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Abstract: Multiple Input Multiple Output (MIMO) is a technology to meet high data rate necessity for next generation communication
system. It can well use the spectrum to enhance the communication throughput. Design a low-complex, high performance detection
algorithm for the MIMO system has been a vital issue. The efficient detection of MIMO signal using Modified Memetic Algorithm
(MMA) with Quadrature Amplitude Modulation (QAM) varying constellation size is proposed in this paper. The performance of the
proposed work is at far with the optimum Maximum Likelihood Detector (MLD) in terms of Bit Error Rate (BER) and computational
complexity. Three stages are there in proposed work. In the first stage, using partial ML detections certain bits are detected. The
undetected bits in the first stage are calculated in the second stage using soft values generation method. Using MMA algorithm the
undetected bits is detected in the last stage. The soft values obtained from second stage and the partial ML bits from the first stage
are combined and used as the input for the last stage. In this stage, the best individuals are obtained. MMA uses hill climbing local
search technique to obtain the high quality individuals as starting point. The simulation results demonstrate that MMAbased MIMO
detectors outperformed the state of art detectors for different antenna configurations. Also it gives reduced complexity as compared to
the existing detectors. For a 4×4, 16-QAM MIMO system, the proposed work gives BER of 10−4 for 8dB SNR with the complexity
value of 51.4.
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1 Introduction

MIMO system is one of the most talented technologies
that can provide enormous data rates with consistent link
quality for wireless communication [1–8]. The MIMO
systems have been adopted in the wireless standards like
IEEE 802.11n, IEEE 802.16e, LTE and also 5th
generation (5G) communication networks. To receive
high performance symbol in MIMO system, the receiver
wants an well defined detection algorithm. In MIMO
system, design of low complexity and high performance
receiver is the main challenge [2,3].

Considernt transmitting andnr receiving antennas of
MIMO system. The transmitted signals are represented in
both time and space using QAM modulation. MIMO
systems are described by two models, namely real
equivalent model and complex equivalent model. The
proposed algorithm is adopted in both models. The
complex baseband equivalent model of MIMO system is

represented in Eq. (1),

Y = HX+n (1)

whereH is an(nt ×nr) AWGN (Additive White Gaussian
Noise) channel matrix.X is a complex transmitted signal
vector of lengthnt and all the elements are separately
drawn from a constellation of M-QAM scheme [2]. From
all the digital modulation techniques QAM have high
spectral efficiency thus it gives low BER as compare to
other modulation techniques. To find best symbolÂ for
received signalY is the main goal of the MIMO detection
and it is represented by the Eq. (2) as,

Â= arg min
A∈Ont

|Y−HX|2 (2)
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1.1 State of Art

The optimum detection method of MIMO system is
Maximum-Likelihood (ML) detection because it has
reduced BER but as we increase the number of
transmitting antennas its complexity increases
exponentially. Linear detectors such as Zero Forcing
(ZF), Successive Interference Cancellation (SIC) or
Minimum Mean-Square Error (MMSE) based
detection [1, 2] have reduced complexity than ML but it
has poor performance. The non linear detectors such as
depth first and the breadth first search algorithms are also
used to detect the MIMO signals. One of the depth first
strategy is the Sphere Decoder (SD) [3–5], which
guarantees the best performance but the changeable
throughput results in additional overhead in the hardware.
The most familiar approach of breadth first search
methods is theK Best algorithm. It gives constant
throughput with the performance close to ML [6]. But K
values are increased means the complexity also increases.

To overcome the above issues, optimization
techniques are introduced. One of the efficient
optimization algorithms are used to solve hard problems
is Genetic Algorithm (GA) [9, 10]. The main innovation
of GA founds the best cost signal but it is not well
suitable for line tuning structures. To resolve the above
problem introduce new algorithm called Modified
Memetic algorithm (MMA) in MIMO system. It produces
better results compared to GA and other equivalent
MIMO detectors.

