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In this paper, three single-layered functional link artificial neural networks (FLANNSs) based adaptive models are
developed for generating improved responses for three high-frequency stimulations (HFS). It is in general observed that all
the proposed FLANN models generate axonal responses which are in good agreement with the corresponding responses
obtained from experiments. Further, it is demonstrated from simulation results that the responses obtained by the proposed
model match better than that obtained by the theoretical model reported in the literature. Out of three FLANN models
developed, the trigonometric FLANN model of suppression state of axonal memory is the best as it offers lowest of MAPE
and MSE compared to those obtained by other two ANN models proposed in the paper.
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Introduction

Neuronal communication refers to communication
among neuronsand is termed as neuro-spike
communication. The review of related literature in the
area of neuro-spike communication’reveals that the
research work pertaining to the effect of axonal
memory on spike communication through axon is
few. The results of theoretical study during
suppression state reported' do not fully match with the
experimental responses™ obtained due to stimulation
at different frequencies. Hence, there is a scope of
development of other alternative ANN>" models
which will generate responses in the axon that will
have Dbetter agreement with the experimental
observations. The modelling of the responses using
conventional back propagation based ANN>7 is
complex and takes more training time compared to
the FLANN. However, performance wise they are
similar. Hence, in this paper the FLANN model is
chosen for generating the responses. To fulfil this
research gap, an attempt has been made in this paper
to develop three types of FLANN® models such as
Trigonometric FLANN (TFLANN)®, Polynomial
FLANN (PFLANN)® and Chebyshev FLANN
(CFLANN)® and to use those for generating
experimentally closer responses. The organisation of
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the paper proceeds as follows: in Section 2, the
materials and methods relating to background of
suppression state of axonal memory are dealt. In
Section 3, the methodology of modelling of different
types of FLANNSs for the generation of responses
during the suppression state of axonal memory is
presented. The simulation results are obtained from
the three proposed models at different frequencies,
and the results are compared and discussed in Section
4. Finally, the conclusion and scope for further work

are provided in Section 5.

Materials and Methods

In this section, a concise presentation on
physiological studies and communication channel
model for axonal transmission are presented.

Axonal Transmission

Signal and Channel Modelling of Neuron

The hippocampal pyramidal neurons are stimulated
by paired pulse with different inter pulse intervals
(IPIs) changing between 1 to 500 milliseconds. The
axon is modelled as a low pass filter and trains of
high-frequency stimuli (HFS) with frequencies 50,
100 and 200 Hz are applied as input to obtain the
axonal response. These frequencies are chosen as the
axonal response to these stimulations is reported in
the literature®. The model of axonal channel comprises
of spike to rectangular pulse converter, low pass filter
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and spike generator. In the converter the impulses are
changed to rectangular pulses. When a spike comes,
the level of pulse changes and it remains in that state
until the new spike arrives. Then these pulses are
passed through a second order Butterworth filter'.
Finally, the spike generator converts the filtered
pulses to impulses.

Model of Axonal Function

Based on research study and experiments
conducted on CA region of the brain, the axonal
memory consists of four states’.

a. Resting State: In this state the axonal response
is of base line spike. But if the neuron receives
many stimuli with small IPIs, the axonal
response decreases. Hence it passes to
suppression state.

b. Suppression State: In this state the amplitude of
the response is less than the amplitude of base
line spike. If more stimulation continues the
neuron remains in this state. But depending
upon the time of rest, it moves to one of fast or
slow recovery or resting states.

c. Fast Recovery State: The neuron attains this
state if it gets little rest after undergoing heavy
depolarization in suppression state. In this state
the response recovers fast but depends on
frequency. If the rest time is very small, the
recovery of neurone is poor and its refractory
period changes.

d. Slow Recovery State: In this state the recovery
of response of the axon does not depend on the
magnitude of previous stimulations.

Response of Axon
Suppression State

The model of the function in this state depends on
the refractory period(R).

Case 1 (R=0)

In this state the neuron is recovered fully during
prior stimulations and its R is not changed. There is
no suppression of frequencies below 25 Hz. However,
application of higher frequency simulation for one
minute causes the depolarization of axonal response
to various levels. However the amplitude degradation
stops.

Case 2 (R=1

In this case, the neuron after a heavy stimulation
recovered during a small time gap. By providing a

small time gap during HFS there is an increase in the
value of R of the neuron.

