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Abstract

Compressed sensing-based matching pursuit algorithms can estimate the sparse channel of massive multiple
input multiple-output systems with short pilot sequences. Although they have the advantages of low compu-
tational complexity and low pilot overhead, their accuracy remains insufficient. Simply multiplying the weight
value and the estimated channel obtained in different iterations can only improve the accuracy of channel
estimation under conditions of low signal-to-noise ratio (SNR), whereas it degrades accuracy under conditions
of high SNR. To address this issue, an improved weighted matching pursuit algorithm is proposed, which
obtains a suitable weight value uop by training the channel data. The step of the weight value increasing with
successive iterations is calculated according to the sparsity of the channel and uop. Adjusting the weight value
adaptively over the iterations can further improve the accuracy of estimation. The results of simulations
conducted to evaluate the proposed algorithm show that it exhibits improved performance in terms of accuracy
compared to previous methods under conditions of both high and low SNR.
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1. Introduction

Massive multiple-input multiple-output (MIMO) systems are equipped with a large number of antennas
at a base station. This method can effectively improve transmission and spectrum efficiency. As the
number of antennas at the base station tends to infinity, the influence of thermal noise on the system can
be ignored [1-3]. To obtain these benefits, the base station must perform a precoding process on the
transmitted signal, which requires the base station to know the downlink channel state information (CSI)
in advance. The structure of the transmitted symbols in pilot-based channel estimation is shown in Fig.
1. To ensure the accuracy of channel estimation, the proportion of the pilot signal in the data frame should
increase with the number of antennas, resulting in a lower communication efficiency. Furthermore, it is
very difficult for mobile users to estimate the downlink channel with massive antennas in real time.
Therefore, research on channel estimation algorithms with low pilot overhead and high accuracy at
mobile user terminals has attracted considerable attention in recent years.

Experim ental results on channel measurement of actual communication systems have shown that the

channels of massive MIMO systems exhibit sparse or nearly sparse characteristics in many cases [4,5].
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Leveraging these sparse characteristics, compressed sensing-based channel estimation algorithms can
estimate the CSI of a massive MIMO system with shorter pilot sequences [6-8]. This approach has the
advantage of low computational complexity. The matching pursuit (MP) and orthogonal matching pursuit
(OMP) algorithms are commonly used to perform sparse channel recovery. Although their computational
complexity is low, the accuracy of their estimations cannot meet the requirements of massive MIMO
systems. Therefore, some modified algorithms have been proposed to improve estimation accuracy by
exploiting the joint sparse feature of the channel [9-11]; however, their application environment involves
very strict restrictions.

user

Bas station\

| pilot | data | | pilot | data |

Fig. 1. Frame containing pilot and data symbols; the pilot symbols block is used to estimate channels.

MP is an iterative algorithm in which the estimated values obtained in different iterations provide
different contributions to the final estimation result. However, the original MP algorithm does not
distinguish the estimated values obtained in different iterations, resulting in a low estimation accuracy.
To improve the accuracy of channel estimation, the iterations are divided into different stages [12]. The
number of selected indices remains constant over the iterations of a stage and successively increases with
a fixed step size from one stage to the next. Similarly, an algorithm called the variable metric method
based on gradient pursuit (VMMGP) was proposed, which applies the gradient descent algorithm to
channel estimation [13]. The estimated elements obtained in different iterations are multiplied by the
weight value to build the final estimation result. The weight values are calculated based on the residual
signal and the objective function of the gradient. In [14], an adaptive weighted OMP (AWOMP) algo-
rithm was proposed. The reciprocals of the residual signal in each iteration were used as weight values
to improve accuracy. After observing its performance in terms of accuracy over a larger range of signal-
to-noise ratio (SNR) values, it was found that the weighted algorithm could improve the accuracy of
channel estimation in the case of low SNR, but degraded it under conditions of high SNR. Therefore, an
adaptive weighting and MP (AWMP) algorithm was proposed in [15] to weight the channel estimations
obtained in each iteration under conditions of low SNR and use the original MP algorithm under condi-
tions of high SNR.

