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Abstract. With the rapid development of 5G, massive MIMO tech-
nology has become one of the most important technologies in 5G. How-
ever, while massive MIMO technology could provide reliable performance
guarantee, with the number of antennas increases, the problem of channel
estimation has also become more complicated. To solve this problem, we
propose a channel state estimation and tracking algorithm based on par-
ticle filter, when considering the temporal correlation between the mil-
limeter wave narrowband block fading channels. A channel state model
including channel gain, the angle of arrival, and the angle of departure
has been established. A performance comparison is carried out, in terms
of normalized mean square error, considering massive MIMO channel
estimation, for different algorithms. We also take into account the per-
formance affected by signal to noise ratio and the number of anten-
nas. Numerical results show that the performance can be considerably
improved in the case of a large number of antennas over the conventional
scheme. Furthermore, this algorithm also has better performance under
traditional MIMO conditions.

Keywords: Millimeter wave + Massive MIMO -+ Channel tracking -
Particle filter

1 Introduction

With the rapid development of 5G technology, millimeter wave technology has
become a research hotspot in 5G related technologies, because millimeter wave
can provide lower delay and higher transmission rate for the applications in 5G
[10]. However, millimeter wave has higher frequency band compared with tra-
ditional microwave communication. In this case, millimeter wave has a shorter
wavelength, which is much smaller than the size of obstacles. Therefore mil-
limeter has limited scatterings and higher path loss during transmission, which
also makes the millimeter wave channel sparse [6]. Compared with the traditional
communication technology with a lower carrier frequency range, millimeter wave
technology has higher cost and power consumption.

In order to overcome the above shortcomings of millimeter wave, massive
multiple-input multiple-output (MIMO) technology can be used to provide huge
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gain for communication systems [8]. Setting tens or even hundreds of antenna
elements at the base station can provide sufficient array gain and path gain for
the communication system, with high spectral efficiency and energy efficiency
[5]. Since the wavelength of the millimeter wave is short, and the antenna unit
spacing of the uniform linear array (ULA) is half the wavelength, the transmitter
and the receiver can use a large-scale antenna array for information transmission
under the condition of the limited antenna array size. The great path gain of
massive MIMO technology can meet the stringent performance requirements in
5G [9].

Beamforming technology is one of the most important technologies of mas-
sive MIMO. Because beamforming technology can provide huge beam gain for
communication systems to overcome the severe path loss problems caused by
millimeter wave and the hardware limitations in massive MIMO systems [5].
Whether analog beamforming, digital beamforming, or hybrid analog beamform-
ing, the transmit beamforming vector and the receive combiner vector need to
be designed based on channel state information (CSI). Therefore, the design of
a good beamforming structure needs to be obtained through effective channel
estimation.

In general, channel estimation can be divided into two ways: implicit channel
estimation and explicit channel estimation. In the implicit channel estimation
process, the transmitter and the receiver do not need to know the complete
channel state information, and the beamforming can be performed iteratively
through the pre-designed beamforming codebook, under certain standard con-
ditions [1]. However, in this way, the massive MIMO communication system
needs to bear higher complexity costs, which is not able to meet the stringent
performance requirements of the millimeter wave communication system. For
explicit channel estimation, Alkhateeb proposed an adaptive algorithm for esti-
mating the channel, which uses a beamforming vector with different beamwidths
at different stages to search for the paths [2]. The authors of [11] proposed an
algorithm to estimate the angles of arrival (AoA) and angles of departure (AoD)
of the beam by using extended Kalman filter, and achieved good results. The
algorithm is still worth continuing to improve when the number of antennas is
large.

The contributions of this paper are mainly in two aspects. First, we propose a
channel estimation and tracking algorithm that can be applied to multi-antenna
MIMO, where the number of antennas of massive MIMO can sometimes be as
many as hundreds. The traditional MIMO channel estimation algorithm can only
work when the number of antennas is small. Second, our proposed algorithm also
has a good performance when the number of antenna is small, especially in the
case of high signal to noise ratio (SNR).

The rest part of the paper is organized as follows. Section 2 illustrates the
channel model and the temporal correlated of millimeter wave MIMO channel.
Section 3 gives the expression of the observation and presents our algorithm for
channel estimation and tracking. In Sect. 4, performance analysis is presented
comparing our method with traditional one. Then, Sect.5 concludes this paper.
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2 System Structure and Channel Model

This section introduces the millimeter wave MIMO channel model. A channel
model of the millimeter wave can be established in the angle domain, the expres-
sion of the channel matrix H is

N
H= Z Opay (¢n,A) afl (¢n,D) ) (1)

n=1

where N is the number of paths, «,, is the paths gain, a, (¢,,4) and a; (¢,,p)
represent the array response vectors of AoA and AoD, respectively. The ¢, 4
and ¢,, p denote AoAs and AoDs of N independent paths. Assume that the ULA
model is deployed at the transmitter and the receiver. Then, the expressions of
the array response vectors in the AoA and AoD are

1 o . . T
a, (bn.a) = — [1,ey%dcos(¢n,/a>7... ,ea<Nr71>%dcos<¢n,A)} 2)
and -
ag (¢n,D) = \/% |:17 6-742T7‘-65COS(<1571,D)7 - 7ej(l\/vt—l)QTﬂ-dCOS(¢n,D)i| , (3)
t

where A is the wavelength of the carrier and d is the distance between transmit
antennas.