Data Generation

The response of the axonal memory during
suppression state for R=0 is very important. To find
the performance of this state, trains of stimuli with
frequencies 50 Hz, 100 Hz and 200 Hz are applied to
the suppression state model presented in the previous
section. The objective is to obtain the variations of
axonal response during application of train of spikes.
The input stimuli with these frequencies are chosen
because axonal responses of these frequencies are
reported in the literature’. The experimental and
theoretical' responses for the three cases of input
frequencies presented in Fig. 6 of ' are examined.
From the experimental and theoretical results, 201
normalised amplitude values are obtained between
0-60 seconds with a time interval of 0.3 seconds for
each of the three frequencies. Out of these 201 data
points, 161 values (80%) are used for training. The
three FLANN models and remaining 40 data points
are applied for validation of the models.

Modelling of Different Types of FLANN

A generalised FLANN model for generating
amplitude response during suppression state of axonal
memory is shown in Figure 1. The nonlinear
functional expansion used in this study are
trigonometric, polynomial and Chebyshev types. The
expanded values for an input x(k) in all the three
cases are shown in Table 1. By trial-and-error, the
number of expansions is fixed to 21, 15 and 9for
TFLANN, PFLANN and CFLANN models
respectively. These numbers of functional expansion

Non-Linear
Functional
x(k) Expansion
(TE, CE,
LPE)

Learning
Algorithm

e(k)

Fig. 1 — A generalised FLANN model for response simulation of
axonal memory
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Table 1 — Specifications of the FLANN models used in simulation study

x1(k), sin(mx;(k)), cos(nx;(k)), sin(2nx,(k)), cos(2rmx,(k)), ... sin(107mx;(k)), cos(10mx;(k)).

Models No. Of Expanded Learning Expanded Terms
Terms (N) Rate (p)
TFLANN 21 0.01
PFLANN 15 0.01  x,(k), x,2(K), x,°(K), ..., x; " (K).
CFLANN 9 0.01 To(x(k)), T1(x(k)), ..., Ts(x(k))

where To(x(k))=1, T (x(k))=x(k), and
T (x(k))= 2xTo(x(K)) - To1(x(k))

Table 2 — Comparative performance study in terms of MAPE and MSE of different models at three different frequencies

Models Frequencies Number of Proposed MSE  Proposed MAPE MSE MAPE
Expanded Terms
N)
TFLANN 50Hz 21 0.0007 0.0492 0.0249 0.2988
100Hz 21 0.0003 0.0563 0.0055 0.1619
200Hz 21 0.0001 0.0501 0.0051 0.1794
PFLANN 50Hz 15 0.0011 0.0577 0.0249 0.2988
100Hz 15 0.0006 0.0470 0.0055 0.1619
200Hz 15 0.0013 0.0512 0.0051 0.1794
CFLANN 50Hz 9 0.0021 0.0677 0.0249 0.2988
100Hz 9 0.0020 0.0751 0.0055 0.1619
200Hz 9 0.0044 0.1131 0.0051 0.1794

provides best possible results in each case. The
functionally expanded wvalues are normalised to
provide better performance. The output of the
TFLANN, PFLANN and CFLANN are computed
according to (1), (2) and (3) respectively

y(k) = wyx(k) + X120, wypiq cosnx(k) +

Y10 Wy, sinnx (k) . (D)
y(k) = LiZq wy (k)x™ (k) - (2)
y(k) = o= Wy (k) Ty (k) - 3)
Where

Tn—l(x(k)) =

2xTy (x(k)) — T (x(K)),To(x(k)) = 1, and

Ty (x(k)) = x(k) )

During training phase when a particular input x(k)
is applied, the model produces the output y(k). It is
then compared with the target experimental output
t(k). Comparison of these two values produces the
error e(k) which is computed as

e(k) = t(k) —y(k)

Subsequently, each n™ weight for k™ input sample
is updated according to

W, (k + 1) = W, (k) + a.e(k).v, (k) ...(5)

where o= learning rate lying between 0 and 1, and
1 <n <N, N=number of expanded terms

Results and Discussions

All the 161 input values are used as inputs during
training period and in each case, the weights are
updated according to (5). The training process is
continued for all the three frequencies and for all the
three models until the squared error is minimised to the
lowest possible value. After completion of the training,
the weights of all the nine models are frozen. Then, the
performance of each of the models is evaluated. The
theoretical', experimental® and simulated responses in
each of the nine cases are obtained and plotted. Since
more discrepancy is observed between the theoretical
and experimental results in case of 50 Hz stimulation,
the plots for 50 Hz frequency are obtained. However,
for TFLANN it is presented in Figure 2. To compare
the performance of these plots with the corresponding
experimental response, the MAPE and MSE values are
computed according to

YKt -y ()|
’“# ... (6)

K _ 2
where K = number of input samples.