1.2 Contribution

Low complexity with reduced BER detection of MIMO
system using QAM symbol alphabet A is proposed in this
paper. It represented by three stages and operates at the
bit level in Fig. 1. In the first stage, using iterative
algorithm [11], [12], partial ML bits b̂ML(y) will be
detected. In the second stage, soft valuesSk are
determined by using undetected bits values. In the third
stage, from the partial ML bits and soft valuesSk detect
the best individualsbk by use of MMA algorithm. This
algorithm is work based on greedy optimization algorithm
described in [14]. The first two stages are used to
improve the initialization and the last stage includes local
search procedure that improves the individuals even for
small population size [15,17].

This algorithm well suited to MIMO systems because
it works with even small population sizes result in a low
complexity. To obtain improved soft values [11], the
outputs in the last stage are fed back to the previous stage.

The remaining of this paper is as follows: On
Section2 describes the detection of partial ML bits and
generates the soft values. Section3 explains the proposed
MMA. Complexity analysis is done on Section4,
Simulation analysis of the proposed work is done on
Section5 and finally drew a conclusion on Section6.

Fig. 1: Block diagram of the proposed MIMO detector.

2 Detection of ML Bits and Soft Values
Generation

Consider a QAM symbol with|A|= 2M with M = log2 |A|,
and a unique vector can be written asv= (v1, . . . ,vB)

T ∈
CB then,

a=
M

∑
s=1

vsbs(s) = vTb(s) (3)

for every symbola∈ A with a bit vectorb(s) ∈ {−1,1}B.
From the literature [11], based on the value of|A|, the
complex vectorv is represented: e.g.,|A| = 16 for

v =
(

1 2 j 2 j
)T and |A| = 64 for v =

(

4 2j 1 2j 4 j
)T.

Let ap = (a)p denote thepth element ofa. The MIMO
symbols are obtained from a QAM symbol in terms of
binary and it is represented by the Eq. (4) as

y= Ab+n. (4)

The equivalent channel matrix,A , H ⊗ vT ∈ Cn
r ×Mnt

(⊗ denotes the Kronecker product) and the binary value
of the transmit symbol vector a as,
b = b(s) , bT(s1) · · ·bT(snt)

T ∈ {−1,1}Mnt. At the bit
level the ML detection rule (2) can be modified as

b̂ML(y) = arg min
b∈{−1,1}

= ‖y−Ab‖2 (5)

2.1 Detection of Partial ML bits

Computes a few elementŝbML,k from the partial ML
detectionb̂ML(y) is the first stage for the proposed MIMO
detection. The iterative algorithm is used to compute the
partial ML bits [12, 13], which follows as, letz, AHy,
G , AHA and I , {1, . . . ,Mnt} and
b = (bT(s1) · · ·bT(snt))

T = (b1 · · ·bMnt)
T are the set of

elements andbk,zk, andGk,l are the elements ofb,z, and
G respectively, withk, l ∈ I . For a bitbk expand the ML
metric‖y−Ab‖2 with k∈ I .

Let Ik , {1, . . . ,k − 1,k + 1, . . . ,Mnt} and
bk , (b1 · · ·bk−1bk+1 · · ·bMnt)

T .

Here,‖y−Ab‖2 = ‖y‖2− x(b) (6)

x(b), 2ℜ{zHb}−bTGb
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= 2bkR{zk}−Gk,kb
2
k − ∑

l∈Ik

bkGk,l bl

− ∑
k′∈Ik

bk′Gk′ ,l bk+2 ∑
k′∈Ik

bk′R{zk′}l

− ∑
k′∈Ik

∑
l∈Ik

bk′Gk′,l bl

Then ML detection rule (4) rewritten as

b̂ML(y) = arg min
b∈{−1,1}

Mnt = x(b) (7)

b̂ML,k is unknown it can be determined by bounding values.
It follows,

lk(D)≤ b̂ML,k ≤ uk(D) (8)

lk(D), 2(ℜ{zk}− ∑
l∈Dk

|ℜ{Gk,l}|− ∑
l∈Dk

|ℜ{Gk,l}b̂ML,l )

(9)

uk(D), 2(ℜ{zk}+ ∑
l∈Dk

|ℜ{Gk,l}|− ∑
l∈Dk

|ℜ{Gk,l}b̂ML,)

(10)

Here,D denotes the set of already detected bits andD or d
denote the set of undetected bits.

