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ABSTRACT

Broadband Power Line Communication (BPLC) is aydaptechnology that utilizes the existing powereli
networks for the transmission of information. Themer line channel is affected by multipath propagatThe BPLC
system performance is degraded due to multipatipggation and the noise in the channel. One of tleenising
approaches to mitigate the problem is to implenseptoper modulation technique. Adaptive OFDM (AOFDiMethod
can potentially aid to achieve high data rates ioaBband Power Line Communication system. To redhis potential,
the transmitter needs accurate Channel State lataym(CSI) for the upcoming transmission frameisTgaper proposes
an Adaptive OFDM scheme with an optimal approaciexjionential Effective SNR Mapping (EESM) on préidic of
the BER over all subcarriers. A channel predicssheme using Neural Network is also presented DI system to
select a suitable Modulation and Coding Scheme (Mfo6the BPLC channel realization. The proposedho of
Adaptive OFDM enhances the system throughput al®8at and reduces the feedback overhead comparedeto th
conventional schemes in BPLC system. The resutte/ shat the proposed adaptive algorithm with nenedork channel

prediction scheme can achieve a considerable inepnewnt in the processing time over the conventiorethod.
KEYWORDS: Broadband Power Line Communication (BPLC)
I. INTRODUCTION

The Broadband power line communication (BPLC)his popular wired network technology that utilizesver
lines for the transmission of voice, video and dsgavices. The channel properties degrading ttferpemce of high speed
communication over power line are noise, attenoiaiml multipath propagation [1]. Multi-carrier mdahion scheme has been
adopted as the technology of BPLC standards [2hoQonal Frequency Division Multiplexing has beemajor candidate for
BPLC systems due to its robustness to multipatttae fading and different kinds of interfereni¢g.inherent characteristics make
it possible to provide high data rate serviceshsag multimedia services [3n an OFDM based systerthe channel
performance may be highly fluctuating across thiecatriers and varies from symbol sgmbol. In fixed modulation
scheme the error probability is dominated by theD®IFsubcarriers with highest attenuation resultimya poor
performance. Thespectral efficiency of OFDM systems can be effadfivenhanced by an adaptation scheme that
allocates power and determines modulation and goléivel adaptively to the time varying Power lirteannel [4]. This
problem can be mitigated if different modulatiomesmes are employed for the individual OFDM subeasriln adaptive

modulation, different parameters including data rélansmit power, instantaneous BER, constellaib& and channel code
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or scheme can be adjusted according to the chaonditions.This will substantially improve the performance atata
throughput of an OFDM-BPLC system [5]. We propole tmethod of Exponential Effective SNR Mapping (E5S
which is a simple mapping method used when all ghbcarriers of a specific group are modulated usireg same
Modulation and Coding Scheme (MCS) level [6].

In this paper, group adaptive method employededuce the complexity. In group adapti@=DM, all
subcarriers in a symbalre split into blocks of adjacent subcarriers mefeérasgroups. The choice of the modulation to
be used by the transmitter for its next OFDM symisotletermined by the channel quality estimationatidition a
selective modulation approach is suggested for gmohp of subcarrier to enhance the throughputhef gystem. By
using the channel state information (CSI), speaffitiency in various OFDM systems can be effegivenhanced by
adaptation schemes [7]. An Artificial Neural Netk®i{ANNSs) based prediction scheme is proposed iaiided to predict
channel condition so as to perform adaptive trassimin. The performance is evaluated with the prepdg¢eural network
based channel prediction scheme for Adaptive OFDMesn. The rest of the paper is organized as falldw section I
the system model is described along with the prepa®ncept of grouped subcarriers for adaptive OFydtem and its
performance is discussed. Section Il presentshiamnel prediction scheme using Neural network daskaptive OFDM
system for Broadband power line communication. lmn@esults are discussed in section IV and coroluss made in

section V.

Il. DESCRIPTION OF THE PROPSED SYSTEM
A. Channel Model

Power lines are not designed for communicatiorppse, so the channel properties are significanffgrdfrom
conventional communication channels such as cqatvédted pair and fiber cables. The most influegcproperties of
this channel for high speed communication are siglistortion due to frequency dependant cable losesltipath
propagation and noise [4]. A multipath PLC chanmetlel [3] with Additive White Gaussian Noise (AWGIS)considered for

performance evaluation of the BPL system.

