the same

coherence bandwidth. At the base station, the initial channel
in (8) contains pilots from both subcarriers.

H0 =



hk,1(f1, t1)
hk,2(f1, t2)
hk,3(f1, t3)
hk,4(f1, t4)
hk,5(f2, t1)
hk,6(f2, t2)
hk,7(f2, t3)
hk,8(f2, t4)


=



yk (f1, t1)/x1(f1, t1)
yk (f1, t2)/x2(f1, t2)
yk (f1, t3)/x3(f1, t3)
yk (f1, t4)/x4(f1, f4)
yk (f2, t1)/x5(f2, t1)
yk (f2, t2)/x6(f2, t2)
yk (f2, t3)/x7(f2, t3)
yk (f2, t4)/x8(f2, t4)


, (8)

with hk,i is the channel coefficient corresponding to the
k th antenna of the base station and the ith antenna of the
mobile station, fi is the ith subcarrier, ti is the ith time slot,
yk is the received signal at the k th receive antenna of the base
station and xi is the transmitted symbol from the ith antenna
of the mobile station.

Although the channel is nearly constant, a given chan-
nel coefficient hk,i(1, t) from the first subcarrier and the
same coefficient hk,i(2, t) from the second subcarrier does
not exactly have the same value. Therefore, the decoding
matrix W based on the estimated channel Ĥ can be written
as (9), where E is a small error value.

W (Ĥ ) = W (H )+ E, (9)

As a result, the estimated signal is expressed by (10).

X̂ = (W (H )+ E)HX + (W (H )+ E)N

= W (H )HX + (EHX +W (H )N + EN )

= W (H )HX + Ntot , (10)

with Ntot = EHX + W (H )N + EN is the new noise for-
mula. Therefore, the estimation error adds more noise to the
post-processing SNR of the estimated channel. Hence, it is
decreased compared to the post-processing SNR of a perfect
channel.

The bit error probability [37] is given by (11).

P(PPSNR(Ĥ )) = NeNsQ(
√
(PPSNR(Ĥ )d2min)/2)

= NeNs
1
2π

+∞∫
√

PPSNR(Ĥ )d2min
2

exp (
−u2

2
)du

= NeNs
1
2π

√
PPSNR(H )d2min

2∫
√

PPSNR(Ĥ )d2min
2

exp (
−u2

2
) du

+NeNs
1
2π

+∞∫
√

PPSNR(H )d2min
2

exp (
−u2

2
) du

= ε + P(PPSNR(H )). (11)
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That explains the existence of an error floor ε. This analysis
is shown in the simulation in Sec.V-B, Fig. 9.

Conventional channel estimation techniques mitigate this
phenomenon by handling each line of the initial channel (8)
separately with different interpolation’s start points [38].
However, this technique is quite complex when it is used
with the APP pilot pattern since the channel locations are
not known from the beginning. Therefore, the next section
suggests a new APP-based channel estimation technique at
the base station that solves the error floor’s problem automat-
ically without having to deal with each pilot on its own.

IV. NEW SHIFTED CHANNEL ESTIMATION
The previous section states that the APP-based channel esti-
mation can encounter an error floor if the number of antennas
at the mobile station exceeds the number of OFDM symbols
in the coherence time. It is caused by the attribution of the
known pilot sequence to different subcarriers on the initial
channel matrix before the interpolation phase. Therefore, this
paper proposes a new channel estimation (SACE). It solves
the error floor’s problem while ensuring robust estimation
results by adaptively keeping track of any channel model’s
power profile boundaries.

SACE is composed of three parts (LS channel estima-
tion, BER optimization, and shape correction) as illustrated
in Fig. 2.

FIGURE 2. SACE scenario.

The estimation part starts at the mobile station. It sends
pilots using the APP pilot pattern described in the previous
section. Next, at the base station, an initial channel matrix
is estimated for each user using the LS channel estimation
algorithm as in (8). Then, it is interpolated through all the
subcarriers under the same coherence bandwidth.

The optimization part is carried out to decrease the BER.
That is done by applying the robust technique in [8] adap-
tively according to the used channel’s power profile. First,
the estimated channel’s IFFT is computed. After that, the tem-
poral coefficients hn are screened following the power profile

corresponding to the adopted channel model as in 15.

hn =

{
hn if n ∈ {l0, l1, . . . , lL−1}.
0 otherwise.