In each iteration, iflk(D) ≥ 0 thusb̂ML,k = 1 update
the detected setD i.e, D(new) = D∪ {k} and uk(D) ≤ 0
thusb̂ML,k =−1 update the respectiveD set elements.

The lower and upper boundslk(DML) and uk(DML)
satisfy below condition:

lk(DML)< 0 and uk(DML)> 0, for all k∈ DML (11)

Otherwise a bit would have been detected.
If no new bits are detected the iterative procedure is

terminated. After terminationDML is the set of the detected
ML bits, i.e., b̂ML,k bits are detected bits in the partial ML
detection stage.

2.2 Soft Values Generation

Generate the soft valueSk from the expected value of
b̂ML,k, i.e.,

Sk , E{b̂ML,k},k∈ DML

From the boundslk(DML) anduk(DML), the soft valuesSk
can be easily calculated.

Sk =
lk(DML)+uk(DML)

uk(DML)− lk(DML)
, k∈ DML (12)

Here,−1 < Sk < 1. If more bits are detected then the
quality of the soft values improved [11].

3 Proposed Algorithm

3.1 A. Principle

The main work of stage 3 is to determine best individual
bits bk, k ∈ DML. This is done by the proposed algorithm
called MMA with high performance in MIMO system.
Incorporating GA with local search technique is known as
Memetic algorithm (MA) [15]. In MMA initialize the
population at random or heuristic [20]. Then, each
individual are use the local search technique to develop its
fitness value. Once two parents are selected, their
chromosomes are joined by using crossover operation and
generate the new individuals. Again use local search
technique quality of individuals is enhanced [21,22]. The
task of hill climbing technique in MMA is to find high
quality individuals efficiently than the GA.

3.2 Algorithm

Function MA(P, i,n,k, ia, ib, ic)
Step 1 Initialize P # Population size(P) = 50
for i := 1 toP do
P[i] := RS(n) # Random Solution
P[i] := LS(P[i]) # Local Search
Step 2: Hill-Climbing (problem) return state node:

present, neighbor;
present: = Make-Node(Initial-state
(problem));
Loopdo

neighbor: = highest-value-successor
(present)

if (Value(neighbor)< Value(present))then
return State(present)
else current: = neighbor
end loop
end for

Step3: for i = 1 to M # Crossoversdo
select two parentia, ib\ in randomly
ic := crossover (ia, ib)
ic := LS(ic)
addic to M
end for

Step 4: for i := 1 toM # Mutationsdo
select ani of M randomly;
i{k} := mutate(i)
i{k} := LS (i{k})
addi{k} to P
end for

Step 5 N := select(N)
if N convergedthen
for eachi of best populations do
individual: = LS(mutate(i));
end if
return best solution found
end function
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Fig. 2: Flowchart of MMA for MIMO detection.

3.3 Modified Memetic Algorithm (MMA)
Functions

Fig. 2 shows the flowchart of MMA for MIMO detection.
The functions of the MMA will be described as follows:

Individuals:
In MIMO detection based on MMA, the individuals are
represented by the set of QAM symbol alphabet A, where
|A| = 2M with M = log2 |A| transmitted by the transmit
antennas [13]. Consider the symbolsA= 2M, M = 16 and

64. The initial set{b(1), . . . ,b(1)Mmax} are generated at first.
Then find individuals with best fitness by the use of a
local search technique.

