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Abstract: Researchers and industry experts are looking
for the availability of large bandwidth spectrum due to
high market demands and expectations for high data
rates. And Millimeter Wave technology possess
characteristics to fulfill these requirements. However,
due to high power consumption and channel estimation
requirements, massive MIMO is utilized in coordination
with  Millimeter Wave technology. Besides, the
performance of mm-WAVE MIMO system is measured
by the effective estimation of Channel State Information
(CSIl) which is a critical and challenging process.
Therefore, a Sparse Coding based Reconstruction
Learning (SCL) mechanism is presented to efficiently
estimate Channel State Information (CSI) for
Millimeter-WAVE massive Multiple Input Multiple
Output (MIMO) system. For efficiency enhancement,
joint sparse learning problem is formulated and a
denoised joint sparsity learning matrix is obtained
using proposed SCL mechanism. Here, optimization of
joint sparse learning problem is summarized by
reducing inconsistent and overfitting errors. The
proposed SCL mechanism performs well under high as
well as low SNR conditions. Moreover, joint sparse
coding algorithm is utilized for efficient sparse signal
restoration. The performance of proposed SCL
mechanism is efficiently measured against several state-
of-art-algorithms in terms of energy efficiency, NMSE,
channel capacity etc.

Keywords: Biomedical Applications, Channel State
Information (CSI), Millimeter-WAVE system,massive
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1. INTRODUCTION

Modern advancements in current technologies have created
opportunities for the extension of technological schemes in
several communication and information dependent
applications which impacts various aspects of daily human
life. Moreover, such technological development has
impacted healthcare sector quite enormously in last two
decades. However, modern medical instruments and
advance healthcare devices requires high speed internet
services to get benefitted from latest technology
developments and for the effective implementation of
diagnosis techniques such as Respiratory Diagnosis method,
blood pressure measurement, Electrocardiograph (ECG) for
heartbeat movement recording, Magnetic Resonance
Imaging (MRI) [1]. However, these diagnosis methods
produces abundant amount of valuable information which
requires high storage as well as high signal transmission
schemes for transfer of these valuable data to other places.
And high data transmission requires high speed internet
services and large scale data compression. However, current
wireless communications services are not capable of
transmitting these large scale of biomedical data efficiently
due to bandwidth requirement expected up to some GHz for
these scale of transmission. Therefore, several industrial
experts and researchers have suggested bandwidth spectrum
utilization of 5-th generation wireless communication
technology as a suitable solution.

In near future, the technologies like augmented reality,
autonomous driving, Internet of Services (IoS) are likely to
become common in daily life with lightning speed which
also requires high speed internet services [2-3]. Therefore,
the future 5-th generation wireless communication
technology need to take an enormous leap in order to handle
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diverse requirements of several applications, domains and
sectors in near future [4-7]. Moreover, it is estimated that by
various experts that global rate of data traffic would enhance
by 1000 times in 5G era which is quite enormous and
concerning as well [8-9].However, it is agreed by various
communication and technology experts that 5G is the best
solution to handle ever-increasing data traffic expectations
and explosive spectrum capacity demands. The utilization of
5G cellular network enhances scalability, energy efficiency,
network throughput, packet switching and connectivity and
lowers latency significantly. Many experts have suggested
that a reliable 5G network can ensure zero delay
transmission and can handle data traffic up to several
billions and can ensure data rate up to some GHz which is
quite brilliant. However, it is suggested by various experts
that the future 5G cellular network will need at least
hundreds of antenna array elements, bandwidth spectrum up
to 100 MHz, ultra-densely installed source stations to
support massive consumers. Moreover, numerous technical
problems need to be discussed which can degrade the
performance efficiency of future 5G cellular network such
as upstream and downstream synchronization, effective
topology utilization, high interference, antenna attenuation
and high speed mobility environment.