(12)

Hence, if the coefficient belongs to the L significant paths
of the power profile then it is kept as it is or else it is set to
zero. Finally, the frequency coefficients are computed again
using the fast Fourier transform (FFT) transformation.

The correction part aims to shape the BER curve so that
it doesn’t meet a constant value. It consists of shifting the
coefficients estimated using the pilots of the nth subcarrier by
n subcarriers in the frequency domain as in Fig. 3.

FIGURE 3. Correction part of SACE.

V. NUMERICAL STUDY
To study the performances of the APP based on the analysis
in the previous sections, we adopted two use cases: Nr ≤ NTc
and Nr > NTc

A. USE CASE 1
The main purpose of this study is to compare the BER
performance of the APP and the LTE pilot pattern. Matlab
simulation of the system described in Sec.II is carried out with
the parameters in Table 2.

TABLE 2. Use case 1 system’s parameters.

This simulation supposes an architecture of one base
station with 16 antennas serving 8 users with 2 antennas
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each. Moreover, it considers the LTE band 33 i.e. from
1900 to 1920 MHz, since we are using the TDD mode.
It adopts N = 512 subcarriers and a mobility speed
of 120 km.h−1. Furthermore, it adopts the binary phase-
shift keying (BPSK) modulation scheme and the LS channel
estimation technique.

First, we simulate a scenario where the channel is constant
over one subcarrier. In this case, the adopted bandwidth is
20 MHz, then a scenario where the channel is constant over
6 subcarriers. To achieve that, we changed the adopted band-
width to 4 Mhz.

1) SIMULATION 1: CHANNEL IS CONSTANT OVER
ONE SUBCARRIER
The APP applied to the parameters in Table 2 with 20 MHz
bandwidth gives the result illustrated in Fig.4. Pilots are
inserted in all the subcarriers during two OFDM symbols
every period of 32 time slots.

FIGURE 4. APP pilot pattern for SUI4 channel model with 20 MHz
bandwidth.

Fig.5 shows the result of the BER versus SNR comparison
between the APP and the LTE pilot pattern while giving the
perfect channel case as a referee.

FIGURE 5. BER comparison of APP and LTE pilot pattern with 20 Mhz
bandwidth.

The final result shows that the APP reaches a BER= 10−3

for 30 dB while the LTE pilot pattern did not exceed

BER= 10−1. To discuss this result we analyzed the BER and
the pilot overhead performances.

a: BER ANALYSIS
After Analyzing the channel’s model and the system’s con-
figuration, the resulted parameters are: Bc = 50 kHz, Tc =
800µs, Bs = 49 kHz, Ts = 25µs, δt = 32, and δf = 1. There-
fore, to guarantee a correct channel estimation, the known
pilots should be sent in all the subcarriers every 32 OFDM
symbols. APP meets this requirement since it sends pilots
every bloc of one subcarrier and 32 time slots. However,
the LTE pilot pattern doesn’t fulfill it since it sends the known
pilots every 6 subcarriers and 4 time slots. That explains the
fact that the APP offers better performances than the LTE
pilot pattern.

b: PILOT OVERHEAD ANALYSIS
Pilot overhead is a crucial criterion for choosing pilot patterns
in massive MIMO. Hence, we ought to compare it too to
guarantee that the BER performance amelioration won’t cost
us any loss in terms of pilot overhead.

Pilot overhead of the LTE pilot pattern applyed on this
architecture is given by:

oLTE =
2
24

100 = 8% (13)

Pilot overhead of the APP applyed on this architecture is
given by:

oAPP =
2
32

100 = 6% (14)

That shows that the APP offers lower pilot overhead than
the LTE while ensuring better BER performances.

2) SIMULATION 2: CHANNEL IS CONSTANT OVER
SIX SUBCARRIERS
In the last section, we considered a scenario where LTE
does not give an optimal BER performance. Hence, in this
simulation, we are studying a scenario where the LTE should
give an optimal performance (The channel is constant over
more than 6 subcarriers and 4 time slots). This is achieved if
a total bandwidth of 4 Mhz is used.

The APP applied to this bandwidth is given in Fig.6. Pilots
are inserted in two consecutive OFDM symbols, once every
6 subcarriers and 6 time slots.