B. OFDM System

Orthogonal Frequency Division Multiplexing (OFDAM)considered as the transmission scheme for Babadbower line
communication by most researchers. This multi-@atransmission technique performs well in multipahd frequency selective
channels. In OFDM systems single high rate datastris divided into multiple low rate data streaha modulate multiple
orthogonal subcarriers by means of Inverse Fasti€oi@iransform (IFFT). In this way the symbol raia each sub
channel is greatly reduced, and hence the effeittteff symbol interference (ISI) due to channepdision caused by the

multipath delay spread is reduced. The system kdéafgram is shown in Figure 1.
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Figure 1: Block Diagram of BPLC-OFDM System

Impact Factor (JCC): 3.8326 NAAS Ratj 3.80



Performance of Adaptive OFDM Scheme for Broadband Bwer Line 3
Communication System with Neural Network Based Chamel Prediction

C. Exponential Effective SNR Mapping (EESM)

Exponential Effective SNR Mapping (EESM) is usenl ap the instantaneous values of SNR to the
corresponding Bit Error Rate (BER) value. EESM &raple mapping method used when all the subcardéa specific
system are modulated using the same ModulatiorCanihg Scheme (MCS) level single value that is edgpredictor of
the actual BER [6]. In case of multi-carrier tramssion the set of subcarrier SNRs are mapped Wwihhelp of EESM
formula into a scalar instantaneous effective SidRie. An estimate of the BER value is then obtainsthg the effective

SNR value from basic AWGN performance. The EESMhmétestimates the effective SNR using the follovfrgnula

1 _
Ve SEEM (y,8) =-B0n WDZLe & W

Where,y is a vector 4, y,,., yn] Of the per-subcarrier SNR values, which are tgjycdifferent in a frequency
selective channep is the parameter to be determined for each Modula@oding Scheme level, and this value is used to
adjust EESM function to compensate the differenesvben the actual BER and the predicted BER. Figushows the
OFDM bit error performance plot under the AWGN ah@lrand power line channel condition for the motiataschemes
4 QAM, 16 QAM, and 64 QAM. The AWGN performance weiract as the reference curve for mapping the Bétieaed
at real time BPLC channel. To obtginvalue, several realizations of the channel havbetaonducted using a given
channel model. Then BER for each channel realimagodetermined using the simulation. Using the AWf&ference
curves generated previously for each MCS level, BERRes of each MCS is mapped to an AWGN equive®iR. These
AWGN SNRs for n realizations can be representedyelement vector SNRen. Using a particulap value and the
vectory of subcarrier SNRs, an effective SNR is computadefach realization. For n realizations, we geeatar of
computed effective SNRs denotedIty.

_BER vs SNR plor for 4 QAM 16 QAM 64 QAM under AVWGHN & PLC channel
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Figure 2

The goal is to find the best possilfl@alue that minimizes the difference between compwnd actual effective
SNRs:
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B=argmin(B)[NRyey ~Ter (B))

@)

Table 1 shows the calibrat@dvalue for 4 QAM coded & uncoded, 16 QAM and 64 QAnbdulation schemes
under PLC channel. The switching threshold forvating different modes can be determined by extensimulation of

the fixed mode modulation system. The switchingalgm used for the adaptive modulation schemespagsented in

Table 2

Table 1: Calibrated Beta Value for Different Modulation Schemes

Modulation | Code Rate B
4 QAM 1/2 3.8
4 QAM 3/4 4.5
4 QAM - 6.4
16 QAM - 8.5
64 QAM - 12.6

Figure 3 shows the throughput performance of EESlsibted OFDM system. For fixed system there im In
throughput achievement even if the SNR value irsgsaBut in case of EESM adapted system, the M@&se switches

from one to another based upon the SNR improverserthat higher throughput is achieved. Here in flgare the
colored lines show the fixed system throughput whre black circular marked line shows the adapbedughput

enhancement.

Throughput bps

0.8

0.6

0.2

Table 2: Switching Threshold for EESM Adapted Systm

Mode | Modulation Thresholds

1 4QAM SNR<15dB
2 | 4QAM(1/2)| 15dB<SNR21dB
3 16QAM |21 dB<SNR:28dB
4 64QAM SNR>28dB

x 10°  Throughput Vs SNR for Fixed Modulation OFDM system
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Figure 3: EESM Throughput Performance Comparison oer Conventional OFDM System