Therefore, Millimeter-WAVE system is considered as one
of the best possible solution to handle above mentioned
issues in future 5G cellular network by several technology
experts. The mm-WAVE system provides immense strength
to 5-th generation wireless communication technology by
enhancing efficiency of high-frequency bandwidth
utilization. The 5G wireless cellular network will require
ultra-high data rates up to some gigabits-per-second in near
future which requires enormous bandwidth spectrum
utilization and become possible only with mm-Wave
frequencies exploitation. It is stated that mm-WAVE
communication system consists of 200 time bigger
bandwidth spectrum in contrast to the bandwidth spectrum
currently utilized by present wireless cellular networks. The
mm-WAVE communication system requires only a tiny
wavelength order in between 1-10 mm and consists a
frequency band in between 30-300 GHz in order to support
high data rates [10-11]. However, large signal absorption
and high antenna attenuation can degrade the performance
throughput of mm-Wave communication to a large extent
which can be eliminated by using several antenna array
elements together in the mm-WAVE system [12].

However, the utilization of large antenna array elements can
cause high power consumption in mm-WAVE system and
high channel connectivity is expected. Thus, a massive
Multiple Input Multiple Output (MIMO) system can
employed to enhance energy efficiency of the network as
well as can maintain channel connectivity between large
antenna array elements. The massive MIMO system is well-
equipped to recover information in low SNR conditions
from Consumer Equipment (CE) and it can reduce channel
overhead to a large extent as well. Therefore, a well-
coordinated mm-WAVE MIMO system is very helpful in
enhancing performance of 5G bandwidth spectrum.
However, the performance of massive MIMO is highly
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dependent on efficient recovery of channel information at
Source Station (SS). Moreover, proper acquisition of
Channel State Information (CSI) is quite complicated
process which can degrade the performance of mm-WAVE
MIMO system to a large extent. CSI evaluation can be
segregated into Upstream and Downstream CSI estimation.
Some of the recent literatures are presented in below
paragraph related to effective CSI estimation in mm-WAVE
MIMO system.

Furthermore, numerous researchers have shown interest in
eliminating the issues of mm-WAVE MIMO system and
provided suitable methods for the enhancement of efficiency
in 5G cellular networks. Some of literatures are shown in
below paragraph. In [13], a detailed survey is conducted
over mm-WAVE communication technology, their
limitations, their impact on 5G cellular network and
solutions to mitigate those issues. Along with that a user
association (UA) mechanism and spectrum sharing approach
(SSA) is presented for performance evaluation. In [14], a
Channel State Information (CSI) estimation technique is
adopted for the mm-WAVE MIMO system based on hybrid
beamforming antenna architecture. Along with that to
decrease network overhead and enhance channel throughput
an iterative beam acquisition mechanism is introduced. In
[15], mm-WAVE MIMO system is adopted based on Off-
Grid Dirichlet Kernels to evaluate channel feedback
efficiency by estimating discrete Fourier transform. The
greedy low-complexity algorithms are also introduced
enhance reconstruction efficiency. In [16], mm-WAVE
MIMO system is introduced based on hybrid beamforming
to estimate channel throughput using random spatial
sampling. This technique exploits the low rank
functionalities and angular data for signal reconstruction.
However, some of the issues in mm-WAVE MIMO system
are yet to be discussed in detail like path loss, antenna
interference management, power consumption, precise CSI
estimation, computational complexity reduction, effective
spectral efficiency loss recovery mechanism, high channel
overhead in real-time implementation which can degrade
performance of mm-WAVE MIMO system and ultimately
performance degradation in future 5G cellular network
efficiency.

Therefore, a Sparse Coding based Reconstruction Learning
(SCL) mechanism is adopted in this article to handle sparse
learning problem encountered while Channel State
Information (CSI) acquisition. In the present work, hybrid
beamforming is utilized for massive Multiple Input Multiple
Output (MIMO) system for the network efficiency
enhancement. The proposed SCL mechanism perform
supremely well under low Signal-to-Noise Ratio (SNR) and
can easily exploit sparsity present in biomedical signals to
ensure  high quality denoised signal restoration.
Furthermore, for efficiency enhancement, joint sparse
learning problem is formulated and a denoised joint
sparsity learning matrix is obtained using proposed SCL
mechanism.  The proposed SCL mechanism provide
efficient solution for problem associated with sparsity
learning in joint sparse coding. Finally, the proposed SCL
mechanism is compared with various state-of-art-techniques
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considering  several  performance parameters like
Normalized Mean Square Error (NMSE), SNR, channel
overhead reduction, signal reconstruction efficiency and CSI
estimation efficiency.

