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ARTIFICIAL NEURAL NETWORK (ANN)
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ARTIFICIAL NEURAL NETWORK (ANN)

Network Architecture / Structure
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weight

percept (input)

bias (offset)

net input

transfer function (activation)

action (output)
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a = purelin(n) a = logsig(n)



a = hardlim (n)
Hard Limit Transfer Function

a = purelin (n)

Linear Transfer Function

a = hardlim (wp +b)
Single-Input hardlim Neuron

a = purelin (wp +b)
Single-Input purelin Neuron
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Inputs Multiple-Input Neuron Input Multiple-Input Neuron
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Abbreviated Notation
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Multilayer Network
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/ Delays and Integrators \
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Recurrent Network
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model b L i | peusrons can be in-
terconnectad to form o variety of network arehitectures. Wo will also illus.
™ pta s notation lntroduced in this chapter will be used through-
wut this book.

This chapter doss not cover all of the architectures that will be used in this
bk, but it doss present the basic building blocks. More complex architec-
tairws will be introduced and discussed s they are needed in later chapters.
Even 20, 2 lot of dotail is preseated here. Please nots that it is not necessary
for the tead ire all of th inl in this ch sa vt Tad-
ing. Instead, treat |t as 3 sample to get you started and & el
you can return.

Martin T. Hagan, Howard B. Demuth, Mark H. Beale, Orlando De Jesus,
Neural Network Design,

2nd Edition, Martin Hagan, 2014.
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