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LS/ MMSE/ ELM/ RELM/ ORELM/ Channel Estimation/ Machine Learning

Nowadays, technology is constantly evolving. The number of wireless network
users has increased dramatically. Therefore, more than one transmission antenna and
more than one receiver antenna are used on the same radio channel. By using the
principle of increasing the number of antennas that are separated to receive and transmit
from each other, called MIMO (Multiple Input Multiple Output) systems to support
more users. But it is still not enough to meet the needs of the growing users in the future
to support the 5G system to support modern technology, increase the speed of data
transmission and reduce errors that may occur in the future. The researchers see the
importance of Massive MIMO systems as MIMO systems with increased antenna
volume, such as 32 or 64 or more.

The most widely used channel estimation method, the Least Square (LS)
channel estimation technique is calculated without noise into account and the Minimum
Mean Square Error (MMSE) channel estimation technique is calculated by taking the
noise into account. However, both techniques are fundamentals that have been used for
a long time. The available capabilities may not be sufficient for channel estimation in a
Massive MIMO system, therefore finding ways to improve the system to reduce errors
and improve system performance. By using, the Machine Learning (ML) techniques to

compare channel estimation for reducing error that occur.



compare channel estimation for reducing error that occur.

Machine learning (ML) techniques play a role in optimization, such as medical,
transportation or communication to find the suitable algorithm. Therefore, the
researchers looked for algorithms in the Extreme Leaming Machine (ELM) group
consisting of ELM, Regularized ELM (RELM), and Outlier Robust ELM (ORELM)
with high regression analysis propertics. Because data from multiple channels is not
equal, but they are relevant, including the ability to learn quickly and low complexity
using in research with Massive MIMO systems for improving the performance. The
results are compared with LS and MMSE method to determine the mean error (MSE)

and bit error rate (BER) in Massive MIMO systems.
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/ Classification algorithm

Training data

name age income  loan_decision

Sandy Jones  young low risky

Bill Lee young Tow risky

Caroline Fox middle_aged high safe

Rick Field middle_aged low risky

Susan Lake  senior low safe Classification rules
Claire Phips ~ senior medium  safe

Joe Smith middle_aged high safe

IF age = youth THEN loan_decision = risky

IF income = high THEN loan_decision = safe

IF age = middle_aged AND income = low
THEN loan_decision = risky

(a)

27 misdwundoya (a)

Classification rules

Test data |

name age income  loan_decision (John Henry, middle_aged, low)
. arigt »
Juan Bello SEnior low safe Loan decision?
Sylvia Crest middle_aged low risky
Anne Yee middle_aged high safe
(b) risky

sin2s  misFeuinndeyaieaiedasiundoya (b)
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519 2.10
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Classification Regression
Mean Square
—  Log Loss — Error/
Quadratic Loss
Mean Absolute
Focal Loss
Error
KL Divergence/ Huber Loss/
Relative Smooth Mean
Entropy Absolute Error
Exponential A (o5 cosh Lass
Loss
—  Hinge Loss ~— Quantile Loss

gﬂ‘ﬁ 2.11 mjum%aﬁai’@ Classification and Regression Loss.

(www.heartbeat.fritz.ai)

Y 9
MHTUNTIAA1U521AN Regression loss HUUAIH

1) Mean Square Error, Quadratic loss (L2 Loss)
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MSE = 'ﬂf (2.20)
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2) Mean Absolute Error, (L1 Loss)
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Range of predicted values: (-10,000 to 10,000} | True value: 100
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3) Huber Loss (Smooth Mean Absolute Error)
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Huber Loss/ Smooth MAE Loss vs. Predicted values (Color: Deltas)
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4) Log-Cosh Loss
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Log-Cosh Loss vs. Predictions
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BER =%erfc(«/Eb IN, | (2.25)
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B =H"(HH" +é)1T (3.14)

