Received: 1 December 2018

Revised: 6 December 2019

Accepted: 8 January 2020

DOI: 10.4218/etrij.2018-0632

ORIGINAL ARTICLE

ETRI Journal WILEY

Energy-efficient data transmission technique for wireless sensor
networks based on DSC and virtual MIMO

Manish Kumar Singhl’2 | Syed Intekhab Amin®

'KIET Group of Institutions, Ghaziabad,
India

2Jamia Millia Islamia, New Delhi, India

Correspondence

Manish Kumar Singh, KIET Group of
Institutions, Ghaziabad, India.

Email: mks.manish1983 @ gmail.com

1 | INTRODUCTION

In a wireless sensor network (WSN), the data transmission technique based on the
cooperative multiple-input multiple-output (CMIMO) scheme reduces the energy con-
sumption of sensor nodes quite effectively by utilizing the space-time block coding
scheme. However, in networks with high node density, the scheme is ineffective due to
the high degree of correlated data. Therefore, to enhance the energy efficiency in high
node density WSNs, we implemented the distributed source coding (DSC) with the vir-
tual multiple-input multiple-output (MIMO) data transmission technique in the WSNs.
The DSC-MIMO first compresses redundant source data using the DSC and then sends
it to a virtual MIMO link. The results reveal that, in the DSC-MIMO scheme, energy
consumption is lower than that in the CMIMO technique; it is also lower in the DSC
single-input single-output (SISO) scheme, compared to that in the SISO technique at
various code rates, compression rates, and training overhead factors. The results also
indicate that the energy consumption per bit is directly proportional to the velocity and

training overhead factor in all the energy saving schemes.
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of the sensor nodes is limited, and therefore, installing mul-
tiple antennas at the sensor nodes is not ideal. Thus, coop-

The total energy consumption in any communication sys-
tem consists of transmission and circuit energy consump-
tion. The transmission energy consumption exceeds the
circuit energy consumption in total energy consumption in
long-distance communication. However, in short-distance
communication, circuit energy consumption is higher than
the transmission energy consumption. Therefore, ener-
gy-efficient wireless sensor network (WSN) schemes focus
on reducing both the transmission and circuit energy con-
sumption [1]. The multiple-input multiple-output (MIMO)
scheme is an effective scheme for reducing energy con-
sumption in the WSN. However, in WSNs, the physical size

erative MIMO (CMIMO) can be achieved by orchestrating
collaboration among the single antennas installed on each
sensor node. Therefore, spatial multiplexing can enhance
the data rates, whereas spatial diversity can improve the
bit-error rate (BER) by using the CMIMO technique [2,3].
However, a MIMO system has a higher circuit complexity
that requires more circuit energy than a single-input sin-
gle-output (SISO) system. Therefore, the MIMO scheme
is suitable only for long-range communication, whereas
the SISO scheme is suitable for short-range communica-
tion [3]. Thus, to achieve a long transmission range, more
cooperative sensor nodes should be utilized to reduce the
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transmission energy via antenna diversity, and for the short
transmission range, fewer cooperative nodes are chosen for
reducing the circuit energy consumption [4].

In the CMIMO scheme, nodes cooperate to design clus-
ters, providing maximum coverage region and minimum en-
ergy consumption with relatively uniform distribution of load
within the networks. Densely deployed WSNs are generally
dispersed over large areas and have a mesh topology struc-
ture. The sensor nodes are designed to power on and off in
various modes, to reduce their energy consumption. In the
WSNs, clustering requires grouping the sensor nodes, and
selecting a cluster head (CH). Within the cluster, the sensor
nodes send their data directly to the CH. The CHs then for-
ward the total data to the sink (base station) directly or via
multihops communication using other CHs as intermediate
forwarding sensor nodes [5]. In a wide-ranging WSN, the
energy consumption of the nodes is directly proportional to
the transmission range. If some of the nodes deplete their en-
ergy too early, they will seriously reduce the reliability of the
WSN. To enhance the reliability of the WSN, the node den-
sity must be increased. However, correlated information col-
lected from the neighboring nodes are directly proportional
to sensor node density. These correlated data are transmitted
to a base station (BS), as a result of which energy efficiency
of the WSNss to decreases [6,7]. A virtual MIMO has a sim-
ilar effect as a MIMO system in the WSNGs; it reduces the
energy consumption of the WSNs and resolves the energy
consumption problem of the entire network [8]. However; a
virtual MIMO cannot fix the low energy-efficiency condition
in the entire high-density WSN that occurs as a result of a
highly correlated source data. To resolve this issue, the dis-
tributed source coding (DSC) scheme based on the CMIMO
scheme can be used [9,10]. Data aggregation and DSC are
two different techniques for data collection. The former uti-
lizes joint encoding, but separate decoding of the information,
whereas, the latter utilizes separate data encoding and joint
decoding. This important feature of DSC scheme is utilized
for multi-rate data transmission in WSNs [7]. Binary phase-
shift keying (BPSK) is a proven energy-efficient modulation
technique for virtual MIMO data transmission scheme.