The weighted algorithms discussed above have the following disadvantages. First, the weight values
used in these weighted algorithms are not optimal. Second, the method for calculating weight values
based on residual signals is imprecise. The residual signal is related not only to noise but also to the
representation error of the measurement signal. In the case of low SNR, noise plays a dominant role. A

small weight value mainly suppresses noise, thus improving accuracy. In the case of high SNR, noise is
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no longer the dominant factor; hence, a small weight value mainly suppresses the useful measurement
signal and degrades the estimation accuracy. Finally, accurately estimating the SNR is very difficult in
actual communication systems; it is thus challenging to select different channel estimation algorithms
according to the SNR Ievel.

To solve these problems, in this study, we propose an improved weighted MP algorithm based on
compressed sensing. The algorithm assigns weight values to estimated elements obtained in different
iterations and then builds the final estimated channel. The weight value is obtained by training the channel
data and can be changed with an increase in the number of iterations. The result of simulations conducted
to evaluate the proposed approach show that the channel estimation accuracy is improved compared to
that of existing methods under conditions of both high and low SNR.

2. System Model

2.1 Massive MIMO

The channel between a mobile user and a base station in a massive MIMO system can be represented
by a high-dimensional vector. The elements in the vector are often assumed to be random variables with
zero mean and unit variance in a Gaussian distribution. Considering a massive MIMO system with a base
station equipped with N: antennas, the channel between the base station and a mobile user with a single
antenna can be represented as an Ni-dimensional vector. If multiple users with a single antenna or a user
with multiple antennas are considered, the channel is represented by a channel matrix. The channel matrix
can be vectorized to form a channel vector. For simplicity, we use an N-dimensional vector h to represent
the channel, which may be an actual channel vector or a channel vector obtained by vectorization of a
channel matrix. In the downlink, the pilot signals are transmitted from the base station to the mobile

users. The pilot response signal y received by the mobile user can be expressed as
y=®h+n @)

where @ = [®(1), P(2), ...f-D(Lp)]T is an L, x N dimensional pilot matrix, ®(i) represents the N-
dimensional pilot vectors transmitted by all N transmit antennas at time i, and L, is the length of the pilot
sequence. n is an L, X 1 dimensional additive white Gaussian noise vector, and each element in vector
n obeys a Gaussian distribution with zero mean and o variance.

If the actual channel does not exhibit sparse features, it can be converted to a sparse form using a sparse
dictionary. For convenience, only channels with a sparse form are considered herein. In traditional
channel models, it is often assumed that the elements of the channel are subject to a Gaussian distribution;
however, this assumption may not hold for the actual channels in practice. In the following subsection, a
universal channel model is introduced, which can be applied to sparse channels with any probability

distribution, including an unknown distribution.

2.2 Sparse Channel Model

If most elements of a signal vector are zero or close to zero, we call the signal vector sparse. The
number of non-zero elements in the sparse signal vector is called the sparsity degree, which is represented
by K. In addition to the sparsity degree, it is necessary to introduce the probability distribution of the
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elements in the sparse signal vector. To adopt an identical model to describe sparse signals with different

probability distributions, a universal model is introduced in Eq. (2) below.

h =h,0h, (@)

where h is an N-length sparse signal column vector, ® represents the Hadamard product, ha is a column
vector of length N, and each element in h. is a random variable obeying a certain distribution. hy is also
a random variable column vector of length , and each element in hy obeys the Bernoulli distribution
with the success probability parameter p. The value of parameter p is small, that is, the probability of
elements in vector h being non-zero is low, which ensures the sparsity of channel h. The elements in ha,
regardless of the probability distribution, do not affect the sparse characteristics of the channel.
According to the compressed sensing theory, the high-dimensional sparse vector h can be reconstructed
using the measurement vector y, even in a noisy environment. Reconstruction requires the design of a
measurement matrix and algorithm to estimate the non-zero positions of vector h and the values at those
positions. The non-zero positions are determined by vector hy, and the values at those positions are
determined by vector ha. In the proposed improved weighted MP algorithm, the non-zero positions of h
are first determined, and then the values at these non-zero positions are estimated. This is equivalent to
estimating hy first and then estimating h.. For simplicity, we no longer specifically emphasize the channel

estimation of ha or hy in the subsequent sections.