This paper is presented in following fashion which is
mentioned below. Section 2, describes about the literature
details presented for mm-WAVE MIMO system, their
recognised limitations and how those limitations will be
eliminated with the help of proposed Sparse Coding based
Reconstruction Learning (SCL). Section 3 discusses about
the methodology used in proposed CSI-based sparse
reconstruction mechanism. Section 4 mentions about
simulation results and their comparison with state-of-arts-
compression techniques and section 5 concludes the paper.

II. LITERATURE SURVEY:

It is clearly evident from recent surveys, investigations and
from market demands that in near future the data rate
demands will be very high and current cellular networks will
not able to meet such requirements. Therefore, utilization of
5-th Generation cellular network will be adopted in near
future which can ensure high data rate and meet market
expectations. However, an enormous frequency spectrum
will be required to meet such high data requirements.
Therefore, many communication technology experts and
researchers have find out that Millimeter wave
communication technology is one of the most promising
solutions which can help future generation communication
network due to their widespread bandwidth spectrum.
Furthermore, the mm-WAVE bandwidth spectrum has
already been effectively utilized in next generation 5G radio
standards [17] and several cellular network providers have
decided to utilize mm-WAVE bandwidth spectrum for 5G
cellular network. However, there are some concerning areas
and issues in adopting mm-WAVE MIMO communication
system which can degrade the performance of overall
network. Those challenges are large energy consumption,
precise CSI estimation, large computational complexity,
large spectral efficiency loss, optimization problem and
large channel overhead. Thus, several academy researchers
have shown their interest in bringing down these issues and
increase spectrum throughput. Some recent literatures are
shown below in subsequent paragraph.

In [18], a sparse encoding and decoding technique is
introduced for a Millimeter wave communication system to
restore sparse signals from phase-less measurements. In this
article, a beam alignment issue is formulated and solutions
to eliminate this issue are discussed. Along with that, a
sparse bipartite graph coding is also adopted. In [19], a
channel estimation technique is introduced
Millimeter wave communication system to utilize block
sparsity and low rank structures in order to find out precise
channel parameters and effectively address Doppler shift
effect. An orthogonal matching pursuit algorithm is also
adopted for effective signal reconstruction. In [20], a
Convolutional Neural Network (CNN) based Compression
Sensing (CS) technique is presented to estimate CSI
feedback components for massive MIMO system. In this
article, a detailed analysis over massive MIMO system, their
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challenges and solutions to handle those challenges are
presented. In [21], deep neural network methods are adopted
for mm-WAVE MIMO system based on supervised learning
to handle large training data. Along with that, a multi-user
hybrid beamforming structure is presented to reduce
optimization problem and handle high transmission rates
with lower computational complexity. In [22], a block
sparse evaluation mechanism is adopted for mm-WAVE
MIMO communication system to effectively estimate array
steering vectors. A detailed analysis of channel estimation is
presented in this article. A compression sensing technique is
also introduced to channel estimation and sparsity of
subcarriers. In [23], a hybrid beam former structure is
introduced considering mm-WAVE MIMO system to
handle secure signal transmission. A joint coding algorithm
is presented for the effective handling of information
leakage and to optimize channel estimation while maintain
high quality of service. In [24], a highly effective precoding
scheme is designed to enhance energy efficiency of mm-
WAVE MIMO communication system. The precoding
scheme is utilized to reduce non-convex problem. A discrete
connection state optimization problem is eliminated by
fully-adaptive precoding scheme. In [25], a heterogeneous
resource allocation mechanism is presented for mm-WAVE
MIMO communication system to ensure high Quality of
Service (QoS) in 5G cellular networks. This mechanism
enhances spectrum efficiency and capacity of 5G Mobile
Wireless Communication Network by solving optimization
problem.

However, the solutions provided in above literatures are
difficult to adopt in real-time implementation and few
challenges remain undiscussed as well. Therefore, a Sparse
Coding based Reconstruction Learning (SCL) mechanism is
adopted in this article to precisely estimated Channel State
Information (CSI) considering Millimeter-WAVE massive
Multiple Input Multiple Output (MIMO) system and
effectively handle the challenges encountered in above
mentioned literatures. A comprehensive mathematical
representation of proposed SCL mechanism is presented in
the following section.