These results are listed in Table 2. It is observed
that for 50 Hz case, the TFLANN model yields the

MAPE =
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Fig. 2 — Comparison of amplitude response of theoretical',
experimental™ and proposed TFLANN model at 50 Hz
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Fig. 3 — Comparison of amplitude response of theoretical',
experimental®* and proposed TFLANN model at 100 Hz

least MSE and MAPE compared to those obtained by
the other two models. Thus it is demonstrated that the
TFLANN is a superior model and its amplitude
response is in close agreement with experimental
response compared to the theoretical response
reported’. In addition, the plots of TFLANN,
experimental as well as theoretical responses in
Figure 3 and 4 respectively for 100 and 200 Hz are
presented. In these two cases also improved
performance in matching of amplitude response
obtained by TFLANN is observed. In general, the
various plots and the results presented in Table 2
demonstrate that based on performance, the ranking

of the models is observed to be TFLANN, PFLANN
and CFLANN.
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Fig. 4 — Comparison of amplitude response of theoretical',
experimental®* and proposed TFLANN model at 200 Hz

Conclusion

The characteristics of neuro-spike communication
are different from the conventional communication
system. In neuro-spike communication, the axonal
memory plays an important role but not yet fully
explored. This paper has developed three different
FLANN adaptive models which generate theoretical
normalised amplitude responses during suppression
state of axonal memory for HFS of three different
frequencies. The comparison of MAPE and MSE
obtained from the comparison of theoretical proposed,
and experimental responses show that the outputs of
all three FLANN models match with the experimental
responses better than the reported theoretical onesl.
Further, it is observed that the performance of
TFLANN is the best as it yields minimum MSE and
MAPE values than that offered by PFLANN and
CFLANN models. Further research work can be
carried out to develop similar ANN models to
generate responses corresponding synaptic
propagation state of neuro-spike communication and

can be compared with the corresponding theoretical
responses.

Acknowledgements

We acknowledge G.S. Sanyal School of
Telecommunications, IIT Kharagpur for providing
required facilities for carrying out this research work.

References

1 Ramezani H & Akan O B, A communication theoretical
modeling of axonal propagation in hippocampal pyramidal

neurons, [EEE Trans Nano Bioscience, 16(4) (2017)
248-256.



PANDA: DEVELOPMENT OF ANN BASED IMPROVED MODEL OF AMPLITUDE RESPONSE 663

Feng Z, Yu 'Y, Guo Z, Cao J & Durand D M, High frequency
stimulation extends the refractory period and generates
axonal block in the rat hippocampus, Brain Stimulation, 7(5)
(2014) 680-689.

Kim E, Owen B Holmes W R & Grover L M, Decreased
afferent excitability contributes to synaptic depression during
high frequency stimulation in hippocampal area CAl, J of
Neurophysiol, 108(7) (2012) 1965-1976.

Akan O B, Ramezani H, Khan T, Abbasi N A & Kuscu M,
Fundamentals of molecular information and communication
science, Proc IEEE, 105(2) (2017) 306-318.

Elvira-Ortiz D A, Morinigo-Sotelo D, Romero-Troncoso R J
&Osornio-Rios R A, Photovoltaic power generation
estimation using statistical features and artificial neural
networks, J of Sci & Ind Res, 78(04) (2019) 212-215.

Patra J C, Pal R N, Chatterji B N & Panda G, Identification
of nonlinear dynamic systems using functional link artificial
neural networks, /IEEE Transactions on Systems, Man and
Cybernetics, Part B, 29(2)(1999) 254-262.

Trejo-Hernandez M & Osornio-Rios R, Tool-wear estimation
in cnc machine based on fusion vibration-current and neural
network, J of Sci & Ind Res, 77(12) (2018) 688-691.