In [1], Cui and others proved that in long-range sensor
networks, total delay and total consumption of energy can
be minimized by using the CMIMO technique, rather than
the SISO scheme. In [2] and [8], the authors revealed that
even with the extra training overhead required in the CMIMO
scheme, communication based on it can conserve sufficient
energy in long-distance communication, in contrast to the
SISO scheme. In the WSN, the selection of clusters and
cluster heads is based on factors such as the residual energy
of a node, geographic location, and link quality [5]. In [9],
Abughalieh and others demonstrated that the lifetime of a
WSN can be improved through compression of the correlated
information, using the DSC scheme. In [6] and [10], the

authors proved that the DSC-MIMO technique reduces en-
ergy consumption through the MIMO scheme, and enhances
energy efficiency by compressing the correlated data using
the DSC scheme. Sartipi and others [11,12] revealed that the
DSC of two correlated source nodes at any arbitrary rate is
based on the Slepian-Wolf (SW) theorem. In [13], the authors
demonstrated that applications based on medical imaging and
video systems, contain large amounts of data to be transmit-
ted, and thus, the radio transceiver sensor nodes drain more
energy than the receiver sensor nodes.

To clarify the importance of our work, we will discuss
the benefits of the DSC-MIMO, compared to the CMIMO or
DSC schemes used alone in the WSN. The CMIMO reduces
the energy consumption in the WSN, whereas the DSC com-
presses the correlated communication data in sensor nodes
and enhances the energy efficiency of the WSN. First, we
perform the mathematical modeling of SISO, MIMO, DSC-
SISO, and DSC-MIMO; then, we compare their total energy
consumption over selected transmission distances for the
same BER. This study is quite different from previous stud-
ies, because we show the effect of SISO, MIMO, DSC-SISO,
and DSC-MIMO on the total energy consumption for various
code rates and compression rates, in addition to considering
the training overhead factor. Data compression in the DSC-
MIMO is based on the SW theorem. The conditions for the
boundary value of velocity and training overhead factor are
also proposed as better guidelines. In the WSN, the training
overhead and velocity have respective critical values, beyond
which the WSN will not be realistic. This paper also discusses
the effect of velocity on total energy consumption.

The rest of the paper is organized as follows. In Section 2,
data compression using the DSC is presented. The DSC-
MIMO is discussed in Section 3. Sections 4, 5, and 6 depict
the energy consumption model and its analysis. Finally, the
paper is concluded in Section 7.

2 | DATA COMPRESSION USING
DSC
2.1 | Types of data compression

There are two types of data compression, lossless and lossy
compression, based on whether, or not, following data com-
pression, all original information can be recovered as the data
are uncompressed.

In the lossless compression, every information bit that
was initially in the data is retained, after the data are com-
pressed. All the data are fully restored following decompres-
sion. In this operation, no information is lost. In contrast, in
lossy compression, some data, mainly redundant data, are
compressed. Thus, some information is lost following data
compression.
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2.2 | Source coding theorem

If a random variable X represents the output of a discrete
memoryless source, then for any source coding technique,
the entropy of X sets the following conditions for the average
codeword length, “L”:

L>H(X). (1)

According to this theorem, the average codeword length
for any coding scheme can be reduced, as long as it is not less
than entropy H(X); thus,

Ly =H (X) 2)

where L, represents minimum value of L.