3. Weighted MP Algorithm

Compressed sensing techniques can estimate a sparse channel with short pilot sequences. An N-
dimensional sparse signal h can be reconstructed from M-dimensional random sample values y = ®h,
where @ is an MxN-dimensional measurement matrix (M<N). To ensure the accuracy of the
reconstruction, the measurement matrix is required to satisfy the condition of the restricted isometry
property (RIP). When the condition M > Klog (%) is satisfied, K is the sparsity degree of the sparse
signal, and the original sparse signal can be reconstructed using equation (3) below even in a noisy

environment [16].

h= argll]ninllhll{;0 s.t. |ly — (I>h||§2 <e, 3)

where [|. ||, denotes £4-norm, and ||. ||, denotes £,-norm.
The MP algorithm can be used to obtain a solution to Eq. (3). Only one element of the sparse signal is
estimated in each iteration. All the estimated elements obtained in the current and previous iterations are

stacked together according to their respective positions to construct the final estimated signal.

3.1 Weight Value Analysis

If the estimated element obtained in the initial iteration contains an error, this discrepancy causes the
estimated elements obtained in the subsequent iterations to contain a larger error; this phenomenon is
referred to as error propagation. The estimated element h; obtained in the i-th iteration consists of two

parts: the true value h; and the estimation error e;. According to the proportional relationship between
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the true value and the estimation error, a weight value is assigned to the estimated element. The weight
value is calculated as follows.

b2 1
leg|? )
h

u- = =
P hy]? 4 el?

Because the true value and error cannot be accurately known in practice, it is impossible to calculate

the weight value ui. However, the range of the weight value can be determined. When the SNR is high,

the error caused by noise is relatively small; thus, the weight value should be larger. The maximum value
of the weight, u;i = 1, is obtained when the noise approaches 0. When the SNR is low, the error caused by
noise is large, and the weight should therefore be smaller. The minimum value of the weight, ui = 0, is
obtained when the noise tends to infinity. Therefore, the actual weight value falls within the range 0-1.
In addition, the number of iterations affects the weight value. The non-zero elements in the sparse vector
are estimated in descending order according to the modulus value of the original MP algorithm. The
estimated value of each element is calculated as the inner product of the residual signal and the atom (the
column of the measurement matrix ®). As the number of iterations increases, the residual signal
sequentially removes the contribution of the estimated elements. Therefore, the modulus of the true value
and the error both decrease gradually with the number of iterations.

The estimation error e; consists of two parts and can be expressed as

ei = ai + bi (5)

where a; is the error caused by using atoms to approximate the i-th residual signal, b; is the error caused
by the noise in the i-th iteration. The elements in the measurement matrix are independent and identically
distributed Gaussian variables. Hence, the projections of noise on each atom are approximately equal,
that is, b; can be considered to be independent of iteration i. In comparison, a; decreases as the number
of iterations increases. By observing the variation curves of the actual signals a; and h;, it is found that
a; exhibits a faster attenuation speed than h;. Therefore, the weight value should increase with
successive iterations.

The growth curve of the weight value over successive iterations is affected by the probability
distribution and attenuation speed of the channel element, as well as by noise contamination. As it is
difficult to obtain an accurate expression of the growth of the weight value, it is assumed that the weight
value increases linearly for convenience of analysis. Therefore, the initial value and step of increase are
sufficient to obtain the required weight values for each iteration. These parameters can be easily obtained
from an actual channel environment. After training the channel data, a suitable weight value uop can be
obtained, which implies that the loss of estimation accuracy after weighting in the high-SNR region is
reduced, whereas the gain of estimation accuracy in the low-SNR region is increased. Given a suitable
weight uop, the weight increase at each step is calculated as A u = 2(1 — u,,)/K, where K is the number

of iterations. The initial weight value is calculated as uo = 2uop— 1.

3.2 Algorithm Description

To improve the accuracy of the estimation, an improved weighted MP algorithm is proposed, in which
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the weight value of ui is set to the newly added non-zero element. A flowchart of the algorithm is shown

in Fig. 2.
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u=u+Au

k=k+1

Output the
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Fig. 2. Flowchart of the proposed algorithm.

The main steps of the algorithm are described as follows.

(1) Parameter initialization
The parameter initialization operation is performed first. The residual signal ry =y, the number of
iterations k£ = 1, the support set (a set of non-zero positions of the sparse signal) is initialized as an empty

set, i.e., Ay = @, the sparsity degree is set as K, the set of indices of the atoms Q = {1,2, ... N}, and the

estimated signal h is initialized as the zero vector h, = 0.