Local Search (Hill Climbing):
Among numbers of local search techniques available in
the literature, Hill Climbing (HC) is a common strategy.
By the use of hill climbing method convert the
preliminary initial start set from the second stage

{b(1), . . . ,b(1)Mmax} into {b(i), . . . ,b(i)Mmax} which is the
optimized initial start set and this is consider as the input
to the MMA. The same procedure is executed for every
individual in the crossover and mutation operations to
obtain high quality solutions.

Hill-climbing starts with randomly generated
solutions and repeatedly produce its the neighbors until a
better solution is found. This new solution is better than
old solution it becomes the current solution and the
algorithm producing its neighbors until find the better
solution. If there are no improving solutions in the current
neighborhood, the method will be stopped.

Crossover:
According to theuniform crossoveralgorithm, pairs of
individuals are organized randomly from the current

individual set {b(i)1 , . . . ,b(i)m } of size m(i). One of the
individuals appears in two pairs ifm(i) is odd. Each
individual pair (ia, ib) produces anoffspring individual
(ic), whose bits are equal in the parent individuals bits,
then randomly choose the remaining bits. The current
individual set is then considered as extended set of
offspring individuals.m(i)

extension= [(3/2)m(i)] is the size of
the extended set, where[m(i)] denotes the least integer
value not lesser thanm(i) [11].

Mutation:
In this stage, the individuals which are having the

minimum Hamming distance d(b(i)j , b(i)j ′ ) is larger than 3
are considered as the offspring individuals. Also, in each
mutation step choose the number of bits flipped value is
greater than 1. Proper selection of mutation parameters in
MMA it gives better results as compared to GA.

Then, all new individuals are generated by the
crossover and mutation stages are again optimized by use
of hill climbing local search stage [21].

Selection:
Finally, the extended setm(i)

extension = [(3/2)m(i)]
individuals attained from the local search stage is reduced
in the selection stage [11]. The identical individuals are

eliminated first. Let {b′1, . . . ,b
′
n} for n ≤ m(i)

extension
represent the resulting individual set. Ifn > mmax, the
start set for the next iteration is select as themmax
individualsb′j with high f (b′j ) values (i.e,m(i+1) = mmax).

If n ≤ mmax, for the next iteration{b(i+1)
1 , . . . ,b(i+1)

m(i+1)} is

the start set. (i.e,m(i+1) = n). Thus, m(i+1) = n if
n ≤ mmax and m(i+1) = mmax if n > mmax, thus
m(i+1) ≤ mmax is satisfied. After the predetermined

number ofJ iterations, i.e.,b(J+1)
1 is the best individual in

the corresponding individual set{b(J+1)
1 , . . . ,b(J+1)

m(J+1)}.
This is considering being final result of MMA.

4 Complexity Analysis

The complexity of the MIMO system defined as number
of floating point operations such as additions,
multiplications etc., are required to compute the
transmitted vectorx [23, 24]. Table 1 shows the
complexity analysis of the MLD, ZF, MMSE, GA and
MMA approaches, in terms of number of transmitting and
receiving antennas are used to detect the signal.

Table1 estimates the complexity of various detectors
in MIMO system with dimensions ofNt = Nr = {4,8,16}
for 16 QAM and 64 QAM. This shows that proposed
work gives reduced complexity as compared to GA. The
normalized value of complexity equation are calculated
for the state of art detectors withNt = Nr = 4 and 16
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Table 1: Complexity Analysis of Various MIMO
Detectors.

Algorithms
Complexity Equation
(C in flops)

Complexity
value for
nt = nr = 4,
16QAM

ZF 2(n2
r nt)+n3

r +ntnt 1

MMSE 2(n2
r nt)+n3

r +n2
r +ntnt 1.07

MLD Mnt(n2
r + nrnt + 2nr + logMnt),

M = 16 or 64
14120

GA (g + 1)[p(nrnt + nr) + plog p],
g= 10, p= 50

57.4

MMA gn5
t +n4

r +nr lognr + p(nt) 51.4

Table 2: Various Parameters used in Proposed MIMO
Detector.