III. MATHEMATICAL REPRESENTATION OF SPARSE CODING
BASED RECONSTRUCTION LEARNING (SCL) MECHANISM:
In this section, a detailed mathematical modelling is
presented for proposed Sparse Coding based Reconstruction
Learning (SCL) Mechanism for mm-WAVE MIMO
communication system to ensure high accuracy of channel
estimation as well as signal restoration efficiency by
eliminating sparsity learning problem associated with joint
sparse coding. A detailed discussion on solutions to
eliminate noise in biomedical signals is presented as well.
Along with that a basic algorithm to analyze noise
elimination stage, sparsity learning stage and sparsity update
stage are adopted which can enhance efficiency of mm-
WAVE communication system. The proposed SCL
mechanism reduces computational complexity to a large
extent by reducing optimization problem occurs in joint
sparse coding. A joint sparse coding method is utilized to
exploit sparsity of biomedical signals and optimize effective
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transmission and reception of biomedical signals. The
proposed SCL mechanism perform supremely well under
low Signal-to-Noise Ratio (SNR) and can easily exploit
sparsity present in biomedical signals to ensure high quality
signal compression and signal restoration.

Here, the product of two basic steering matrices Ty, and Ty
considering signals at reception and transmission side
respectively gives expression for sparsity in channel matrix
and defined by following equation (1) as,

Sy = Tyxp Ty (1

Where, Ty 2 [ty ty1, tw,-1] € GMa*ld and
Ty £ [tyo, tyy, ty,,—1] € GMe*ke are the optimal
steering matrices for receiver and transmitter respectively
which need to be calculated. Here, y, € Gk *Lc is defined
as the sparse medium matrix which consists of few non-null
array elements. The uncertainties between steering and
medium matrixes are eliminated by the optimization of
columns in steering matrix which is discussed in following
equation,

”tthld”Z = 1, Vld € Q(Ld) and ”ﬁ:y'lC”z = 1, Vlc (2)

€ QL)

Where, number of columns in each steering matrices are
defined by L; = My andL. > M.. Here, consider that
sparse medium matrixy; produces high sparsity in
biomedical signals. Thus, sparse medium matrix consists of
very low uncertainties and strongly adaptable to channel
conditions.

The frequency domain medium matrix at the a €
Q(N,)subcarrier is represented as,

Slal
My—1
_uznah
= Z Sye “Ha 3)
h=0
My—1 .
2ma.
= QwowEw Z Nneé “Ha Qy 6y Ey”
h=0
My—1
_uznah
= Ty | D e e | Ty
h=0
2mah
Where, (2241_,51%6—11 Mq ) = nlal and
2mah
(21:251 )(he_uM—a) = y[a] defines the medium gain in
frequency domain. Let all the parameters i.e.

Tw, Ty, Qw, Qy, Ey, Ey, 8y, 8y are frequency independent.
Then,

vec(S[a]) = ((QY IEY(SY) “
® (Qu, Ew,8w)) vec(nlal)

(Ty ® Ty)vec (x[al)
Q3[a]

IR
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Where, Q 2 (T, ® Ty,) € GMaMcXLale shows the joint
sparsity between biomedical signals and §[a]
vec (x[a]) € GraleXlshows the vectorised —steering
matrices of a medium acquired with the help of joint sparse
coding method and then the product of these two matrices
will give vec(S[a)).

Then, the recovered signal at Consumer Equipment (CE) for
the a — th subcarrier is defined by following equation,

A

Q[a] = Pgb [a]Prch[a]Erschb [a]l[a] (5)

+ PpylalPiscClal

Where, i[a] € GV shows the vector term of transmitted
signal for the a — th subcarrier.