3.5 mﬂ‘aﬂﬂﬁﬁﬂui V941389 Outliner-Robust Extreme Learning Machine

(ORELM)
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ELMx-based Channel Estimation for Massive MIMO
Systems

Chittapon Keawin
School of Telecommunication Engineering,
Suranaree University of Technology
Muang, Nakhon Ratchasima 30000, Thailand
Email: mA2005%@0g sut_se.th

Abstract—The channel estimation of massive MIMO systems
Is one of the recent developments in wireless communication
technology. The more accurate channel is estimated, the higher
performance is achieved. In this paper, the wse of machine
learning applied to channel estimation is studied. Also, the
proposed channel estimations based on Extreme Learning
Machine (ELM) family are implemented for massive MIMO
systems. These estimations include ELM., Regularized Extreme
Learning Machine [RELM) and Outlier HRobust Extreme
Learning Machine (ODRELM). Then, the comparison between two
legacy channel estimations wsing Least Squares (L35) and
Minimum Mean Squares Error (MMSE) is presented. The
simulation results reveal that the proposed methods significantly
overcome LS and MMSE.

Keywords—Channel  Estimation, Machine Learning, LS,
MMSE, ELM, RELM, ORELM

L INTRODUCTION

Nowadays, wircless communication is very I
Lots of people are more accessible and competitive with the
service providers which has developed 5G [1-2] technology to
suppart the use of many people. It is based on the massive
MIMO systems with a greater number of receiving and
transmitting antennas. The advantage of massive MIMO 1s that
it is able to extremely deliver fast data. The channel estimation
is also an enhancement method for massive MIMO. The widely
used channel estimation such as the LS channel estimation and
the MMSE channel estimation are both fundamental technigues.
However, the LS and MMSE have low accuracy. The LS
channel estimation is computationally low of complexity as it
does not consider a noise technique. On the other hand, the
MMSE take noise in the calculations [3]. In present. solving
nonlincar mapping and nonconvex problems has been applied
deep learning for channel estimation [4-5]. Also, deep learning
has high regression accoracy and faster convergence rate [6]. In
the research work presented in [7], the authors have proposed a
decp leamning for super-resolution channel estimation and DOA
estimation based on massive MIMO systems. Although the deep
leaming techmique has better performance, it comes with a
longer network training time and complexity in calcalating the
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channel estimation. Therefore, we propose channel estimation
using machine leaming three techniques, such as ELM, RELM
and ORELM, so called ELMx. The input weight and hidden
laver bias arc randomly generated from distributions [8-10]. The
ELMx 15 able to gain a faster lcarning rate and high regression
performance. It is used in the training process to optimize the
number of hidden neurons, The received signal is taken as input.
The simulation results reveal that the channel estimation has an
improved performance m terms of Mean Square Emmor (MSE)
and Bit Error Rate (BER).

This paper is organized as follows. In section 11, the
details of Massive MIMO systems and basic techniques for
channel estimation are described. Then, in section 111 proposes
machine leaming for channel estimation describing the details
of ELMx. In Section [V, we discuss the results. Finally in section
V. the conclusion of this paper is given.

II. SvsTEM MODELS

A. Massive MIMO System Model

wo w01

Fig.1 A block diagram of Massive MIMO Sysbems.

First, we consider a typical massive MIMO system as shown
in Fig.1. A block diagram 1s assumed for sending data from the
X (vector of transmitted signals) with Af, transmitting antennas
and ¥ (vector of received signals) with M, receiving antennas.
The relation between transmitted and received signal is given by

¥=HX+n (1
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Where m is additive white complex Gaussian noise vector
(M, 1) and H is a channel response matrix (A, = M) . The
relation between transmitted and received signal can be
represented in matrix given by

[ ¥ y, hy o 'efl.u_. I X I m
| i:: _ ﬁ!: ﬁf: 'hl-“.- | -x:': +: ":-‘ (2)
I_f". 'ﬁu,.: "iu,.: o *u..u,- I_.\.-“I I_H“l