Parameters Values
Antenna Size 4×4 8×8 16×16
Channel AWGN AWGN AWGN
Modulation 16, 64-QAM 16, 64-QAM 16, 64-QAM
Population Size 50 50 50
Generations 10 10 10
Crossover rate 0.65 0.71 0.79

QAM. For GA and MMA consider the population size
P = 50 and the generationG = 10. This table shows that
the MLD algorithm is 14120 times more complex than
the ZF algorithm.

5 Simulation Results

5.1 Simulation Setup

In MIMO system the performance of the proposed MMA
approach was evaluated by means of simulations with
different antenna configurations and various QAM
constellation sizes. The detector parameters are
summarized in Table2. The channel used in proposed
detector is AWGN channel because it gives reduced BER
as compared to Rayleigh channel [23].

5.2 BER Performance of QAM Technique

In this proposed work select the QAM technique because
it has high spectral efficiency without extra
bandwidth [24,25]. It gives low BER as compare to other
techniques such as QPSK, BPSK and PSK as shown in
Fig. 3. To transmit more number of bits per symbol
selects higher order constellations of QAM (16 QAM and
64 QAM).

Fig. 3: BER performance of QAM technique.

Table 3: BER comparison of the 8×8 MIMO system with
16 QAM.

SNR Bit Error Rate
(dB) ML MMA GA K Best ZF
2 0.015 0.02 0.03 0.09 0.15
4 0.003 0.004 0.009 0.03 0.08
6 0.0003 0.0004 0.001 0.009 0.02
8 0.00001 0.00002 .00007 0.001 0.005

10 0 0 0 .00008 .0005

5.3 BER performance of proposed MIMO
systems

The BER vs SNR performance of the MMA approach
was compared to the state of art detectors such as ZF,
SIC, MMSE, K-Best, GA and MLD is shown in Fig.4.
Fig. 4(a)–(c) shows results of MIMO system with 16
QAM and dimensions of 4× 4, 8× 8 and 16× 16. This
shows that BER value of proposed MMA detector is very
close to optimal ML detection and better than GA at low
and medium SNR’s. Fig.4(d)–(f) shows results for 64
QAM for same all dimensions, it shows that MMA
performs well at medium SNR’s as compare to the state
of art detectors. The performance advantages of MMA
over GA, ZF, MMSE, SIC,K Best and ML increases with
growing dimension. Table3 shows that BER value of
8×8 MIMO system with 16 QAM. It shows that MMA
has low BER and close to ML.

6 Conclusion

Reduced complexity with low BER signal is detected at
the bit level in MIMO system with different QAM
constellation is proposed. This detection combine the
efficient detection of partial ML bits, soft value
generations and a new type of optimum detections based
on the principle of MA. Due to their architecture and
efficient local search technique such as Hill climbing, the
MMA is especially advantageous for MIMO systems.
The performances of the MMA are compared with the
state of detectors such as ZF, MMSE, K-Best, GA and
MLD at low and medium SNRs with different antenna
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(a) BER vs. SNR for 16-QAM for 4×4 MIMO system. (b) BER vs. SNR for 16-QAM for 8×8 MIMO system.

(c) BER vs. SNR for 16-QAM for 16×16 MIMO system. (d) BER vs. SNR for 64-QAM for 4×4 MIMO system.

(e) BER vs. SNR for 64-QAM for 8×8 MIMO system. (f) BER vs. SNR for 64-QAM for 16×16 MIMO system.

Fig. 4

configurations. They reach effectively optimum (ML)
performance with 16 QAM and 64 QAM. Furthermore,
they are significantly less complex than conventional GA.

References
[1] Sadiqur Rahaman and Shahnewaz Shahabuddin,

Complexity Analysis of Matrix Decomposition Algorithms
for Linear MIMO Detection, 5th International Conference
on Informatics, Electronics and Vision (ICIEV), 2016.