The following is a signal model for a millimeter wave massive MIMO system.
For simplicity, assume that the pilot x to be transmitted is 1. The received signal
expression can be expressed as

y =wlHf +v

al (4)
Z O‘anar (d)n,A) afI (d)n,D) f+v,

n=1

where the vectors w and f represent the combiner vector and the beamform-
ing vector at the receiver and the transmitter, respectively. The received signal
expression for a specific path will be further introduced in the Sect.3, and its
form will be further simplified.

2.1 Temporal Correlated Millimeter Wave MIMO Channel Model

Now we consider narrowband block-fading channel state model in the millimeter
wave massive MIMO system [4]. In this channel model, parameters are stable in
the same block and have the temporal correlation in adjacent blocks. First, we
define a channel state vector at block k as

x k] = [ar [K] a1 [K], ¢ [K], op (K], (5)

where ag [k] and aj [k] represent the real and imaginary parts of the correspond-
ing path gain of the same path respectively, ¢4 [k] and ¢p [k] are AoA and AoD
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of the corresponding path. Assume that the path gain in the channel matrix
at different blocks is subject to the first-order Gauss Markov model, as shown
below

a; [k + 1] = pay; [k] + < [k], (6)

where p € [0,1] is the time correlation coefficient, which follows Jakes’ model [7]
according to p = Jy (2nfpT). The Jy (-) is the zeroth order Bessel function of
first kind, and the fp and T denote the maximum Doppler frequency and channel
block length, respectively. The subscript ¢ indicates the real or imaginary part of

the path gain, ¢[k] ~ N (O, %) represents excitation noise between adjacent
states. In the adjacent channel blocks, the corresponding AoA and AoD state

update models are
olk+1=0lk] +n. (7)

¢ [k] € (—m, x| represents the AoA or AoD of the path in the channel, and n
represents state excitation noise.

Through the path gain between the adjacent channel blocks and the state
update model of AoA and AoD, we can conclude that the corresponding chan-
nel state vector equation of the millimeter wave massive MIMO system can be
expressed as follows

x[k+1 =Fx[k— 1] +ulk—1], 8)

where F = diag ([p,p,1,1]) and u[k] ~ CN (0,X,), X, = diag([%,%,
0%,0%)]) represents the noise during the update of different state variables.

3 Observation and Channel Tracking

3.1 Observation

In order to complete the implementation of dynamic channel estimation and
tracking algorithm, the corresponding observation equation is needed. We define
by = cospa —cosha, Pp = cosdp — cos ¢p, where ¢4 represents the beam
direction controlled by the combiner, and cos ¢p represents the direction of the
beamforming vector at the transmitter. A simplified expression can be get as
follows

— 11— ejNde@A
W (0a)ar(0a) = o T rama )

Similarly, we can get a simplified expression of al (¢p)f(ép). Then received
signal can be simplified as

Ly 1—eiNekdPas | _ g=iNekd®p,;
y= Z NN, 1—eikdPa, | _ ¢—ikdPn,
i=1

+v. (10)

The transmitter transmit the known training symbols through the beam-
forming vector at the transmitter, and the final received signal can be obtained
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by using the combiner vector at the receiver. Section 2 has introduced the mil-
limeter wave dynamic channel state model. Therefore, in the training phase, we
pre-designed the corresponding beamforming matrix F and the combiner matrix
W, which are expressed as

W = [W17W2a"' 7WN]7

11
F:[fl7f27"'7fN]7 ( )

where each column of F and W represents a beamforming control vector in
a specified direction. The final expression of the received signal that can be
obtained is
Y = W'HF +V
W{IHfl W{IHfZ W{IHfN
wilHf, wil Hf, - wiHfy (12)
. . ) . +V.

We select the elements on the diagonal we want to get

UYn :WfonJrv

I
=> wllaa(¢ia)af (¢i0)fn + v
i=1 (13)
= an Wyl ar(¢n,4)af (én,p)f0+
Z aiwlla,(¢ia)af (¢ip)tn + v.
i#En
For (13), due to the determinism of the main lobe direction of beamforming,

cor}sider the latter two parameters as a new noise v,. Let f, = a(q@n,D), W, =
a(¢n, 4), by using the conclusion of (10), we can get

1 — eiNvkd®a | _ o—jNikd®p

an
Y= NN, 1_chida 1 _cskabp T (14)
= h(x[k]) + vy

In this way, the millimeter wave dynamic channel state model and the observa-
tion model of the system have been established. Next, we are going to present
a algorithm to estimation and tracking the channel state under the state-space
model.

