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Abs t r act

A three- layered feed-forward back-propagation
Ar tificial Neural Network was  used to clas s ify the
seizure episodes  in rats . S eizure patterns  were
induced by subjecting anes thetized rats  to a
Biological Oxygen Demand incubator  at 45-47º C for
30 to 60 minutes . S elected fas t Four ier  trans form
data of one second epochs  of electroencephalogram
were used to train and tes t the network for  the
clas s ification of seizure and normal patterns . T he
results  indicate that the present network with the
architecture of 40-12-1 (input-hidden-output nodes )
agrees  with manual scor ing of seizure and normal
patterns  with a high recognition rate of 98.6% .

K eyw or ds :  Ar tificial Neural Network, fas t Four ier
trans form, electroencephalogram, Hyper thermic
seizures

I nt r oduct ion

Heat s troke or  hyper thermia is  one of the mos t
ser ious  of the disorder s  that may cause seizures .
Literatures  sugges t that continuous  exposure to high
environmental heat as  well as  by hot water  pour
over  the head generate seizures  in both man and
animals .(1,2) S everal computer  algor ithms  and
programs  for  automatic detection of epileptic
trans ients  were developed but these methods  were
found unable to recognize the exceptions  and
minimize the number  of false detections .

Alternatively, Ar tificial Neural Network (ANN) has
been success fully implemented for  many pattern
clas s ification problems including detection of
epileptic seizures .(3-5) However , mos t of the
previous  ANN based methods  use measures  of the
electroencephalogram (EEG) such as  amplitude,
width, s lope and sharpness  of ser ies  of consecutive
waves , measures  thought to reflect in a general
sense what exper t clinicians  attempt dur ing EEG
interpretation. I n the present work, ins tead of us ing
the phys ical character is tics  of EEG s ignals , fas t
Four ier  trans form (FFT ) has  been used for  the
training and tes ting of the ANN as  it conveys  more
information with respect to conventional analog EEG
records .(6)

T he exper iment was  car r ied out on male Char les
Fos ter  rats  weighing 200-250 grams . Rats  were
housed in the animal room that was  ar tificially
il luminated with a 12 light cycle (7.00 A.M. to 7.00 P.
M.) and the ambient room temperature maintained
at 24±  1º C. Rats  were anaes thetized with Urethane
anaes thes ia (1.6gm/kg, I .P.) and three s tainles s
s teel screw electrodes  were aseptically fixed on the
rat’s  head under  s tereotax ic guidance. T wo
electrodes  were placed on bilateral fronto-par ietal
region and one grounding electrode at the anter ior
mos t region of the skull to record the differential EEG
patterns . Anaes thetized rats  after  electrode
implantation were subj ected to the thermal
environment in the B iological Oxygen Demand (BOD)
incubator  with preset temperature at 45-47º C.(1)
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S eizure patterns  in EEG recording were observed
after  30 to 60 minutes  on s tar t of incubation. 

S ingle channel analog EEG was recorded with the
s tandard amplifier  setting.(7) S ignals  were
s imultaneous ly recorded in the computer  hard disk
following digitization of the traces  at 256 Hz with
help of an analog to digital conver ter  (ADLiNK,
8112HG, NuDAQ, T aiwan) and its  suppor ting
software (VI S UAL LAB-M, Ver s ion 2.0c, B lue Pear l
laboratory, US A). T he digitized data were
fragmented in 1 second epochs  (256 data points )
and s tored in separate files . Each epoch was pre-
processed for  noise reduction before final FFT  or
power  spectrum analys is . At fir s t, the DC value was
subtracted from the data and then the base line
movement was  reduced. I n the final s tep of pre-
process ing, the data were band pas s  filtered with
cutoff frequencies  of 0.25 and 30 Hz, as  the
maximum frequency component of interes t in
anes thetized animal is  less  than 25 Hz.(8) T hese
filtered data epochs  were proces sed for  FFT  or  power
spectrum calculation before being used as  input for
ANN.

T hree layered feed-forward back-propagation
network was  used for  detecting the seizures . T he
network was  implemented via software by us ing
C+ +  programming language on a computer .(9) T he
individual computational elements  that make up
mos t ar tificial neural s ys tems  models  are more often
refer red to as  proces s ing elements  (PEs ). L ike a
neuron, a PE has  many inputs  but only s ingle output,
which can fan out to many other  PEs  in the network.
T he input ith receives  from the j th PE is  indicated as
x j . Each connection to the ith PE has  as sociated with
a quantity called weight or  connection s trength. T he
weight on the connection from the node j th to ith
node is  denoted as  wij . Each PE determines  a net
input value based on all it’s  input connection .(10)
T he net input is  calculated by summing the input
values , gated (multiplied) by their  cor responding
weights . I n other  words , the net input to the ith unit
can be wr itten as :