The entropy of the sources sets up the fundamental limit
on the elimination of redundancy from the information
[14,15].

2.3 | Distributed source coding

The DSC is utilized if there is a correlation between the
nodes. This is precisely the case in the conventional WSNSs,
where correlation is generally quite high between adjacent
nodes [9]. To exploit this correlation, and eliminate redun-
dancy, every sensor node knows about the information being
sent by different sensor nodes. This can be realized in two
ways: either the sensor nodes can exchange the information
with each other, or they could be prevented from utilizing
this scheme. The primary alternative exerts an additional
undesirable overburden on the sensor network and demands
extra processing of information in every node. The purpose
of the DSC in the sensor network is completely the inverse of
the first technique. Therefore, the second technique is chosen
to minimize the amount of processing, and, by extension, the
energy consumption [10]. The concept of the DSC is based
on the SW coding theorem. Accordingly, the effective com-
pression of, at least two sources can be accomplished by sep-
arate encoding and combined decoding [16—18].

According to the SW theorem, data compression can be
performed in a completely blind manner in the WSN. The
implication of this is that the sensor nodes only have knowl-
edge of local data, that is, they compress the information
without knowledge of the information in the other sensor
nodes. Hence, the sensor nodes do not communicate among
themselves during data compression. Therefore, the DSC is
a key technique for compressing the data and improving the
energy efficiency of the WSNs [11,12,19]. If X is an infor-
mation source, then information rate, R > H(X), is necessary
to transmit source X to the sink (base station), where H(X) is
the entropy of any random source, X. Figure 1 shows the SW

coding for two correlated sources. In Figure 1, X, and X, are
two independent random correlated sources that are encoded
separately and decoded jointly. According to the SW theorem
for correlated sources:

Total rate R=Ry, + Ry, 3)

and
Ry + Ry, 2 H(X))+ H(X,) “4)

where Ry, and Ry, are the compression rates and H(X;) and
H(X,) are the entropies of sources X; and X,. Figure 2 shows
the rate region for the SW coding. According to the SW coding
theorem, the achievable rate region is determined by the follow-
ing equations:

X
Ry, >H (—1> : ®)
X,
X,
R,>H| =), 6
ol e
R
Encoder X N
Decoder | (X;,X3)
L
Ry,
Encoder >

FIGURE 1 SW coding for two correlated sources
—
Rx» 4 L
L
L —
H(X
( 2) o //

v

HX) Rx

FIGURE 2 SW coding (rate region)
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Ry +Ry>H (X, X,). (N

In Figure 2, the green line denotes the minimum theoret-
ical rate for two correlated sources, and the red dots at the
corners represent the optimum rate region, similar to the fol-
lowing rates:

X
Ry =H (X,) andRXZ:H<X—j> ,or

b'¢
Ry, =H <X—1> ,andRy,=H (X,). (8)
2

In Figure 3, X, and X, are two source nodes. The nearest
node (X)) to the sink (base station) has to perform encoding
at a rate equal to its entropy, and the second nearest node (X,)
to the sink (base station) has to perform encoding at a rate
equal to the conditional entropy of itself and the first source
available at the base station, and so on. The sensor node X,
transmits uncompressed data to the decoder, as shown in
Figure 3. Node X, is the input of the encoder that compresses
the data of Node X,, that is, it underscores the correlation
between sensor nodes X; and X,. The more the data correla-
tion between the source nodes, that is, X; and X,, the more
compressed the data of sensor node X,.

Similarly, in Figure 4, if X|, X, Xj, ..., X)y are N different
source nodes that, transmit data to the sink node, and their
encoding rates are R|, R,, R3, ..., Ry, then, according to the
SW encoding, we obtain the following:

Ry 2H (X;). ©)
R22H<)%>, (10)
1
R >H<§ X) (11
32 le 2>

FIGURE 3 Two source nodes for WSN

FIGURE 4 N source nodes for WSN

R >H< Xy X
NZ Yy PAN-2> -
XN—I

,X 1) . (12)
Let Ry be the compression rate of Source X,, then the SW

rate for the DSC of N sources is.

Rya +Ryp+ .. .+ Ry >2H(X,,, ...