In this section, the channel estimation of massive MIMO
system 1s important to transmit multiple sets of data by multiple
transmitting antennas which serve to send data in a matrix
format, including the various interference signals. For the digital
modulation techmiques, QFSK, 160AM, 640AM. 1280AM
and 2560AM arc a phase modulation scheme used in
constellation mapping. Modulation takes the binary bits as input,
is used as a symbol and converts it to complex value. We
consider & flat fading MIMO wircless system with M,

transmitting and M, recciving antennas. The symbol of
transmitting by antenna M, at tme mstant p 15 denoted by
X, (p). The transmitted symbols are arranged in the vector of
length M can be written as

X py=[X(p). X, (p)] (3)

Where (=)' is the transpose operation of the matrix.

B. L& Channel Estimation

The target of LS channel estimation [11-12] 15 to minimire
the square error distance between the received signal and the
estimated one. Therefore, it can find channel estimation .F;"I_., by

H,, =arg, min|[y- fi'uf (4)

The channel estimates of impulse responses between all
transmitting antennas and receiving antennas are given by

A o=rtaxty? (5

where (#)" is transpose conjugate reserved for the matrix and
{*)”" is mvert matrix.

. MMSE Channel Estimatian

The MMSE channel estimation [11-14] is the higher
accurate version of the LS channel estimation, given by

H oy = S"EF-J.“ n'IinIl" - Hmm.‘rl- (6)

For the method of cstimating, we consider noise at the
expenditure computing time, given by

H e = 10000 4 Dy )

1 AV 7
where [ is the identity matrix of size M, x M, | a'ﬂ: 15 variance
noise inversely proportional to the SNR and assuming that

every channel response energy 1s normalized, such as

E

Iku,..nr, |! } =a’ (8)

II1. MACHINE LEARNING FOR CHANNEL ESTIMATION

Mow, we propose an extremely fast learning algorithm for
the single hidden layer feedforward networks (SLFNs) with .
hidden neurons, where 5'5..'\-' . the number of training samples.

A Extreme Learming Machine {ELM)

ELM 15 one machine learning algorithm that works in
the form of a neural networks. It has high regression
cfficiency and quick kaming information, which has been
theoretically proven and confimmed. Fig2 shows the
structure of ELM.

Fig.2 The structure of Extreme Learmnmng Machine.
Considering in the training process of ELM, the investigation
15 assumed with N training simples (X .r) , where
X, =[X,, X X,] and & =[t,.ts,.-8,] - The estimation
of SLFNs 15 modelled by

= T BOAGHN, V), j=LL N @)

where ¢, =[c,, 64, | s input weight vector connecting of
the i -th hidden and #=[#,.8,,....8.]" is output weight

vector connecting of the i-th hidden neuron nodes, ) is the bias
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of the i -th hidden ncuron nodes, and o(*) is the activation
function of the SLFNs. Also, different from the machine
learning algorithms, the ELM can randomly generate the input
weight ¢, and bias I .

To improve the perfi of one of ability
ELM verifies zero error which can appmxxmmc all N simples

as z‘_,l;, -I,I =0,ie

The above N equations can be written compactly as:

HE=T (10)
where
[a7 I'T, f
p=|: w T=f 1 (11)
lﬁi L™ iA.r\ Nom
2 (CAOSER. S0 (AR (A GRSRD ¢ |

= . i (12)
olc,- X +V) - oleg-X +V;) X

where H is the hidden layer output matrix of neural network.
For ELM solution, f . is the smallest norm least-square
solution of the lincar system given by

B=WT (13)
Where (#)" is the Moore-Penrose pscudoinverse of H.

B. Regularized Extreme Learning Machine (RELM)

The ELM has shown fairly well results in scveml
applications, for a good performance we consider the way of N
must be made to avoid overfitting and underfitting. In the paper,
proposc RELM for SLFNs with sigmoid function, is described

ller norms p have can achicve better
gcncrnlmnon. The equation can be solving the problem in /,
norm of B is added. processes to various types of activation
functions and hidden ncuron nodes, like kernels.