D. EESM Selective Modulation Scheme

The traditional EESM abstracts all the receivedRShctors into a single vector known as effectiRS This
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method of abstraction may be accurate but affdastiiroughput performance to a certain level. Stoasnhance the
throughput performance further, the concept of gnog of subcarriers shall be considered. The idetoigroup the
received SNR vectors into three different groupmelg A, B, and C. Group A consists of the SNR vestof best
strength. Group B consists of SNR vectors of gowedngth and Group C comprises of the SNR vectorsvedikest
strength. Here it should be noted that the groupsrade up to the appropriate FFT sizes at thermdter. Now for each
group the EESM concept is applied and a separfdetiee SNR is being calibrated and then reportethé transmitter.
The transmitter then decides an appropriate MCS&mwh group. Group C may be a no transmission rhogdever if
necessity arises the same group shall be utilinedassigned with the lowest order modulation. TélkWing Figure 4

shows the concept of EESM based grouping of suiecsurr

SNR:  — | > . Es
roup 1 .
— ——- MCS 1
Sub- . BER
NR; — AL i
SR, carrier ﬂgl:pm
SNER, Grouping ——p»] Group 2 ES se?e[iiu_
g e . MCS 2
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. MCS 3/
SN N o e e B S
Transmission
mode

Indexing / —>
—> Signaling

Information.

Figure 4: Grouping of Subcarriers for EESM Selectiv Modulation

In the proposed EESM selective modulation schemettansmitter has to be intimated the subcarnidexing
information and SNR threshold of each group so tthatransmitter shall perform the unequal coretielh assignment to
each group. Hence a practical reduced feedbackrecieconsidered. Practical Feedback Design bas&MOAdaptive
Communications over Frequency Selective Channglsd8 been incorporated here. The traditional OFfystems report

4 to 6 bits per subcarrier, where the proposedrseheports only the indexing information in 2 lper subcarrier.

Throughput in bps

Time Instant

Figure 5: Throughput Performance Comparison Traditional EESM vs. EESM Selective Modulation
Figure 5 shows the throughput performance comparisetween EESM equal modulation scheme and EESM
selective modulation scheme for 30 time instants bbserved that an average throughput of 175dviam be achieved

through the proposed EESM selective modulation gutare, while the traditional EESM equal modulatigave a
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throughput of 150 Mbps. Hence the proposed EESKctee modulation scheme gives a better througbpdiormance

compared to the traditional EESM procediFigure 6shows the feedback overheaduction in bits by grouping ¢

subcarriers over the conventional instantaneous &éBback scheme for OFDM system with subcarri@;s128, 256

512, 1024, 2048 respectively. In conventional sahéwn each instantaneous subcarrier a feedbackeaérf 4 to 6 bits

is sent, whereas in grouping of subcarriers anhmaa of 2 bits are intimated to the group with pfeged threshold. Th

results show that, there is a 50% reduction indherhead compared to the conventional feedbackmsetend also i

reduces the control channel bandwidth utiliza
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Figure 6: FeedbackOverhead Reduction Traditionalvs. EESM Selective Modulatior

II.CHENNEL PREDICTION USING NEURAL NETWORK

The channel prediction is to use past and preseahrel samples to predict future samples to estirtta

channel state information (CSI). The Artificial NalUNetworks (ANNSs) [9] have been successfully &apto a number ¢

scientific and engineerinfields in recent years for the application of fuontapproximation, system identification a

control, image processing, time series prediction ldeural network performance is highly dependemits structure. Th

interaction allowed between the \aus
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Nodes of the network is specified using the stmect An ANN structure is not unique for a given lgeam, and
there may exist different ways to define a struetcorresponding to the problem. Depending on tloblpm, it may be
appropriate to have more than one hidden layed, fieavard or feedback connections, or in some gatig=ct connections
between input and output layer. Time-series fotaogds an important research and application 4i€4. The basic

function of the Time series prediction neural natwis shown in Figure 7.
A. Adaptive OFDM Implementation in a Neural Network

This section discusses the techniques used tdagetree Neural network and training it to perforle®M based
adaptation. The network structure for EESM adamtationsist of two stages in which the stage 1 caespthe Effective
SNR value and the stage 2 decides the best MC$l laseffective SNR. The network specifications lated as follows
in the Table 3 and Table 4.

Table 3: Stage 1 Network: Effective SNR Calibration

Slab No | Slab Type | Transfer Function No. of Neurons
Slab 1 Input Tansig (N) No of subcarriefs
Slab 2 Hidden Tansig 300

Slab 3 Hidden Tansig 300

Slab 4 Hidden Tansig 300

Slab 5 Output Tansig 1

Table 4: Stage 2 Network: EESM MCS Selection

Slab No | Slab type | Transfer Function | No. of Neurons
Slab 1 Input Tansig 1

Slab 2 Hidden Tansig 30
Slab 3 Hidden Tansig 30
Slab 4 Hidden Tansig 30

Figure 8 shows the grouping of 128 subcarriers thithe group levels as A,B, and C. Group A is tbkds group
with an FFT size of 52 subcarriers and group Biésgood group with an FFT size of 52 subcarriecsgmoup C is of no
transmission. If the necessity arises group C stehllso utilized. Here we propose a Radial Bagixfton model Neural
network for the OFDM-BPLC system.