For precise optimization of CSI and joint sparsity, the vector
term of transmitted signal is further factorized as,

ix[a] = wycxlal (6)

Where, @y € GNe*lrepresent a group of frequencies with
same magnitudes and cg[a] is a complex exponential in time
at receiver. Then, training pattern is determined with the
help of joint sparse coding based on the supplementary
signal sequencedy[a],m =0,1,2........ . Then, for a pre-
defined propagation factor My the training pattern is defined
by following equation,

cxla] = d{ X J [a] (7
Then, equation (7) is further factorized as,
cxlal = dylal, ... ....dylal, dq[a], ... ... dq[a], (8)

Then, after joining the gathered training patterns for the a —
th subcarrier in the N — thtraining signals considering
OFDM is determined by following equation,

oxlal = PiSlalExmyexlal + Piixlal )
The product of received signal as shown in equation
(10)ox[a] and(cg[a]) gives effective signal restoration
using joint sparse coding method. Then,

oxlal £ vec ((cx[al) " oxlal) (10)
= (E{wy @ Py) vec(S[al)
+ Uxlal
Wherely[a] is represented as six[a] 2
vec ((cx[a]) " Pilx[al). Then, from equation (4) and (10),
axld] = (Bl ® R)(Ty @ Tyvee ¢lal) (1)
+ {xlal = AgQ8[a] + Cx[al
Where, Ag 2 (E¥w! Q P;) € GNaxMaMc shows an

observation matrix for X — th OFDM signal evaluated with
the help of pre-processors and combiners and the
quantification matrix is defined by Ay} and evaluated for
the efficient sparse signal restoration. Moreover, all the
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gathered signals are averaged out for effective sparse signal
restoration without any noise.

Mgp—-1
@avg,a[a] = Z éo’Mg{+N[a]/M§R fOT o
R=0

=01.2...

(12)

Then, signals are received at the a — th subcarrier shown in
the following equation and an observation matrix is
determined based on the average quantification achieved
above.

5 5 Y (13)
€ polth e el
= [AY, ... A%_,17Q5[a]
Y
[ gl T ]
Where,
gla] € G™et A e GNoMaMe gnd [a]  (14)

€ G FNgx1

Then, a basic algorithm is adopted for sparsity learning to
train proposed SCL mechanism so that efficiency of mm-
WAVE communication system get enhanced. The equation
(15) represents the two essential parameters (0 which
demonstrates joint sparsity of biomedical signals and §[a]
shows vectorised steering matrix of a medium are
investigated. Then, the sparsity learning problem to optimize
Q and §[a] are evaluated in the following equation using
proposed SCL mechanism,

min llgla] - AQ3[a]llz + plislalllo (15)

Q€el3[a

Where, [j-normalization is defined by ||-||, which implies
that regression parameter p and non-zero elements present in
the matrix reduces overfitting and maintains the balance of
the sparsity levels in training. Then, from equation (1), the
uni-norm identification elements present in the matrix are
operated as uni-norm limiting parameters for joint sparsity
learning and given by following equation,

:2 =
liLll, =1, vee oo} (€

{{Q € GMCMdXLdLC} )

Then, from the property of vectorised steering matrix of a
medium$[a], all the elements present in the rows of
vectorised steering matrix $in equation (13) are remains
either zero or non-zero and vectorised steering matrix$[a]
exhibits sparsity support between subcarriers to avoid beam
polarization effect for a € Q(M,). Hence, the exploitation
of sparsity support between subcarriers and enhancement in
number of training OFDM signals provide opportunity for
CE to gather numerous measurement data at diversified
locations. Therefore, an efficient training of SCL
mechanism is carried out for various sparsity levels instead
of specific regions which shows the dependency of
scarification process over sparsity levels. Then, consider
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that M;, measurements are gathered at diversified locations
and from equation (13), every measurement ¢ is represented
as ) where & € Q(M,). Then,

[@(0)’ @(1) .,

Q(Mi@—l)]
= AQ[§©@, 50 . §0ie-1)]

+[20,70 . 7MieD)],

(17)