Therefore, RELM can be explained the method is given by

mininﬁzc%ll-lﬁd—ﬂ,-l[ +ulﬁlf¢a|ﬂ|l. (14)
A 2 )

where C and /£, are regularization parameters,

When considering only the /, norm penalty (@ =0) with
£, =0, the formula of RELM 15 given by

p=(H"H #%)"H”! (15)

C. Outlier Robust Extreme Learning Machine (ORELM)

Recently, the ORELM is optimized to improve the
performance in /, norm of methods forms the app of
outliers.

This can be achicved in ELM used, given by

B =argmint[HA-1] . (16)
1

Considering the usual /, norm to find the solution of the
following optimization is given by
5 BN
A= argmintHB -t} + =6k (a7n
p 2c
Finally, after calculating of all channel estimation algorithm,

the calculation of Error /1 is cstimated that the model predicts
the difference from the real #7 and then find the mean. We find
the Gradient of Loss depending on the diffe and perform
the weight with Backpropagation. Then, we use the Gradient
Descent algorithm to reduce losses in the next training round.

The loss function m regression can be called as a mean
square crror given by

N .2
MSE, =Y | - H| (18)
-l

IV. RESULTS AND DISCUSSION
TABLE L. The ELMx channel estimation algorithm

The scenano sumulation massive MIMO system. recesve

e signal vector ¥.

The estimated channel I.l of ELM-ML, RELM-ML,
ORELM-ML.

1: Firstly, generate simulator to the masssve MIMO system
and adapt definite noise or distortion into the system.

2: The trining sequences are generated, in which recerve
signal ¥ are grouped.

3: Optimaze the number hxdden neuron.

4: Generate real values input weight and bias ¢, , /

Outpat:

randomly.

5: Use the model of hidden layer neuron wsing (7).
6 Caleulste output fby (13). (15)and (17).

7: Calculate the MSE performance usang (18).

In this section, to validate a group of ELMx algorithms, we
need to test the mean squarc crror (MSE), as well as the LS and
MMSE channcl cstimation. The Massive MIMO systems
cmploys 128 transmitting antennas and 128 recciving antennas
with QPSK modulation ing and pilot number. The ELMx

hannel csti algorithm is ¢ in TABLE L.
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Fig.s Performance of MSE vs. SNR{dR} for 128x] 78 MIMO system.

Fig 3. improving the performance of the channel estimation
algomthm using MSE concerning various SNRE for Massive
MIMO is shown. The groups of ELMx are better technigues than
LS and MMSE channel estimation. Obviously, MSE decreased
as SNR also increased, which was consistent with the target.

B e Mk (B R

Bl

Fig.s Performance of BER vs. SNR{dB) for 1 28x 128 MM system.

Fig 4 shows bit ermor rate (BER) companson of LS, MMSE,
ELM-ML, RELM-ML and ORELM-ML. Thercfore, we
consider Massive MIMO based system for communication
system. We assume 128 transmitting antennas (M) and 128
receive antenmas (Mg). As we can see, the groups of ELMx are
better techniques than LS and MMSE channel estimation which
are basic techniques. At high SNR values, the performance gap
is higher than the ones at lower SNE.

V. CONCLUSION

This paper has presented a concept using machine learning
in channel estimation employing ELM, RELM and ORELM.
They have faster leaming and higher regression performance.
We have optimized the hidden neurons in the structure for
matching the massive MIMO based system. Then, we computed
MSE and BER. between the basic eshmation techniques such as
LS and MMSE. From simulation results, the machine learmning
is better than both fechniques. For future work, we have a plan
to use auxiliary information-aware ELM where phase [15],
lincar prediction residual [16]), and empincal mode
decomposition information’ [17] may be used as addition
information to further improve the performance of conventional

ELM method. Then, we will apply machine learning techniques

to 50 communication systems.
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