(2) Select atom
By calculating the absolute value of the inner product between the residual signal and the atom, the

corresponding index of the atom, denoted as A(k), which has the maximum correlation with the current

residual signal ry,_4, is selected.

A(k) = arglgaxl(rk_l, D,)| (6)
ie
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Here, (ry_,, ®;) represents the inner product of the two vectors.

(3) Update support set
Combine the selected atom index A(k) with the support set A;_; obtained in previous iterations to form
a new support set Ay, i.e., A = Ap_ U{A(k)}.

(4) Calculate the value of hy, at position A(k)
Calculate the estimated value of hy, at position A(k), h,, (/I(k)) = (N—1, Pagiy)-

(5) Update the estimated signal h,, after weighting the estimated value of h,, at the position of 1(k)
Multiply (r,_;, ®5x)) by the weight value ux and substitute it into the corresponding position of h, to

complete the update of the estimated signal h,,.

h,=h,_, + ukilk(l(k)) @

(6) Update the weight value
Update the weight value u;, based on adjustment value Au.

U = Up_q + Au (8)

The weight adjustment value Au in the algorithm may take a positive or a negative value. A positive
value corresponds to an increase in weight value, while a negative value corresponds to a decrease in
weight value. If the weight value is increased, the maximum value cannot be greater than 1, and if it is

decreased, the minimum value cannot be less than 0.

(7) Update the residual signal 1y based on hy.
I, = 1y — ®h, )

If k> K, the iterative process is complete; otherwise, k = k + 1, and repeat steps (2)—(7) to perform the
next iteration.

(8) Output the final estimation hy.

4. Weighted OMP Algorithm

The concept of weighting is introduced into the OMP algorithm to verify whether the weighting method
is valid for other MP algorithms. The weighted OMP algorithm with a fixed weight value is called the
fixed-weighted OMP (FWOMP). The weighted OMP algorithm using a varying weight value is referred
to as varying-weighted OMP (VWOMP). The OMP algorithm differs from the MP algorithm in terms of
the signal estimated in the current iteration. In the OMP algorithm, the sparse signal estimated in the
current iteration already contains non-zero elements obtained in all previous iterations. The final esti-
mated signal is not a superposition of the estimations obtained in different iterations. Therefore, the signal
estimated in the current iteration is multiplied by the weight value first, and then removed from the
previous residual signal to obtain the residual signal of the current iteration. The key steps of the weighted

OMP algorithm are as follows.
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(1) Parameter initialization

First, a parameter initialization operation is performed, in which the residual signal r, =y, the number
of iterations k& = 1, the support set is initialized as an empty set, i.e., A, = @, the sparsity degree is set as
K, the set of indices of the atoms Q = {1,2,... N}, and the estimated signal h is initialized as the zero

vector ilo =0.

(2) Select atoms
By calculating the absolute value of the inner product between the residual signal and the atom, the
corresponding index of the atom, denoted as A(k), which has the maximum correlation with the current

residual signal 1y _4, is selected.
Alk) = arglgaXI(Tk-p ;)| (10)
LE

(3) Update support set
Combine the selected atom index A(k) with the support set A;_; obtained in the previous iteration to
form a new support set Ay, that is, A, = Ap_, U{A(k)}.

(4) Calculate the value of hy, at the position of Ay

“ -1

hk = (¢Xk¢Ak) ¢Xky (] 1)
The estimated value of h, at the position of Ay is calculated using Eq. (10).

(5) Update the estimated signal after the weighting.
Multiply h,, by the weight value u, to update k.

ilk = ukilk (12)

(6) Update the weight value

Update the weight value u;, based on adjustment value Au.
U = Up_q +Au (13)

The weight adjustment value Au in the algorithm may take a positive or a negative value. A positive
value corresponds to an increase in weight value, while a negative value corresponds to a decrease in
weight value. If the weight value is increased, the maximum value cannot be greater than 1, and if it is

decreased, the minimum value cannot be less than 0.
(7) Update the residual signal 1y based on the estimated signal hy.
l‘k = l'k_l - (DBk (14)

If k> K, the iterative process is complete; otherwise, k =k + 1, and repeat steps (2)—(7) to perform the

next iteration.