B. Radial Basis Function Networks
Radial Basis Functions (RBF) are embedded in alayer neural network, where each hidden unit iimmglets a
radial activated function. The output units impletha weighted sum of hidden unit outputs. The iniptd an RBF

network is nonlinear while the output is lineamdiing the RBF weights is called network training.

Signaling information for grouping of subcarriers-Matlab Simulated
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Figure 8: Signal Information for EESM Selective Modilation
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C. Training Algorithm

By means of training, the Neural network model dinelerlying function of a certain mapping. In ord@model
such a mapping we have to find the network weightd topology. There are two categories of trairdhgprithms,
supervised and unsupervised. Radial Basis netw@B$) are used mainly in supervised applicationsa Isupervised
application, we are provided with a set of datafgamcalled training set for which the correspogdietwork outputs are

known. In this case the network parameters ared@uich that they minimize a cost function
in 3" (%, (X,) = Fy (X)) (4,(X,) - 3)
min 3 (Y (X,) = B (X)) T (Ve (%) = Fe (X))

WhereQ is the total number of vectors from thening set, ( )i k X Ydenotes the RBF output vector andi (K)X
F represents the output vector associated withatdata samplée X from the training set. In unsupervised trainitg t
output assignment is not available for the givetn @ethogonal least squares using Gram-Schmdt ithgoris proposed.
An adaptive training algorithm for minimizing a giv cost function is a gradient descent algorithmclkBpropagation
adapts iteratively the network weights considetimg derivatives of the cost function with respecthtose weights. The

grouping of subcarriers with the EESM algorithntr&ned for the underlying function of the neuratwork model.
IV. SIMULATION RESULTS AND DISSCUSSIONS

The performance of the purposed system with RdBliégis Network is evaluated through simulation #mel

simulation parameters are tabulated in table 5.

Table 5: Simulation Parameters

Channel Power Line Channel
Input Sample time period 0.1 millisecond
Path Delay 16 to 0 second
Number of Subcarriers 52,112,512, 1024
Adaptation algorithm EESM
Modulation schemes used 4 QAM, 16 QAM, 64 QAM
Coding scheme used Convolution Coding
Simulation Environment Matlab 2009b
Neural Networks Model Radial Basis Network

Predicted EER - for 16 QAR
T T T T T T T T
: + Actual
T = Bkl AN L 4 ___ . I | —=— wwith rediction |
o 1 H o wi oLt predcition

157 1575 152 1525 159 1595 16 1505 15,1 1615 16.2
SHR

Figure 9: EESM BER Performance with and Without Prediction
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Figure 9 shows the BER performance of the EESMralyn with and without prediction. It is observéuht
prediction scheme aid the BER performance of tistesy being improved to a great extent.

Frocessing time
2.5 T T T T T

—=— Meural MNetwork Slmulated
—=— Mlatlab Simulated

Processing time in sac

o i i i i i

a 200 400 500 500 1000 1200
Murmber of subcarriers

Figure 10: Total Processing Delay

Figure 10 shows the total processing delay of EEfjdrithm by the Neural networks. The computatising
conventional method (with feedback) using MATLABnsilation for channel prediction takes a processimg of 2.31

seconds while Neural network based EESM channeligiien takes 0.26 seconds thus proving a fasttatiap.
V. CONCLUSIONS

The BPLC system with adaptive OFDM scheme is atmrsid and the adaptive algorithm selects a suitdiil&
for the current channel realization which rendegh hthroughput. The adaptation has been perforroed flifferent MCS
orders 4 QAM % convolution coded, 4 QAM, 16 QAM6& QAM keeping a target Bit Error Rate of 4@ he throughput
performance comparison has been shown for EESMI| eand selective constellation with traditional gms. The
proposed EESM selective modulation method for OFBMhances the system throughput about 9% compardioketo
conventional EESM scheme in OFDM-BPLC system. Ibbserved that since the process is nonlinearsykeem takes
more time for computation. A Neural network basedrmnel prediction scheme is proposed and the EB§dtitam for
adaptive OFDM has been trained for BPLC. On conmgawiith the conventional channel estimation metttbd, result
shows that the proposed Neural network based chanediction scheme minimize the processing tineenf2.31 seconds
to 0.26 seconds and provide a fast adaptation.
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