Where, H is defined asH = [§©®,® ...,6Mie"D] €
GFNa*MaMie K is defined as K=
[§©, 8@ ., §Mie=D] e Glale*MaMie and R is defined
asR = [5(0),5(1) ____,f(Mie—l)] € GFNaxMaMie
Moreover, the proposed SCL mechanism performs well
under low SNR conditions as well for mm-wave
communication system. Here, equation (17) shows the error
reduction between measurement parameters in sparse
learning process using proposed SCL mechanism.
Therefore, H is redefined by following equation,
H=AK+ R=Y+R (18)
Where, R’ is constitute of R and inconsistent error between
AQK andY. Then, the inconsistent error can be reduced by
adding regression term (||H — Y/||2)in sparsity learning as,

min Y — AQK]|2 (19)
nel ,v,[sf(o).....,sf(f*) [Ma—l]]
Mie—1 Mg—1
+p ) ) 5@l
4=0 a=20
+ p |[H — Y[z
Where, {§(°) =5 =@ =... = §(1’)}, for all &€

Q(M;,) . Then, the combination of regression term and
sparsity support property can enhance sparsity between
subcarriers. Thus, the joint sparse learning enhancement
term in combination with sparsity support property is given
by following equation,

Mie—1

F00 = > 5],

4=0

(20)

Mie—1LgLc—1

-3 > s,

Finally, the joint sparse learning problem is formulated by
following equation,

j — 2 —Y|I2 21
ﬂgljlgl{'MHY A0K||z + p1f(K) + p,|[H — Y|z (21

Then, further optimization of joint sparse learning problem
is achieved by updating channel steering matrix K while
keeping other two parameters Y and (1 as constant.
Similarly, in the next step, Y gets updated and other two
parameters ( and updated channel steering matrix K
remains constant and finally,  gets updated while updated
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K and Y remains constant. Then, channel steering matrix
K is updated by following equation by keeping other two
parameters constant,

e =(8)||2 e 22
%&T)l”Y(ﬁ)—AQK({’)”E"' p1||Kw)”2,1 @2)

Then, the parameters of joint sparse matrix ( gets updated
for | — th coloumn while keeping Y and updated channel
steering matrix K as constant and keeping other columns of
the matrix constant as well. Then, joint sparsity is updated
by following equation,

minl[Y — AOK|E, s.t. [[Q1..]], = 1 (23)

Finally, Y gets updated while keeping updated K and Y as
constant to reduce inconsistent error in sparsity learning
process which is defined by following equation,

min|lY — AOKIIE + po|IH - YIIZ, (24)

For the proposed SCL mechanism which requires the
representation of the denoised joint sparsity which is
represented in equation (24). The whole modelling process
is summarized in an algorithm to understand the joint
sparsity learning process using proposed SCL mechanism.

Table 1 Algorithm for Proposed SCL Mechanism

Algorithm 1: Joint Sparse Learning using Proposed SCL
Mechanism

Given: Measurement parameter H € GFNa*MaMie,
observation matrix 4 € GFNa*MaMc - Number of training
OFDM  signals M,, Number of measurements M;e,

regression parameters py, p,.

Step 1: Fix joint sparse matrix Q € Gtela*McMa wyith the
help of observation matrix 4 and fix H = Y.
Step 2: Evaluate K= [S(O),g(l) ....,§(Mi@_1)] €
GLalcxMaMie
Step 3: While update channel steering matrix K
Do

Update joint sparse matrix (1 as

ATYK*(KK*)~* and Q gets updated column wise.

Q=

Update Y as [Y]= (1+py) 1(p,H+
ANK ) by keeping updated Q) and K constant
End while
Output: denoised joint sparsity learning matrix(),

denoised measurement factor Y and channel steering
matrix K.