(8) Output the final estimation h.
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5. Simulation Results

In this section, we present the results of simulations performed to evaluate the proposed approach. The
accuracy of channel estimation was evaluated in terms of the normalized mean square error (NMSE),

which was calculated using the following equation:

o 2
— 10log.. (IR =hl (15)
HUnmse = 810 RE

where h and h are the estimated and actual channels, respectively.

The proposed algorithm with a fixed weight value is called the fixed-weighted MP (FWMP) algorithm.
A suitable value of uop was obtained by training the channel data. The influence of different weight values
on the channel estimation accuracy was determined first. The simulation parameters were set as follows.
The length of vector h, was 256. Each element of h, was a normally distributed random variable with
zero mean and unit variance. The length of vector h;, was also 256. Each element obeyed the Bernoulli
distribution with a success probability of p = 0.05.

The estimation accuracy achieved by the FWMP algorithm using different weight values is shown in
Fig. 3. The FWMP algorithm with a weight value u = 1 is the original MP algorithm. It can be observed
that the NMSE first decreased and then increased as the weight value increased from 0.4 to 1.2. Compared
with the original MP algorithm, it can be further observed that the NMSE performance of the FWMP
algorithm in the low-SNR regime can be improved with uo, = 0.8. In contrast, the NMSE performance
was degraded in the high-SNR regime, because the channel noise has less influence on the measured
signal under such conditions. A non-one weight value distorts the estimated signal and degrades the
estimation accuracy. After training with different weight values, the suitable value uop= 0.8 was obtained
in the specific channel with the model parameters given above.

NMSE/dB

SNR/dB

Fig. 3. Comparison of NMSE performance of FWMP algorithm with different weight values.

Because the estimation error varies between iterations, assigning varying weight values for the

estimated elements obtained in each iteration is more reasonable. This reconstruction algorithm is called
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varying weighted MP (VWMP). The VWMP algorithm is similar to the FWMP algorithm, except that
the weight value changes between iterations. A comparison of the performance of the FWMP, VWMP,
and original MP algorithms in the same simulation environment is shown in Fig. 4. The fixed-weight
value in the FWMP algorithm was set to 0.8. In the VWMP1 algorithm, the initial value of the weight
was set as 2*0.8-1= 0.6. The step of the weight increase was calculated as A u = 2(1 — 0.8)/13=0.03.
To ensure that the weight value of the final iteration could be increased to 1, A u was increased to 0.05.
In the VWMP2 algorithm, the initial value of the weight was set to 1. The weight value decreased by
0.05 for each iteration. There was an approximately equal mean weight value between the VWMP1 and
VWMP2 algorithms for fairness. It can be observed from Fig. 4 that the VWMP1 algorithm exhibited
superior performance compared to the MP algorithm in terms of the NMSE. The VWMP1 algorithm was
able to achieve a gain of approximately 1 dB in both the low- and high-SNR regimes compared with the
original MP. Compared with the FWMP algorithm (z = 0.8), the VWMP1 algorithm could achieve a gain
of approximately 5 dB under conditions of high SNR and similar NMSE performance in the low-SNR
regime. The VWMP2 algorithm showed the worst performance in most cases, except for a weak perfor-
mance improvement in the low-SNR regime. This shows that the proposed method of initializing the
weight value and increasing it iteratively can improve the accuracy of the estimation under both low- and
high-SNR conditions.

! --EF- MP

| FWMP,u=0.8
} } —€¢— VWMP1

|

|

|

—6— VWMP2

NMSE/dB
N
T
I
I
I
I

SNR/dB
Fig. 4. Comparison of NMSE performance of different MP algorithms.

A suitable weight value was also obtained using the WOMP algorithm by learning the sparse channel
data. Parameters of the sparse channel model were the same as those in the WMP algorithm, except for
the success probability p = 0.07. The estimation accuracy of the FWOMP algorithm with different weight
values is shown in Fig. 5. It can be observed that the accuracy of the FWOMP algorithm first improved
and then decreased as the weight value increased from 0.7 to 1.0. Then, a suitable weight value of ug,=
0.9 was obtained. It may also be noted from the simulation results that the FWOMP algorithm performed
better than the original OMP at a low SNR, whereas it performed worse with a high SNR, because the
weight value does not change with iterations. The accuracy of the FWOMP algorithm with the weight
value # = 1.1 was inferior to that of the OMP algorithm in both the high- and low-SNR regimes. This
was due to the fact that the weight value exceeded the maximum value of 1.
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Fig. 6. Comparison of NMSE performance of different OMP algorithms: (a) low SNR and (b) high SNR.

