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Abstract—Artificial Neural Networks support their processing
capabilities in a parallel architecture. It is wijeused in pattern
recognition, system identification and control plebs. Multilayer
Perceptron is an artificial neural network with oie more hidden
layers. This paper presents the digital implemeatabf multi layer
perceptron neuron network using FPGA (Field Prognaable Gate
Array) for pattern recognition. If the pattern mhgs with the
original then process continued else it is reject€his network was
implemented by using three types of non linearvation function:
hardlims, satlins and tansig. A neural network vimplemented by
using VHDL hardware description Language codes A@8S250E-
PQ 208 Xilinx FPGA device. The results obtainedhwiilinx
Foundation 9.2i software are presented. The reaésanalyzed by
using device utilization and time delay.

Keywords— FPGA, Multi Layer Perceptron, Neuron PLAN
approximation, Sigmoid Activation
. INTRODUCTION

he human brain is probably the most complex and

intelligent system in the world. It consists of the

processing element which is called as neurons. Each
neuron has performs a set of simple operations they
exhibit complex global behavior in the network. ifictal
neural network (ANN) is used for engineering pugmsto
replicate the brain’s activities. Artificial neuraletworks
(ANNs) have been used successfully in solving patte
classification and  recognition  problems, function
approximation and predictions. Their dispensatiapabilities
are based on their architecture which is highlyajel and
interconnected. For a specific application inbadlogical
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Fig:1: Simple Artificial Neuron Model

systems through a learning process an ANN was gorgd;
the synaptic connections are adjusted betweendbeons is
required by the learning process.

An artificial neural network is a massively parblle
distributed processor made up of simple processinigs
(neurons), which has the ability to learn functiona
dependencies from data. It resembles the brainwa t
respects:

 Knowledge is acquired by the network from its

environment through a learning process.

e Strengths of Inter neuron connection are called

synaptic weights, which is used to store the aequir
knowledge.

This procedure is used to perform the learning gssco it is
called as a learning algorithm; the function ismodify the

A.Thilagavathy, K.Vijaya Kanth

640

International Journal Of Engineering Research and Technology(1JERT), ICSEM-2013 Conference Proceedings



synaptic weights of the network in an orderly fashio attain
a desired design objective.

A simple processing unit such as neuron, which
collects some weighted data, sums them with a bizs
calculates an output to be passed on. Fig 1 shiegvsiimple
artificial neuran model. The inputs to the neuava P1, P2,
P3 and the wl, w2, w3 are the corresponding weightes.
The weight values and their corresponding inputg ar
multiplied and summed together, which is the infutthe
activation function block. The function that theunens are
used to calculate the output is called the activafiinction.

An artificial neural network consists of three oona
layers (an input and an output layer with one orertudden
layers) of nonlinearly-activating nodes are calldde
multilayer perceptron. Each node in one layer cotmwith a
certain weight Vyto every node in the following layer.

Hardware implementation of ANN can be
implemented on Application Specific Integrated Gits
(ASICs) or Field-Programmable Gate Arrays (FPGASIC
design has several drawbacks such as the abilityrt@nly a
specific algorithm and limitations on the size ohetwork.
Hence FPGA are used to overcome the drawback, wiash
flexibility with an appreciable performance. It mtins the
high processing density, which is needed to utilieparallel
computation in an ANN. Every digital module is imstiated
on the FPGA by concurrently and hence the parafietration
is performed. Thus the speed of the network isdegendent
on the complexity. To design a multilayer perceptneodel is
the main purpose of this work. The model consigtéwm
stages. The first stage is the multiplication ofglal inputs
and weight values. And the second stage is theimeanl
activation function for the output signal and weiglpdate.
Three types of nonlinear activation functions wesasidered:
symmetrical hard limiter, symmetric saturating &neand
hyperbolic tangent sigmoid.

[I. MULTILAYER PERCEPTRONNETWORK

The terms “Neural Network” (NN) and “Artifial Neural
Network” (ANN) is used without qualification, is wally
referred as Multilayer Perceptron Network. There arany
types of neural networks including Probabilistic uks
Networks, General Regression Neural Networks, R&#Hais
Function Networks, Cascade Correlation, Functiohek
Networks, Kohonen networks, Gram-Charlier networks,
Learning Vector Quantization, Hebb networks, Adalin
networks, Heteroassociative networks, Recurrentwhieds
and Hybrid Networks.

Here we used the most widely used type diirale
networks: Multilayer Perceptron Networks. A muagier

Proceedings of International Conference “ICSEM’13”

perceptron (MLP) is a model that maps sets of infada onto
a set of appropriate output. A multiple layers ofles in a
directed graph; with each layer fully connectedht® next one
is model by an MLP. Apart from the input nodes,tenode is
a neuron has a processing element such as neuwronriected
to the nonlinear MLP utilizes a technique called ti@ining

the network.

Fig 2 shows a three layer perceptron netwdtis
network has an input layer (on the left) with p utg one
hidden layer (in the middle) with L neurons and autput
layer (on the right) with m outputs.