3.2 Particle Filter Based Channel Tracking

Now, the state-space model of the channel through the state model (8) and the
observation model (14) have been established. Here we can try to obtain the
estimation of the channel state parameters by using the Bayesian estimation
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idea. The idea of Bayesian estimation can be expressed as estimating the hid-
den channel state information by prediction and correction. Prediction refers
to estimating the channel state of the current block by using the channel state
estimation of the previous block in consideration of the temporal correlation of
the adjacent blocks. Correction means that the estimated current channel state
is corrected based on the observation value of the current block, so that it is
more likely to close to the true channel state. The idea of Bayesian estimates is
shown in Fig. 1.

Likelihood
Prior Predicitive Function
X, |Xx ca / X Updated
Old posterior PO (%) dax distribution M’ osterior
(e 1Y) y
PO | ) PR p(x, Y,)
-1
z

Unit-time dalay

Fig. 1. The idea of Bayesian estimation.

In order to use Bayesian estimation, the state model (8) and the observation
model (14) is needed. (8) expresses the changing relationship of channel param-
eters between adjacent blocks, and (14) expresses the relationship between the
channel state and the received signal at a certain block. Bayesian estimates
have a variety of specific forms, such as Kalman filter, extended Kalman filter,
unscented Kalman filter, particle filter, etc., and their application scenarios are
different. The algorithm in [11] tracking the AoA and AoD of the channel by
extended Kalman filter. Extended Kalman filter can be used to estimate param-
eters for slightly nonlinear systems with Gaussian noise, therefore authors of
[11] use it to estimate the AoA and AoD of channel. With the number of MIMO
antennas increases, the nonlinearity of the system will be further improved. It
will be difficult to solve the channel state estimation problem of massive MIMO
by using extended Kalman filter. At the same time, since the channel character-
istics of massive MIMO do not have an ideal model, the actual noise may not
be described by simple Gaussian noise. Therefore, it is considered to estimate
the channel of massive MIMO with particle filter [3]. Particle filter has a good
performance when processing nonlinear systems with non-Gaussian noise.

We give the specific content of our algorithm in Algorithm 1, and then give
some definitions of symbols. z, pre is the predicted value for the x state at &k
block, and Y pre is the observed value for the x state predictor at & block. It is

worth noting that the yy ,re here is a plural. sc,(f) ~ p(z) represents the particle
x,(f) extracted from the posterior distribution p(zy) at k block. w,(;) is the weight
of the corresponding particle.
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Algorithm 1. Particle Filter based Channel Tracking.

Require: Observation = {y1,y2, - ,¥yn}. Initial value of channel state zo.
Ensure: zj as the estimation of channel state.
1: Initialization: w((f) =%, T () Np(mo)

2: for each blocks k =1, 2, 3 - do
3:  for each particle 1 =1,2,3,--- , N do

4 State predict: :cfvll pre = F{E( R + ug
5: Observation predict: y,(e:)_l’pw h (mk+l> + Vkt1
6 Weights update: eff}rl = |Ykt1,pre — ’yk+1| )
RO
(7{) . 1 67 213\-}—01

: Wit1 = 22N,
8: end for

9 Tryr = Z wk+1xk+1 pre
10: Resample. xkil ~ p(Tr+1), wz(fll =%
11: end for

When the channel is estimated by particle filter, the diversity of particles
may gradually disappear over time. Therefore, we try to maintain the diver-
sity of the particles by resampling after the estimation is completed at each
blocks. The specific method is drawing a set of N discrete random variables
{I(l),I(Q), e ,I(N)} that take values in the corresponding set {1,2,--- N}
with probabilities P (1) = i) = w,(:). Then let w,(;) = +. When using parti-
cle filtering, the selection of the importance distribution ¢ (x|yx) is critical. In
this algorithm, the left side of the particles of the previous moment are multi-
plied by the state transition matrix F and then the disturbance according to the
statistics of the state transition noise u[k] is added.

By observing the algorithm table, It is easy to know that the complexity of
particle filter increases linearly with the increase of the number of particles, and
the requirement of storage also increases linearly with the increase of the number
of particles. Therefore, particle filter’s complexity and storage requirements are
improved compared to extended Kalman filter.

4 Performance Analysis

In order to further verify the reliability of channel estimation and tracking of the
algorithm in millimeter wave massive MIMO system, we carried out a series of
simulation experiments and obtained the conclusion based on the corresponding
simulation results.