A comparison of the performance of the FWOMP, VWOMP, gradient pursuit (GP) [13], AWOMP
[14], and the original OMP algorithm is shown in Fig. 6. The FWOMP algorithm used a weight value of
0.9. In the VWOMP algorithm, the weight value was initialized as 0.8, and the weight increase step A u
was set to 0.01. It can be observed from the simulation results that the GP and AWOMP algorithms
showed slightly improved performance compared with the original OMP algorithm under low-SNR
conditions, but exhibited reduced estimation accuracy under high-SNR conditions. Compared with the
GP, AWOMP, and FWOMP algorithms with a weight value of 0.9, the VWOMP algorithm showed
significantly improved accuracy at high SNR and almost the same performance at low SNR. This shows
that the weighting method can be successfully applied to the OMP algorithm.

To further illustrate the performance of the proposed algorithm, a comparison of the bit error rate (BER)
of different algorithms is shown in Fig. 7. The parameter of success probability p = 0.09. Quadrature
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phase-shift keying modulation and a half-rate convolutional code with generator sequences G =
[1011011, 1111001] were utilized. As shown in Fig. 7, the performance of the proposed weighted
algorithms exceeded that of other algorithms in terms of BER. This shows that the proposed algorithm
was able to obtain a more accurate estimated channel and thus a better BER.

10- H e VWMP - - - - - -~~~ “—“Z—Z—ZDTZ—TZ—Z—Z—Z-—_<-<%™
H —é— OMP -
0 ==4==yWOMP |- --CZZ2°CT77C
| ==é--AwomP |~~~ """~
4| &-GP
10 T T
0 2 4

SNR/dB

Fig. 7. Comparison of BER performance of different algorithms.

6. Conclusion

To solve the problem of poor channel estimation accuracy in massive MIMO systems, we proposed an
improved weighted channel estimation algorithm, in which the estimated signals obtained in each
iteration are weighted to improve the estimation accuracy. The estimated signal is weighted to find the
correct atom with greater probability and achieve a balanced performance between the low- and high-
SNR regimes. Because the residual signal becomes increasingly smaller with successive iterations,
increasing the weight values iteratively can further improve the estimation accuracy under both low- and
high-SNR conditions. The validity of the improved weighted MP algorithm was verified by the simula-

tion results.

Acknowledgement

This work was supported in part by the science and technology breakthrough project of the Henan
Science and Technology Department (No. 192102210249, 192102210116, and 212102210470), Key
projects of colleges and universities in Henan Province (No. 19B510007 and 19A520006). It was also
supported in part by the Science and Technology Development Plan of Henan Province (No. 2021023
10625).

1094 | J Inf Process Syst, Vol.17, No.6, pp.1083~1096, December 2021



Zhiguo Lv and Weijing Wang

References

[1] E. G. Larsson, O. Edfors, F. Tufvesson, and T. L. Marzetta, “Massive MIMO for next generation wireless
systemsm” I[EEE Communications Magazine, vol. 52, no. 2, pp. 186-195, 2014.

[2] M. Pappa, C. Ramesh, and M. N. Kumar, “Performance comparison of massive MIMO and conventional
MIMO using channel parameters,” in Proceedings of 2017 International Conference on Wireless Communi-
cations, Signal Processing and Networking (WiSPNET), Chennai, India, 2017, pp. 1808-1812.

[3] J.Lee, K. J. Choi, and K. S. Kim, “Massive MIMO full-duplex for high-efficiency next generation WLAN
systems,” in Proceedings of 2016 International Conference on Information and Communication Technology
Convergence (ICTC), Jeju, Korea, 2016, pp. 1152-1154.

[4] W. U. Bajwa, A. Sayeed, and R. Nowak, “Sparse multipath channels: Modeling and estimation,” in
Proceedings of 2009 IEEE 13th Digital Signal Processing Workshop and 5th IEEE Signal Processing
Education Workshop, Marco Island, FL, 2009, pp. 320-325.