X/ Xps o Xpy—y)  (13)

WhCIClSN, (Cl], a, ...,al) C (1, ,N)and (bl’ bz, ..
{1, ....N}/{a,.a,, ....a;}.

o by =

3 | DSC-MIMO

The DSC-MIMO is dependent on the cooperative groups
(CGs), all of which are composed of two correlative
source sensor nodes. The DSC first compresses the corre-
lated source data, then, transmits the compressed informa-
tion directly over a MIMO link to the next hop receiver,
without transferring it to the CH, thus lessening the time
taken to transfer the source data, and boosting the energy
efficiency. Finally, we can utilize this new scheme, that
is, DSC-MIMO, to save power and bandwidth, and en-
hance the energy efficiency of the WSNs. We can imple-
ment any of the DSC methods, such as turbo code, low
density parity check (LDPC) code, and raptor code, with
the CMIMO technique as needed. In this study, the LDPC
code-based virtual MIMO is used, because it has several
advantages over turbo and other codes. First, low-com-
plexity decoders are used in LDPC codes. Secondly, every
decoder decodes its information separately. If a fault oc-
curs in a decoder, other decoders are not affected by the
error. One practical problem in LDPC codes is that their
encoding complexity is high. Two source nodes in a CG,
X, and X,, transmit k bits of source data in Figure 5. In
the encoding process, X| is fed at a rate, R, into an LDPC
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Systematic LDPC Encoder Systematic LDPC Encoder

' }

K2 P, KR P,

TDMA-SISO TDMA-SISO

FIGURE 5 DSC-MIMO transmission procedure

encoder. At the encoder output, it transmits the parity bit
P, and the first half of the information bits. Therefore, the
source encoding rate is Ry; = {(k/2)+P,}/k bit-per-input-
bit, and that imposes a rate of systematic LDPC code,
(R)) = I/{Ry; + (1/2)}. The compression processes of the
source nodes, X, and X, are similar; the only difference
being that source node X, transmits the second half of the
information bit and its related parity bit, P,. The compres-
sion rates of both source nodes are identical, and that of
related LDPC codes is equal [6,12].

Therefore, it is required to design a single systematic LDPC
code to compress the two correlated sources with the DSC at
a symmetric rate. At the receiver, the decoders recover both
sources, X; and X,. The CH and cluster node (CN) design a vir-
tual multi-antenna array and send the information to the sink
(DGN) through a virtual MIMO link. Once clustering is finished,
the DSC-MIMO begins to form the routing table in the entire
WSN. The DSC-MIMO uses the Dijkstra algorithm to build a
routing table that is analogous to the CMIMO in the WSN. The
Dijkstra algorithm provides the shortest routing path for every
cluster. The LDPC codes are better than the block and convo-
lution codes and can compete favorably with the turbo codes.
Recent research works have proven that the LDPC codes are very
desirable for WSNs, because of their applications in DSC and
data compression [20].

4 | ANALYSIS OF ENERGY
CONSUMPTION OF DSC-MIMO

Generally, in the WSN, the total power consumption includes
two parts: the power consumption in all the amplifiers (Pp,),
and the power consumption in other circuit blocks (P.,).

ETRI Journal—WlLEYﬁ
PPA (d)=(1+a)P0ut (d) (14)

where « is related to drain efficiency

_  (4m)*d’MN,
o @ =R, as
where R, denotes the bit rate, G, denotes the transmitter an-
tenna gain, and G, denotes the receiver antenna gain, 4 denotes
the carrier wavelength, d denotes the transmitting distances, M,
denotes the link margin, # denotes the path-loss exponent, N,
denotes the power spectral density, E;, denotes the energy per
bit for a given BER that can be determined by the following
equation:

NTNR
- 4 1y 1 1
P=—(1——> 1- x
*Th N\ e 2NT”R< \/1+2N0/Eb>
_ B
NTEIL NeNe=145 Y (|, 1
= % p \/1+2N,/E,

where ﬁb denotes the BER, Ny denotes the number of the sender
nodes, Ny denotes the number of the receiver nodes, and b de-
notes the constellation size. Thus,

(16)