Hidden Laver | W Output Layer

Input Layerl
u

Fig.2 Three layer perceptron network

For classification problems, only one wirgnimode of the
output layer is active for each input pattern. Eémyer has
provided a connection with its adjacent layers. réhis no
connection between non-adjacent layers and theeenar
recurrent connections. Each of these connectiodsfised by
an associated weight. The weighted sum of its st
calculated neuron and applies an activation functibat
produces the high or low neuron output. By usirig tipe of
propagation from the output of each layer, the MjgPerates
the specified output vector from each input patt®y using
the supervised learning algorithm such as back ggaton,
the synaptic weights are adjusted. Different typleactivation
functions have been proposed to transform the igctievel
(weighted sum of the node inputs) into an outpgnai

lll. ACTIVATION FUNCTION

The activation function may be linear orniear
function of N. A particular nonlinear activationnfction of
neuron is chosen to satisfy specification of thaining
algorithm that the neural network is attemptedun. in this
work, three types of the most commonly used noaline
activation functions are implemented on FPGA. Taeyhard
limit activation function, saturating linear acttian function,
Hyperbolic Tangent Sigmoid activation function.

A. Hard limit activation function

In the hard limit activation functipif the function
argument is less than 0 then the output of theameis 0, if
the function is greater than or equal to O thenaiput of the
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neuron is 1. This function is used to create nesrtrat
classify inputs into two distinct categories.

Ea
0 ®

n
Il
™
-
=
I
- -
—
h
[}
4
=
I A

If the hard limiter activation function is used kvibeuron then
it is referred as the McCulloch-Pitts model.

B. Saturating linear activation function

This type of nonlinear activation functios also
referred to as piecewise linear function. It hitlsee a binary
or bipolar range for the saturation limits of thetput. The
mathematical model for a symmetric saturation fiomctis
described as follows:

-1 for =
V=flul=qu for —1lzu=1 (2)
1 for uzl

C. Hyperbolic tangent sigmoid activation function

This function takes the input any valustwieen plus
and minus infinity and the output value into thega- 1 to 1,
according to the expression

a="= 3)

The tansig activation function is commoniged in
multilayer neural networks that are trained by thack
propagation algorithm since this function is diffietiable. The
tansig function is not easily implemented in dighardware
because it is consists of an infinite exponentaies.

A simple second order nonlinear functioesented by
Kwan can be used as an approximation to a sigmuidtibn.
This nonlinear function can be implemented direatking
digital techniques. The following equation is a@®t order
nonlinear function which has a tansig transitiomwsen the
upper and lower saturation regions:

ey _ | nlB—gmn  forD
fln) = {m':B + g.m) for —

=1 =
L=

(4)

L
n o= L

Where B and g represent the slope and the gainhef t
nonlinear functiorf (n) between the saturation regions -L and
L.

IV. RESULTS

The digital hardware were modeled using VHBALd
simulated using Model Sim 5.7 and Xilinx 9.2 ISEsagsed
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as synthesis tool for implementing the designsSipartan 3E
FPGA
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Fig.3 a) simulation wave form of linear neurortheiut
activation function
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Fig.3 b) simulation wave form of linear neuron whtard limit
activation function
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Fig.3 c) Simulation wave form of linear neuron
with saturating linear activation function

Figure 3 shows the simulation waveform of neural
network with all the three activation functions.bl& 1&II
gives the resource use and performance summary fayer
perceptron network with 3 different activation ftinos.
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Fig.3 d) Simulation wave form of linear neuron with
hyperbolic tangent sigmoid activation function

Table I: Device utilization summary for differenttavation
functions

Neuron Hard limit Saturating Hyperbolic
type linear tangent

Number of 10 11 33
Slices

Number of
Slice FF

Number of 16 21 63
4 input
LUTs

Number of 25 25 25
bonded
I0Bs

Number of 3 3 4
Multipliers

Number of 1 1 1
GCLKs
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Table Il : Timing summary for different activation

functions.
Neuron Hard Saturating Hyperbolic
type limit linear tangent

Max path  15.820ns 15.231ns 29.598ns
delay

V.CONCLUSION

The results of this work successfully demonstrage t
hardware implementation of Multilayer perceptrortwaaks
with three different activation functions for imagecognition.
The design was synthesized using Xilinx 9.2i 1SBI tand
implemented in Spartan 3e FPGA. By using this, the
comparisons to be made between the hardware reatfigaf
this neuron, which are regarded as basic buildilogkb of
artificial neural networks. The operation frequentyll cases
is very good and it gives a clear idea of the athges of
using FPGAs, since multiple modules can be working
parallel with a minimum reduction in performanceado the
increased number of interconnections. Finally,aib de said
that FPGAs technology and their low cost, and
reprogrammability make this approach a very powefition
for implementing ANNS. The implemented design can b
used in adaptive filters, voice recognition, andagm
recognition.
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