Table 2. Simulation Parameters for Performance Evaluation

IV RESULT AND DISCUSSIONS:
In this section, the performance of proposed Sparse Coding
based Reconstruction Learning (SCL) mechanism is
evaluated to precisely estimate Channel State Information
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(CSI) in comparison with various conventional CSI
estimation techniques considering performance matrices like
Normalized Mean Square Error, Channel delay and
efficiency of the mm-Wave Communication system. The
proposed SCL mechanism provide significant performance
under low SNR conditions and eliminates optimization
problem occurs in various conventional algorithms. A
Highly effective training is achieved to determine upstream
and downstream CSI components. All the experiments are
performed using MATLAB™ tool. For efficiency
enhancement, joint sparse learning problem is formulated
and a denoised joint sparsity learning matrix is obtained
using proposed SCL mechanism. Along with that channel
and measurement matrices are precisely examined to reduce
inconsistent error and avoid overfitting between sparsity
levels. The performance of proposed SCL mechanism is
efficiently measured against several state-of-art-algorithms
in terms of energy efficiency, NMSE, channel capacity etc.
In this work, the value of Monte-Carlo simulations are kept
at 100 to determine efficient simulation outcomes. A
significant improvement in efficiency is observed using
proposed SCL mechanism by eliminating overfitting and
inconsistent error. Here, it is considered that transmitter and
receiver operates with idyllic synchronization to determine
CSI components. Table 2 demonstrates the parameter
utilized to obtain the simulation results. Moreover, the
performance of proposed SCL mechanism is determined
against state-of-art-techniques such as Least Square (LS)
Estimation algorithm [16], Vector Approximate Message
Passing [VAMP] [26], MMV- Orthogonal Matching Pursuit
(MMV-OMP) [28], Analog HBF [27] against NMSE
considering various system parameters as shown in below
figures.

Here, mm-Wave massive MIMO system is considered for
different values of antenna elements at Transmitter and
Receiver. Moreover, performance is measured using
proposed SCL mechanism by estimating channel state
information in time domain at receiver side. Here, analog
combiner is designed with the help of Zadoff-Chu (ZC)
sequence whose Q — th root value is set as Q = 11. And
fully digitalized combiner is designed by equalling number
of RX RF chains to the number of antenna elements at
receiver side. Here, channel steering matrix estimation
performance is evaluated using proposed SCL mechanism.
The performance of channel steering matrix estimation is
compared with several conventional estimation techniques
as a function of Normalized Mean Square Error (NMSE).
The available estimation techniques works upon
compression sensing techniques whereas proposed SCL
mechanism evaluates performance by optimizing joint
sparsity learning problem.

Here, Figure 1 shows NMSE performance considering
different SNR values for various mm-Wave massive MIMO
system parameters as shown in table 3. NMSE performance
of proposed SCL mechanism is compared against state-of-
art-algorithms like LS, MMV-OMP, VAMP and Analog
HBF. It is evident from figure 1 that LS shows much
improved performance for higher values of SNR in terms of
NMSE whereas VAMP and Analog HBF show decent
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results. However, the proposed SCL mechanism works

Simulation Parameter Parameter Value

Antenna Array Characteristics Uniform Linear Array
(ULA)

Monte-Carlo realizations 100

Signal To Noise Ratio (SNR) | 15

(dB)

Number of Frames 40

Channel Delay Tap 4

Number of antenna elements at | 16

Transmitter

Number of Propagation path per | 6

channel delay tap

efficiently for low as well as high .
Table 3: considered simulation parameter and its values.
SNR Values. The proposed SCL mechanism outperforms all

the above mentioned existing techniques in terms of NMSE
considering different SNR values.

TS
——VAMP

e MMY-OMP
~4= Anaiog HBF
—-5CP

NMSE (dB)

15 5

0
SNR (dB)

Figure 1. NMSE performance as a function of the SNR for
considering antenna elements at transmitter = 8 and receiver
=32 and considering different parameters

Figure 2 demonstrates NMSE performance as a function of
number of channel propagation paths for various mm-Wave
massive MIMO system parameters. NMSE performance of
proposed SCL mechanism is compared against state-of-art-
algorithms like LS, MMV-OMP, VAMP and Analog HBF
at SNR = 15 dB Here, LS and MMV-OMP consists of
highest NMSE for both lower and higher values of channel
path whereas VAMP gives lower NSME results than LS and
MMV-OMP. And a major improvement in NMSE result is
observed in Analog HBF. However, the proposed SCL
mechanism gives lowest NSME results for lower as well as
higher values of channel propagation path. Hence, it is
evident that the proposed SCL mechanism outperforms all
existing techniques in terms of NMSE for different values of
channel propagation path.