Pe=Ny (Pmix+PDAC+Pﬁlt) +2P
+Ng (Pmix+PLNA+PIFA+Pﬁlr+PADC)

synth

a7

where Pp,c and Pypc denote the power consumed by the dig-
ital-to-analog and analog-to-digital converter, P, and P,
denote the power consumed by the filter at the transmitter's
end and receiver's end; P Py, Pipa, and Ppya denote
the power consumed by the mixer, frequency synthesizer,
intermediate frequency amplifier, and low-noise amplifier,
respectively.
Now, the total energy consumption per bit is as follows:

Ppp +P,

ob R, (18)

R, can be changed by Re" =R, w. where pNy training
symbols are introduced in every block. F is the block size
that is equal to T-Rg; T represents the fading coherence
time; and Rg represents the symbol rate. The coherence time
T-=3/4f, \/; ; the maximum Doppler shift, (f,,) = v/A, where
v denotes the velocity [21]. The total energy consumption per
bit when pNy training symbols are introduced in every block
is as follows:

F [PPA+PC] (19)

pbt (F —pNT) Rb
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where p denotes the training overhead factor. In the in-
tra-cluster communication, after the DSC, the sensor
nodes that belong to a CG exchange their information
using the SISO scheme. Then, the energy consumption
per bit is

_ F
Eﬁ,slc SISO (d)= ) [pr (d) |NT=1,NR=1] Ry, (20)

(F—pNy

where Ry, is the compression rate of the DSC.

In the intercluster communication, all the CGs communi-
cate with the next master CG through a 2 X 2 virtual MIMO
link. Therefore, the energy consumption per bit is

F
EDSC—MIMO (d):— E (d)l _ R, 21
pbt (F—pNT) [ pb NT_Z’NR_Z] X1 ( )
There are G CGs, and after the space-time coding, each
source node has L-bit data in intercluster communication.
The total energy consumed by the DSC-MIMO in the inter-
cluster communication process is as follows:

DSC-MIMO _ DSC-MIMO
E, = ZGLprI . (22)

4.1 |
(Ryy)

Code rate (R,) and compression rate

Data Compression rate (%)

Total length of data aft i 23
_ Total length of data after compression 100, (23)

" Total length of data before compression

For a code whose block length (n-bits codewords) has k
information bits and r parity bits, the code rate (R,) is defined
as the ratio of information bit to block length.

Inf . .
Code rate (R,) = nformation bits (k) . 24)
Block length (n)

The code rate measures the redundancy in the block code
[22].
The compression rate of source X is

_ (k/a)+P,

Ry, = - (25)

Then, the code rate (R, ) = P m
Ifa=2 then, R,=—1 (26)

T TR 4172

The same process is applied to source node X,. The source
encoder transmits the remaining information bit, as well as
the related parity bit. The compression rate of the source
node, X, is given as Ry, ={(a—1/a)k+P,}/k.

The LDPC code rate of source X2 is:

1 1

R,= = .
2T Ry +1/a” Ry,+1/2 @7)

5 | SIMULATION ANALYSIS

We utilized the MATLAB tool for simulation. In this study,
we examined two different scenarios of compression and
code rate:

i. Ry, = 0833 and R;= 0.75.
ii. Ry, =0.75 and R,= 0.80.

Figure 6 clearly depicts the energy consumptions per bit
of the SISO, DSC-SISO and MIMO, DSC-MIMO as a func-
tion of distance for different compressing and code rates. The
simulation result reveals that the energy consumption per bit
of DSC-MIMO is less than that of the CMIMO, and the en-
ergy consumption per bit of the DSC-SISO is less than of
the SISO at p = 1. The logic is that the DSC compresses the
redundant source data and decreases the length of the data
in the WSN. In Figure 6, the energy consumption per bit of
SISO, DSC-SISO and MIMO, DSC-MIMO is represented
as a function of distance for the compression rates, 83.3%
and 75%, and it may be concluded that the energy consump-
tion per bit is directly proportional to the compression rate