Fig.7 shows the results of the comparison between APP
and LTE pilot pattern with the perfect channel state case as a
referee.

The final result shows that the APP and the LTE pilot
pattern offer almost the same BER result that reaches 10−3

at SNR = 30 dB.

a: BER ANALYSIS
After changing the bandwidth, the new parameters are:
Bs = 7.8 kHz, Ts = 128µs, δt = 6, and δf = 6. Therefore,
to guarantee an optimal BER performance, the estimation
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FIGURE 6. APP pilot pattern for SUI4 channel model with 4 MHz
bandwidth.

FIGURE 7. BER comparison of APP and LTE pilot pattern with 4 Mhz
bandwidth.

should restart at least every bloc of 6 × 6 frequency/time
resources. This condition is verified by both the APP and the
LTE pilot pattern, which explains their BER performances are
very close.

b: PILOT OVERHEAD ANALYSIS
The pilot overhead of the LTE is the same (8%) since it is
fixed for all the adopted bandwidths. However, the APP’s
pilot mapping changes and is now given by:

oAPP =
2
36

100 = 5% (15)

That shows that in this case, even if the LTE and the APP
offer the same BER performance, the APP still grants lower
pilot overhead.

B. USE CASE 2
The main purpose of this simulation is to investigate the
problem of the error floor discussed in Sec.III-B and the BER

TABLE 3. Use case 2 system’s parameters.

performance of the shifted channel estimation technique.
It considers the system model described in Sec.II and the
configuration in Table 3.

Respecting the fifth generation’s specification in [39], this
simulation supposes an architecture of 8 antennas at the
mobile station and 32 antennas at the base station. Moreover,
it considers a bandwidth of 100 MHz in the 28 GHz band
divided into N = 512 subcarriers and a mobility speed
of 120 km.h−1. Furthermore, it adopts the BPSK modulation
scheme.

The APP applied to this specification is given by Fig.8.
It inserts pilots in two subcarriers and all the OFDM symbols
for each bloc of 5 subcarriers.

FIGURE 8. APP in the 28 Ghz band.

Fig. 9 illustrates the result of comparing the BER versus
SNR of four techniques:

• APP combined with MMSE channel estimation.
• APP-based channel estimation with only the optimiza-
tion part.

• SACE algorithm.
• Perfect channel.

It shows that the APP faces an error floor of BER = 10−2

if it is combined with conventional channel estimation
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FIGURE 9. BER performances of SACE.

techniques since it uses two subcarriers (instead of 1 in use
case 1). That evinces the BER analysis in Sec.III-C.

This error floor disappeared in the case of the SACE
algorithm that reaches a BER = 10−3 at SNR = 24 dB.
Furthermore, CASE offers an SNR amelioration of 17 dB
for BER = 10−2 compared to The APP combined with the
conventional MMSE algorithm.

That can be explained by the fact that shifting the coef-
ficients that are estimated using the second subcarrier will
lead to their interpolation between the second subcarriers of
each coherence bloc. Therefore, the error factor in (9) will no
longer exist, and the decoding matrix will be given by (16).
Hence, the bit error probability (11) will not face an error
floor.

W (Ĥ ) = W (H ). (16)

VI. CONCLUSION
This paper addresses the pilot pattern optimization issue to
ensure its BER optimization. It offers mainly five contribu-
tions. First, it proposes an adaptive pilot pattern called APP.
Then, it compares it to conventional fixed pilot patterns. Next,
it analysis its BER performance. After that, it suggests a new
channel estimation called SACE. Finally, it offers a numerical
study of the proposed techniques.

The main founded results are:

• APP guarantees a channel estimation within the coher-
ence time and bandwidth independently from the
channel model and the system’s configuration.

• APP offers equal or better BER than the conventional
fixed pilot patterns.

• APP offers equal or lower pilot overhead than conven-
tional pilot patterns without any cost in terms of BER.

• SACE suppresses the error floor caused by the use of
more than one subcarrier at the pilot pattern design.

• SACE offers an SNR amelioration of 17dB at
BER = 10−2 compared to the MMSE channel
estimation.

This APP design considers only the TDD mode. However,
several communication technologies are based on the FDD
mode. Therefore, further work is needed to use APP com-
bined with the FDD.
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