[2] Mojtaba Mahdavi and Mahdi Shabany, Novel MIMO
Detection algorithm for High-Order constellations in the
complex domain,IEEE transactions on very large scale
integration (VLSI) systems, 21(5), 834–847, (2013).

[3] Z. Guo and P. Nilsson, Algorithm and implementation of the
K-best sphere decoding for MIMO detection,IEEE J. Sel.
Areas Commun., 24(3), 491–503, (2006).

[4] Esther P. Adeva and Gerhard P. Fettweis, Efficient
Architecture for Soft-Input Soft-Output Sphere Detection
With Perfect Node Enumeration,IEEE Transactions On
Very Large Scale Integration (VLSI) Systems, 24(9), 2932–
2944, (2016).

[5] Ming-Xian Chang and Wang-Yueh Chang, Efficient
Detection for MIMO Systems Based on Gradient Search,
IEEE Transactions on Vehicular Technology, 65(12),
10057–10063, (2016).

[6] Yingjie Wen and Lenan Wu, A Modified Sphere Detection
Algorithm with Lower Complexity for MIMO Detection,
International Conference on Communication, Control,
Computing and Electronics Engineering (ICCCCEE)2017.

[7] Pei Xiao, Jinsong Wu and Colin F.N. Cowan, MIMO
Detection Schemes with Interference and Noise Estimation
Enhancement,IEEE transactions on Communications,
59(1), (2011).

c© 2018 NSP
Natural Sciences Publishing Cor.



Appl. Math. Inf. Sci.12, No. 3, 665-671 (2018) /www.naturalspublishing.com/Journals.asp 671

[8] Hozun sunk, jeewoongkang and kwangbok lee, A simplified
maximum likelihood detection for MIMO systems,IEICE
transaction communication, 89(8), 2241–2244, (2006).

[9] Nazmat Surajudeen-Bakinde, Xu Zhu, Jingbo Gao and
Asoke K. Nandi, Improved Signal Detection Approach
using Genetic Algorithm for Overloaded MIMO Systems,
IEEE Transactions, (2008).

[10] Kazi Obaldullah, Constantin Siriteanu, Shingo Yoshizawa,
And Yoshikasu Miyanaga, Effects of channel features on
Parameters of Genetic Algorithm for MIMO Detection,
IEICE Trans. Fundamental, E96-A(10), (2013).

[11] Pavol Svac, Florian Meyer, Erwin Riegler, and Franz
Hlawatsch Soft-Heuristic Detectors for Large MIMO
Systems,IEEE Transition Signal Processing, 61(18), 4573–
4586, (2013).

[12] J. Choi, Iterative receivers with bit-level cancellation and
detection for MIMO-BICM systems,IEEE Signal Process.
Letters, 53, 4568–4577, (2005).

[13] P. Odling, H. B. Eriksson, and P. O. Borjesson, Making
MLSD decisions by thresholding the matched filter output,
IEEE Trans. Comm., 48, 324–332, (2000).

[14] P. Merz and B. Freisleben, Greedy and local search
heuristics for unconstrained binary quadratic programming,
J. Heuristics, 8, 197–213, (2002).

[15] J. Tang, M.H. Lim, Y.S. Ong, Parallel memetic algorithm
with selective local search for large scale quadratic
assignment problems,International Journal of Innovative
Computing, Information and Control, 2(6), 1399–1416,
(2006).

[16] J. Nalepa, M. Blocho, Co-operation in the parallel memetic
algorithm.Int. J. Parallel Program., 43(5), 812–839, (2015).

[17] Randy L. Haupt and Sue Ellen Haupt, Optimum Population
size and mutation rate for a simple real genetic algorithm
that optimizes array factors,ACES Journal, 15(2), (2000).

[18] J. Digalakis and K. Margaritis, Performance comparison
of memetic algorithms, Applied Mathematics and
Computation, 158(1), 237–252, (2004).

[19] Robiah Ahmad, Hishamuddin Jamaluddinand Mohd. Azlan
Hussain Application of memetic algorithm in modelling
discrete-time multivariable dynamics systems,Mechanical
Systems and Signal Processing, 22(7), 1595–1609, (2008).