net i =  x j  wi j

B ackpr opagat ion net w or k:  T he back-propagation
learning involves  propagation of the er ror  backwards
from the output layer  to the hidden layers  in order  to
determine the update for  the weights  leading to the
units  in a hidden layer . I t does  not have feedback
connections , but er rors  are back propagated dur ing
training by us ing leas t mean square (LMS ) er ror .
Er ror  in the output determines  measures  of hidden
layer  output er ror s , which are used as  a bias  for
adj us tment of connection weights  between the input
and hidden layer s . Adj us ting the two sets  of weights
between the pair  of layer s  and recalculating the
outputs  is  an iterative proces s  that is  car r ied on until
the er ror  falls  below a tolerance level. Learning rate
parameter s  scale the adj us tments  to the weights .
T he input of a par ticular  element was  calculated as
the sum of the input values  multiplied by connection
s trength (synaptic weight).(11) ANN was trained by
FFT  data of selected EEG data files . Dur ing training,
the network was  provided the inputs  and the des ired
outputs , and the weights  were adj us ted accordingly
so as  to minimize the er ror  between expected and
des ired outputs . After  the training, the network was
tes ted with unknown input patterns  that were not
present in the training set. 

R es ult s

T he parameters  of the ANN were set to get optimized
performance of the network program over  the entire
set of EEG data. T he training of the ANN was tr ied
with var iable number  of hidden neurons  as  well as  by
as s igning different learning rates  parameter s
between the ranges  of 0.01 to 0.5. T he optimized
performance of the ANN was  found with s tructures  of
40-12-1 (nodes  of input, hidden and output) and
with the learning rate of 0.1. T he schematic diagram
of the neural network used in the present s tudy is
shown in F ig.-1.
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Figure-1:  S chematic diagram of pattern recognition by ANN.

For  the present work, the er ror  tolerance was  as s igned as  0.001 to activate the network and the network was
trained for  1 mill ion of iterations  with different training sets  having var iable number  of training patterns . T he ANN
was  trained with a training data file containing 100 training patterns  (same number  of seizures  and normal
patterns ) ar ranged randomly. After  training, the network was  tes ted for  other  files  having patterns  which were not
present dur ing training sess ion. T he per formance of the network in detecting these events  (normal and seizure)
was  calculated with help of following formula.

Number  of cor rectly clas s ified patterns
Per formance of ANN(% ) =

T otal number  of patterns  tes ted
X 100

T he results  of the seizure and normal events  detected by the network compared with those detected manually are
summar ized in the T able-1. Manually detected events  were taken as  s tandard and agreement percentage represent
the percentage of epochs  in which ANN detected seizure or  normal events  agreed with manually detected ones .
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T able 1 :  Percentage agreement of the ANN in the recognition of seizure and normal patterns  in compar ison with
manual scor ing.

F i le No. No. of
T es t

pat t er ns

Number  of  cor r ect ly det ect ed pat t er ns

S eizur e Nor mal T ot al
1. 200 98 100 198
2. 200 98 99 197
3. 200 100 98 198
4. 200 99 98 197
5. 200 97 99 196

T otal patterns
tes ted

1000 492 494 986
(%  agreement =  98.6)

Dis cus s ion
I n the present work, an approach of detection of
hyper thermia induced seizure and normal EEG
patterns  through ANN has  been success fully
implemented and exper imentally tes ted. Features
calculated from the FFT  such as  relative power  in
var ious  frequency bands  and then us ing an ANN to
generate a s ingle number  that indicates  the degree
of which the event is  a seizure (3, 12) was  used
previous ly to clas s ify seizure patterns . I ns tead of the
features  from the FFT  of the EEG s ignals , in the
present work, the selected frequency band of digital
values  of the FFT  from one second epochs  of the EEG
s ignals  for  the training and tes ting of the ANN were
used. T he EEG spike patterns  represent very good
agreement with the human manual scor ing.(3) T he
performance of the detector  was  observed with
moderately high recognition rate of 98.6%  in
recogniz ing normal and seizure patterns . T he results
sugges t that ANN is  capable of clus ter ing the input
information with greater  reliability s imilar  as  shown
by Hopfield and T ank (13) and these analyses  can
subs tantially increase the power  of analys is . Once
the ANN is  trained, the converged weights  were
s tored and re-used to obtain ins tantly the result of
seizure detection. T he accuracy of recognition
however , was  found sens itive to several parameter s
such as  the recording environment, the type of
s ignals  used, sample s ize, training method, the
choice of network model and preproces s ing of
s ignals . Although in this  work, online seizure
detection has  not been done, which may be poss ible
with the help of fas t computer  and dedicated
software.
T he advantages  and disadvantages  of ANN in the
clinical diagnos is  have not been extens ively explored
yet. However , by application of these results , the
future scope can be outlined. T he ANN can be useful
in differential diagnos is  because the network can be
trained with large data sets  der ived from patients
with clear -cut, but clinically different diseases . S ince
only 1-5%  of long term recording of EEG s ignals  are
of interes t in clinical diagnos is ,(3) the ANN can
become useful for  online monitor ing of pathological
events . Fur thermore, the technicians  can eas ily be
trained for  the manual selection of the already
detected events , whereas  recognition of abnormal
patterns  in the background of ongoing EEG requires
subs tantial exper ience. 
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