The number of ULA antennas used at the transmitter and receiver are Ny, N,
respectively. ULA at the transmitter and receiver both are based on an analog
beamforming structure. The number of RF chain is one. Pilots is transmitted
under the channel model of millimeter wave narrowband block-fading. Since the
channel of millimeter wave MIMO is sparse, different paths under the channel
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can be more easily distinguished. Assume that there is only one path falls within
the main lobe, and the weak signals in the side lobes are treated as noise. The
time correlation coefficient between adjacent channel blocks is p = 0.995, 0% =

0% = %7‘(’2. The proposed algorithm is been simulated with using N = 1000 as
the number of particles. For the sake of easy, assume only consider one path in
the channel model. For each point in the figures, we simulate 100 blocks.
Compare our proposed algorithm (Abbreviated as PF) with the extended
Kalman filter (Abbreviated as EKF) described in [11], and use the normalized
E([5—x|%)
E(|x[12)
channel state as the evaluation criterion.

mean square error (NMSE) (where x is the estimation of x) of the

NMSE(dB)

_55 Il Il Il Il Il Il Il Il
6 8 10 12 14 16 18 20 22

SNR(dB)

Fig. 2. NMSE of x versus SNR, N; = N, = 16.

First, consider the case where the NMSE of both algorithm changes with SNR
from 5dB to 22 dB when the number of transmitting antennas N; = 16 and the
receiving antennas N, = 16. From Fig. 2, it can be seen that the system has
strong linearity due to the small number of transmitting and receiving antennas.
Therefore the EKF has achieved good results in estimating and tracking the
channel in this case. However, it is easy to find that the performance of the
proposed algorithm is still better than EKF at all range of SNR. The difference
between the two algorithms” NMSE is further widened with the increase of SNR.
The difference is only about 5dB when SNR =5dB, but the difference is about
12dB when SNR =22 dB. Moreover, EKF reaches the performance limit when
SNR =20dB, and the NMSE curve tends to be gentle. And the estimated value
of both algorithm is more closer to the real situation with the SNR increases.
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—*%— EKF
2+ —&— PF =

NMSE(dB)

7 8 9 o 11 12 13 14 15 16 17
SNR(dB)

Fig. 3. NMSE of x versus SNR, N; = N,. = 64.

Considering that the number of antennas for massive MIMO can be as high
as hundreds, we have the simulation with N; = N, = 64. Figure3 shows the
NMSE of both algorithm changes with SNR from 7dB to 17dB. It can be seen
from Fig.3 that the EKF is almost completely unable to estimate the state
of the channel in this case, especially the estimation of AoA and AoD. We
present simulation results of the tracking of AoA and AoD over time by EKF
and PF under N; = N,. = 64 and SNR =20dB, which are shown in Figs.4 and
5, respectively.

We also consider the case where the NMSE of both algorithm changes with
number of transmitting antennas N; and the receiving antennas N, from 4 to
64 when the SNR=20dB. It can be seen from the Fig.6 that the processing
capability of the EKF for the channel state is limited to the case where the
number of antennas is less than 32. When the number of antennas exceeds 32,
the estimation and tracking ability of the channel state cannot meet the basic
requirements. The PF algorithm still has good ability to estimate and track
channels when the number of antennas is more than 32.

The reason why EKF does not perform well under these conditions is
extended Kalman filter can only handle a certain degree of nonlinear system.
From the basic principle of EKF, due to the nonlinear tracking of EKF is mainly
approximated to the true value by first-order partial derivative of the Jacobian
matrix. Therefore, when the degree of nonlinearity is high, the EKF cannot track
the dynamically changing parameter information very well. While particle filter
can handle any nonlinear problem. With the number of transmitting antennas
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Fig. 4. EKF, AoA and AoD changes with blocks, SNR=20dB, N; = N, = 64.
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Fig. 5. PF, AoA and AoD changes with blocks, SNR =20dB, N; = N, = 64.
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Fig. 6. NMSE of x versus the number of antennas, SNR =20dB.

and receiving antennas increases, the degree of nonlinearity of the system also
increases, so PF will achieve better performance.

When the number of antennas is small and the signal to noise ratio is low,
the PF has only a limited gain compared to the EKF. However, the performance
improvement of PF comes at the cost of increased complexity and storage. There-
fore, in practical applications, it is necessary to make a suitable choice among
the two algorithms according to specific requirements.

5 Conclusions

In this paper, we propose a estimation and tracking algorithm based on particle
filter, which can solve the problem of estimating and tracking the channel state
of massive MIMO including channel gain, AoA and AoD. Although the algo-
rithm has higher complexity than the traditional algorithm, the algorithm still
has these advantages: This algorithm has better performance under traditional
MIMO conditions, especially when the SNR is limited. This algorithm can be
extended with the number of antennas increases, and have a great performance
improved by tracking the AoA and AoD of channel.
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