[20] Manuel Lozano, Francisco Herrera, Natalio Krasnogo
rand Daniel Molina, Real-Coded Memetic Algorithms
with Crossover Hill-Climbing,Massachusetts Institute of
Technology, 39(18), 828–835, (2004).

[21] Manuel Lozano, Francisco Herrera, Carlos Garcıa-Martınez
and Daniel Molina, Memetic Algorithms for Continuous
Optimisation Based on Local Search Chains,Massachusetts
Institute of Technology, 61(55), 589–594, (2010).

[22] A. Nooraliei, M.R. Meybodi and B. Masoumi, Memetic
algorithm based on genetic algorithm and improved
cuckoo search algorithm for Dynamic Environment,
International Conference on Artificial Intelligence and
Robotics (IRANOPEN), 2016.

[23] Poornima Ramasamy, Mahabub Basha
Ahmedkhan, Mounika Rangasamy, Design and FPGA-
Implementation of Minimum PED Based K-Best Algorithm
in MIMO Detector, Circuits and Systems, 7(6), 612–621,
(2016).

[24] P. Bhagawat, R. Dash and G. Choi, Systolic like soft-
detection architecture for 4× 4 64-QAM MIMO systems,
IEEE design, 61(18), 870–873, (2009).

[25] Ali Elghariani and Michael Zoltowski, Low Complexity
Detection Algorithms in Large scale MIMO systems,IEEE
transactions on Wireless Communication, 15(3), 1689–
1702, (2016).

R. Poornima is working
as Assistant Professor in
the Department of ECE,
K.S.R. College of Engineering,
Namakkal, Tamilnadu, India.
She is pursuing her doctorate
in Anna University, Chennai and
obtained her M.E. in Advanced
communication Systems. She has

published 14 papers so far in International and national
Conferences and Journals. She attended 18 national and
International seminars/conferences/workshops. She has Guided
15 projects in both under graduate and postgraduate students
towards their project work. She has 12 years of teaching
experience. Her area of interest is Wireless Communication.

A. Mahabub Basha
is the Professor and Director
of Department of Electronics and
Communication Engineering at
K.S.R. College of Engineering,
Namakkal, Tamilnadu,
India. He has awarded Ph.D.
(Microprocessor Applied to Sub
Station Protection and Control)
at University of Roorkee

(presently IIT, Roorkee). He has over four decades of teaching
experience in premier institutions in India and abroad which
includes Calicut Regional Engineering College (now National
Institute of Technology Calicut), Anjuman Engineering College,
Bhatkal, Karnataka, Ibra College of Technology, Ministry of
Man Power, Muscat, where he is also involved in research for
few decades. He has published more than 100 peer review
research articles. He won National award for his outstanding
research work in Engineering and Technology from ISTE and
also got Best research paper award in Engineering Applications,
from System Society of India, IIT, New Delhi and Institutions of
Engineers India, West Bengal. His area of interest includes,
Modern Power System Relaying and Control, Digital
Instrumentation, Electric Drives and Control, Power Quality and
Computer Networks. With his excellent guidance more than 30
Postgraduates are completed and 12 Ph.D., candidates are
pursuing their research. He has examined more than 5 Ph.D.
thesis. He is a member of American Biographical Institute, New
York Academy of Sciences and also a Life Member of ISTE,
System Society of India, Computer Society of India. He is
actively involving in Member of Editorial board / reviewers
team-IRA publications for International Journal of Advances in
Engineering Research, International Journal of Research in
Science & Technology and International Journal of Innovations
in Scientific Engineering.

c© 2018 NSP
Natural Sciences Publishing Cor.

www.naturalspublishing.com/Journals.asp

	Introduction
	Detection of ML Bits and Soft Values Generation
	Proposed Algorithm
	Complexity Analysis
	Simulation Results
	Conclusion