0.10 -
/’ ---&--- SISO
! DSC-SISO at compressing 1
0.09 7 rate 83.3%, coderate 0.75 /“
/ / / ——+— MIMO
¢ ——o6— DSC-MIMO at compressing ..
— 008 ;
E / rate 83.3%, coderate 0.80 /
= /
‘o / ——— DSC-SISO at compressing
5 0.07 7 rate 75%, coderate 0.75 B
8 ,'/ DSC-MIMO at compressing
% 0.06 [ rate 75%, coderate 0.80 ..
= /
& 0.05
E 7 / /
é* / /
0.04
g Vs S
3 A / /e/
g 003 g
5] <
LE 5’/
0.02
0.01
0
0 20 40 60 80 100

Transmission distance in meter

FIGURE 6 Energy consumption per bit for DSC-SISO, SISO,
DSC-MIMO, and 2 x 2 MIMO at different compression and code rate
for training overhead factor; p = 1
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at training overhead factor p = 1. In Figure 6, the energy
consumption per bit of SISO, DSC-SISO, MIMO, and DSC-
MIMO for code rates, 0.75 and 0.80, is also depicted as a
function of distance, and thus, it may be concluded that the
energy consumption per bit is inversely proportional to the
code rate at training overhead factor p = 1.

0.20 o T
/| -—o--ssoatp=5
! DSC-SISO atp =5
0.18 i ———MIMOatp=>5
/'/ —6—DSC-MIMO atp =5
/ SISO atp =10

DSC-SISO at p =10
—©—MIMO atp =10
DSC-MIMO at p = 10

0.16 ;
III
l/l

0.14 7 //

0.12

v
0.08 I 7 / /

0.06 7

Energy consumption per bit source data in mJ

0.04 s
)/e/e/o

0.02

0 20 40 60 80 100

Transmission distance in meter

FIGURE 7 Energy consumption per bit of DSC-SISO, SISO,
DSC-MIMO, and 2 x 2 MIMO against transmission distance at
compression rate, 75%, code rate, 0.80, and training overhead factors,

p=5Sandp=10

TABLE 1 Simulation parameters

Symbol Value

p) 0.125 m

A 0.47

GG, 5 dBi

N, —174 dBm/Hz
B 10 KHz
Poic 30.3 mW
Pea 2 mW

Py 50 mW
Ppy 2.5 mW
Pg, 2.5 mW
N; 10dB
B 20 mW

M, 40 dB
e 15.43 mW

6.62 mW

The code rate is inversely proportional to the parity bits,
in contrast to the message bits. Hence, the total consump-
tion of energy is inversely proportional to the code rate.
Figure 6 depicts that the MIMO scheme is very appropriate
for long-distance communication, whereas the SISO is more
suitable for short-distance communication. This is because,
for long-range application, the transmission energy exceeds
the circuit energy, and for short-range application, the circuit
energy exceeds the transmission energy.

Figure 7 shows the energy consumption per bit of SISO,
DSC-SISO, MIMO, and DSC-MIMO for the compression
rate of 75% and code rate of 0.80 at p = 5 and p = 10. The
simulation result shows that energy consumption per bit of the
DSC-MIMO scheme is less than that of the CMIMO, and the
energy consumption per bit of the DSC-SISO is less than that
of the SISO at p = 5 and p = 10. The simulation result also

shows that the energy consumption per bit is enhanced with
increase in the training overhead factor (Table 1).

6 | ANALYTICAL APPROACH

Now, we concentrate on deriving a mathematical relation be-
tween p and v. We know that Riﬁ and R, are related by the
following relation [2]:

F—pN;

RT= R

VAL (28)

3R eff
Velocity ()= ———=— [ 12 ). (29)
4pNp\/7 R,

The total energy consumption per bit when pN; training
symbols are introduced in every block is as follows:

F Ppp +P,
prt = ’
(F-pNp) L Ry
3R Pos +P,
Epy = —t
(3/1RS —4vaT\/E) b

(30)
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If the velocity is constant, then the block size (F) will
remain constant for a specific value of carrier frequency.
Therefore, the boundary value of p depends on F' — pNt and
the boundary condition is p < F/Ny. The total consumption
of energy becomes unideal, because the value of p does not
fulfill the boundary condition. The same is true for chang-
ing the velocity, v, and making the training overhead fixed.