[5] G. Gui, N. Liu, L. Xu, and F. Adachi, “Low-complexity large-scale multiple-input multiple-output channel
estimation using affine combination of sparse least mean square filters,” /ET Communications, vol. 9, no. 17,
pp. 2168-2175, 2015.

[6] S.Hou, Y. Wang, T. Zeng, and S. Wu, “Sparse channel estimation for spatial non-stationary massive MIMO
channels,” IEEE Communications Letters, vol. 24, no. 3, pp. 681-684, 2020.

[71 X.Lv,Y.Li, Y. Wu, and H. Liang, “Kalman filter based recursive estimation of slowly fading sparse channel
in impulsive noise environment for OFDM systems,” IEEE Transactions on Vehicular Technology, vol. 69,
no. 3, pp. 2828-2835, 2020.

[8] W. Zhang, T. Kim, and S. H. Leung, “A sequential subspace method for millimeter wave MIMO channel
estimation,” /IEEE Transactions on Vehicular Technology, vol. 69, no. 5, pp. 5355-5368, 2020.

[9] Z.Gao, L. Dai, W. Dai, B. Shim, and Z. Wang, “Structured compressive sensing-based spatio-temporal joint
channel estimation for FDD massive MIMO,” IEEE Transactions on Communications, vol. 64, no. 2, pp.
601-617, 2016.

[10] W. Ding, F. Yang, W. Dai, and J. Song, “Time—frequency joint sparse channel estimation for MIMO-OFDM
systems,” IEEE Communications Letters, vol. 19, no. 1, pp. 58-61, 2015.

[11] J. Si, X. Hou, and Y. Cheng, “Joint multi-signal reconstruction based on block pruning multipath matching
pursuit,” Systems Engineering and Electronics, vol. 38, no. 9, pp. 1993-1999, 2016.

[12] Y. Zhang, R. Venkatesan, O. A. Dobre, and C. Li, “Efficient estimation and prediction for sparse time-varying
underwater acoustic channels,” IEEE Journal of Oceanic Engineering, vol. 45, no. 3, pp. 1112-1125, 2020.

[13] P. P. Liu, L. I. Lei, and H. Y. Wang, “Research on greedy reconstruction algorithms of compressed sensing
based on variable metric method,” Journal on Communications, vol. 35, no. 12, pp. 98-105, 2014.

[14] X. Zhu, Y. M. Li, and X. Q. Liu, “Impulse radio ultra-wideband signal detection based on compressive
sensing,” Journal of Microwaves, vol. 30, no. 5, pp. 76-81, 2014.

[15] X. Yu, H. Zheng, and Y. Zeng, “Adaptive weighting matching pursuit algorithm based on compressed
sensing,” Journal of Chongqing University of Posts and Telecommunication (Natural Science Edition), vol.
28, no. 5, pp. 707-712, 2016.

[16] M. F. Duarte and Y. C. Eldar, “Structured compressed sensing: from theory to applications,” IEEE Tran-
sactions on Signal Processing, vol. 59, no. 9, pp. 4053-4085, 2011.

J Inf Process Syst, Vol.17, No.6, pp.1083~1096, December 2021 | 1095



Massive MIMO Channel Estimation Algorithm Based on Weighted Compressed Sensing

Zhiguo Lv https://orcid.org/0000-0002-2747-3487

He received the B.S. degree in applied electronic technology from Henan Normal
University in 2000. He received the M.S. degree in communication and information
systems from Guilin University of Electronic Technology in 2008. He received the
Ph.D. degree in communication and information systems from Xidian University in
2019. He is currently a lecturer at Luoyang Institute of Science and Technology. His
research interests include compressive sensing, channel estimation, and MIMO
techniques.

Weijing Wang https:/orcid.org/0000-0001-5710-9873

She received the B.S. degree in mathematics and applied mathematics from Henan
University of Science and Technology in 2003. She received the M.S. degree in
computer science from Henan University of Science and Technology in 2006. She is
currently a lecturer at Luoyang Institute of Science and Technology. Her research
interests focus on image processing and artificial intelligence.

1096 | J Inf Process Syst, Vol.17, No.6, pp.1083~1096, December 2021




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