Figure 3 demonstrates NMSE performance as a function
of number of RF chains for various mm-Wave massive
MIMO system parameters. NMSE performance of proposed
SCL mechanism is compared against state-of-art-algorithms
like LS, VAMP and Analog HBF at SNR = 15 dB Here,
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VAMP consists of highest NMSE for both lower and higher
values of channel path whereas Analog HBF gives lower
NSME results than VAMP. It is observed that LS performs
better when number of RF chains are more. Similarly, the
proposed SCL mechanism provide lower NMSE results
when value of RF chains is more. Hence, from the figure it
is evident that the proposed SCL mechanism outperforms all
existing techniques in terms of NMSE for different values of
RF chains.

NMSE (dB)

T
——VAMP
——MMV-OMP
&~ Analog HBF
—+=S5CL

___________________

12 18
Number of channel paths

Figure 2. NMSE performance as a function of number of
channel paths for considering antenna elements at
transmitter = 8 and receiver =32 and considering different
parameters at SNR=15 dB

NMSE (dB)

Number of RF chains

Figure 3. NMSE performance as a function of number of RF
chains for considering antenna elements at transmitter = 8
and receiver =32 and considering different parameters at
SNR=15 dB

Figure 4 shows NMSE performance as a function of
number of channel delay taps for various mm-Wave massive
MIMO system parameters. NMSE performance of proposed
SCL mechanism is compared against state-of-art-algorithms
like LS, VAMP, MMV-OMP and Analog HBF at SNR = 15
dB Here, VAMP consists of highest NMSE for both lower
and higher values of channel delay taps whereas Analog
HBF and LS gives lower NSME results than VAMP. It is
observed that Analog HBF performs satisfactory. However,
the proposed SCL mechanism provide lowest NMSE results
when large number of channel delay taps are utilized.
Hence, from the figure it is evident that the proposed SCL
mechanism outperforms all existing techniques in terms of
NMSE for different values of RF chains.

Similarly, Figure 5 shows NMSE performance as a
function of number of training frames for various mm-Wave
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massive MIMO system parameters. NMSE performance of
proposed SCL mechanism is compared against state-of-art-
algorithms like LS, VAMP, MMV-OMP and Analog HBF
at SNR = 15 dB Here, It is observed that LS performs better
for higher number of frames. Similarly, the proposed SCL
mechanism provide satisfactory results for high values of
training frames.

NMSE (dB)

—e—VAMP
—+—MMV-OMP
—&-Analog HBF| ]
- % SCL

-l
2 3 4 5 6 7 8

Number of channel delay taps

Figure 4. NMSE performance as a function of number of
channel delay taps for considering antenna elements at
transmitter = 8 and receiver =32 and considering different
parameters at SNR=15 dB

NMSE (dB)

S
~-VAMP
—+—MMV-OMP
—#-Analog HBF
=#=8CL

107 -

5 10 15 20 2%

Frames

35

Figure 5. NMSE performance as a function of number of
training frames for considering antenna elements at
transmitter = 8 and receiver =32 and considering different
parameters at SNR=15 dB
V. Conclusion:

The significance of precise Channel State Information (CSI)
estimation is very essential in mm-Wave massive MIMO
system for effective utilization of 5G bandwidth spectrum.
Therefore, in this article, Sparse Coding based
Reconstruction Learning (SCL) mechanism is introduced for
efficient estimation of channel matrices. The proposed SCL
mechanism is utilized to measure upstream and downstream
CSI components at Source Station (SS) received from
Consumer Equipment (CE). A comprehensive mathematical
modelling for the estimation of denoised joint sparsity
learning, denoised measurement and channel steering
matrices are presented. The combination of joint sparse
learning  mechanism and  [j-normalization reduces
overfitting between different sparsity levels of training. Pre-
processors, combiners and the quantification matrix is
utilized for effective signal restoration. The performance of
channel steering matrix estimation is compared with several
conventional estimation techniques considering Normalized
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Mean Square Error (NMSE). The performance of proposed
SCL mechanism is measured as a function of different
values of Signal to Noise Ratio (SNR), number of channel
propagation path, number of RF chains, number of channel
delay taps and number of frames against NMSE. The
proposed SCL mechanism outperforms all existing
techniques in terms of NMSE considering different factors
and hence efficiently estimates CSI components. As a
continuation of the proposed work for the direction of the
future scope it can be extended for the analysis of the work
for the combinational parameters for a particular MIMO
design.
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