Figure 8 shows that the velocity increases propor-
tionally with the symbol rate for a fixed value of p. For
a fixed value of p, the rate of increase in velocity cor-
responding to the symbol rate reduces, the higher the
number of transmitting nodes, as clearly depicted in the
graph of velocity versus symbol rate. The simulation re-
sult shows that an increase in the symbol rate (R,) in-
creases the boundary values of the velocity while other
parameters are constant.

Figure 9 shows that the velocity is inversely proportional
to the training overhead factor for a constant symbol rate. For
a fixed symbol rate, the rate of fall in velocity with the train-
ing overhead factor decreases with an increase in the number
of the transmitting nodes.

In Figures 8 and 9, the simulation results also show that
the MIMO technique reduces the boundary condition of
training overhead factor or velocity while other parameters
are kept fixed.

Figure 10 reveals that the total energy consumption of
the DSC-MIMO and MIMO increases with velocity when

60
e Na=2, p-1
No=4, p=1
T Ng=6, p=1
—6—Nu-8, p—1 A
50 A
40 -
3 4
g 30 e
2
é\ //O/ /
=
20 -
/////// / //
10
i
Ea/

0
10000 20000 30000 40000

Symbol rate in HZ

50000 60000 70 000

FIGURE 8 Velocity vs symbol rate for fixed training overhead
factor

14 T T T

' ~~©-- Ny = 2,Rs=10kHz
]2\ —— No=4 Rs=10kiz

\ —+t— Ng=6,Rs=10kHz
| —S— Nyg=8, Ry=10kHz

el \\\

= \

5] \

54 \

2 gk

|2l \

E-j \\

6 \i

E X

£ 6 .

2

g \

3 N

> 4 N

o
oo
Z - .
;\@%\\ B

Training overhead factor

FIGURE 9 Velocity vs training overhead factor for fixed
symbol rate

the training overhead factor and other parameters are fixed.
Figure 10 also shows that the energy consumption of the DSC-
MIMO is less than that of the MIMO technique for a fixed
velocity, distance, and training overhead factor because, in the
DSC-MIMO, the DSC compresses the redundant source data
and thus reduces the length of data in WSNs.

Figure 11 depicts the BER for code rates, 0.75, 0.80, and
shows that the BER is directly proportional to the code rate.
This is because, when the code rate increases, the message
bit, compared to the parity increases.
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FIGURE 10 Energy consumption over velocity for fixed
training overhead factor
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FIGURE 11 BER in additive white Gaussian noise (AWGN)
channel block for code rate, 0.75 and 0.80, for BPSK modulation scheme
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FIGURE 12 BER in AWGN channel block for code rate 0.80

and compression rate, 75% for different constellation sizes of phase-
shift keying (PSK) modulation scheme

Figure 12 depicts the BER for BPSK, 8-PSK, and
16-PSK modulation techniques for code rate 0.80 in the
AWGN channel. The simulation result shows that the BER
is directly proportional to the constellation size. This is
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FIGURE 13 Energy consumption of CMIMO and DSC-MIMO
for intercluster communication phase at compression rate, 75%

because the data rate is directly proportional to the bit per
symbol for the same bandwidth, and therefore, the BER
will also increase.

In Figure 13, the energy consumption by the CMIMO and
DSC-MIMO for intercluster communication is depicted. The
simulation result proves that the DSC-MIMO technique con-
sumes less energy than that of the CMIMO when information
from the same source is being sent in intercluster communi-
cation, because, in all the source nodes, the DSC compresses
the correlated source data that lessens the energy consump-
tion in the WSN.

7 | CONCLUSION

The DSC-MIMO scheme has been utilized to compress re-
dundant source data, and reduce the length of information,
and thus, enhance the efficiency of the WSN. The simulation
results demonstrate that the energy consumption of the DSC-
SISO scheme is less, compared to the traditional SISO and the
energy consumption that of the DSC-MIMO scheme is less
than that of CMIMO. It also reveals that energy consumption
reduces with an increase in the code rate and decrease in the
compression rate in the WSN. The results reveal that energy
consumption is directly proportional to the training overhead
factor for fixed code and compression rates. It has also been
shown that the energy consumption is enhanced by increment
in the velocity and fixed training overhead factor. Thus, the
DSC-MIMO is a significant method for reducing power con-
sumption and improving the energy efficiency of the WSNs.
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