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Abstract

A Spiking Neural Network (SNN) is defined as an Artificial
Neural Network (ANN) that has developed rapidly in the last
decade. There are some difficulties in implementing these net-
works, especially in supervised machine learning. The main
limitation is that classical learning approaches such as back-
propagation cannot be directly applied to SNNs. We created
a model to enable backpropagation, using a biological neuron
model instead of the activation function of the ANN network.
This study, a deep neural network that can work in both ANN
and SNN modes was designed to classify the feature vectors
obtained from the wavelet coefficient of magnetoencephalog-
raphy signals taken from the human brain. Thus we propose
a hybrid network that can operate in both conventional and
firing modes by replacing the activation function of the tradi-
tional neural network with Izhikevich neurons. Our proposed
network has been tested in classifying 4-class motor imagi-
nary signals and the results are presented comparatively. We
hope this work, which blends computational neuroscience and
machine learning, will bring a different perspective to fired
network design.

1. Introduction

ANN (Artificial Neural Network), which is the basis of deep
learning is a groundbreaking machine learning method in artifi-
cial intelligence by modeling the biological brain in a computer
environment. This definition, which started with AlexNet [1], has
been used in many tasks, especially image classification [2] tasks.
Although ANNSs are inspired by the biological brain, they do not
consist of neurons with a firing mechanism, as in the Hodgkin-
Huxley neuron model [3]. The most recent version of ANNs
activated by this biological firing mechanism of the real neuron
is the Spiking Neural Network. In addition to the advantage of
being sensitive to the temporal properties of information trans-
mission occurring in biological nervous systems, SNNs can offer
the opportunity to analyze noise and stochastic parameters that
cannot be fully simulated with ANNs [4]. The use of SNNs in
machine learning applications is rapidly increasing [5, 6]. How-
ever, SNNs present some challenges. The transfer function of
ascending neurons is generally undifferentiated, which precludes
the use of backpropagation, which is an effective method of error
reduction in neural networks. Classical learning approaches such
as backpropagation cannot be applied directly to SNNs. This lim-
itation has been solved by different approaches [7].

In this study, unlike the literature, we propose a model that
enables backpropagation by replacing the activation function of a
traditional ANN network with Izhikevich [8] neurons. The neural
network we propose has a hybrid structure that can operate in

both ANN and SNN modes, allowing the combined analysis of
both modes.

2. Materials and Methods
2.1. Dataset

In the study, data belonging to dataset III presented in the Brain
Computer Interface IV competition were used. The dataset in-
cludes direction-modulated Magnetoencephalography (MEG) ac-
tivity recorded while performing wrist movements in four differ-
ent directions of two different healthy subjects. The data set in-
cludes 160 trials in total, 40 trials for each class for training, 74
trials for subject 1, and 73 trials for subject 2 for testing. Brain
signals were presented by resampling to 400 Hz after the experi-
ment [9].

2.2. Wavelet Transform

The Wavelet Transform represents a signal as a weighted sum
of shifted and scaled versions of a Wavelet function, preserving
the time and frequency characteristics of the signal. 1 and Weep
represent the Wavelet function and transform coefficients given
by Eq. 1, respectively.
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If the scales and shifts of the transform are chosen to have a
base equal to 2, the transformation is called the Discrete Wavelet
Transform (DWT), which is a more efficient method. The DWT
calculation is given by Eq. 2 [10].
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The desired frequency components of the signals can be ob-
tained with wavelet transform. Studies are using Delta (0-4Hz)
and Theta (4-8Hz) frequency bands of brain signals [11, 12]. To
obtain the relevant frequency bands, DWT coefficients are calcu-
lated from the 5Sth-order transform using the Daubechies Wavelet
function.



2.3. Izhikevich Neuron Model

The membrane potential of the Izhikevich neuron model [13]
is formulated by Eq. (3).
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The V, C = 100 /,LF/CmZ, Vi, Vi, U, I represents the mem-
brane potential, the capacity of the cell membrane, the resting
membrane potential, the instantaneous threshold potential, the re-
covery current and the input current arriving to the neuron val-
ues respectively. The base parameters (a, b, ¢, d) of the Izhikevich
model [14] given in Eq. eq:4) are also represented by recovery po-
sition constant, the input resistance, the voltage reset value, and
the downstroke inrush current during spike respectively.

The parameters of the Izhikevich neuron are also given in Ta-
ble 1. This type was chosen because it produces proportional
spikes to the input current.

Table 1. The parameters of Izhikevich neuron model.

Parameter Value Description

k 0.7 nSmV"  Sodium channel gain

Vr -60 mV Resting potential

Vi -40 mV Threshold voltage

C 100 pF Membrane capacitance

a 0.03 ms™! Recovery position constant

b -2 nS Input resistance

c -50 mV Voltage reset value

d 100 pA Downstroke inrush current
Vieak 35 mV Action potential peak
Vi_min 20 mV Minimum voltage

The firing rates produced by the Izhikevich neuron, whose pa-
rameters are given in Table 1, in response to different input cur-
rents under normal conditions are given in Fig. 1. As can be
seen from the Fig. 1 inset, the model cannot generate spikes up to
approximately 51.4 pA current applied to it, and exhibits ReLu-
like proportional firing frequencies at currents above this value.
To increase the similarity of the model to the ReLu activation
function, it is applied an external direct current of approximately
Loyt = 51.4 pA to the model. By current I, even the smallest in-
put currents applied to the model are provided to produce spikes.
Besides, with the coefficients p and g corresponding to the in-
put current / and the firing rate FR, respectively, we move the
model to a more proportional input-output space. In this way, by
amplifying the input current applied to the model with the co-
efficient p, we also normalize the number of spikes produced in
response to this increased current with ¢g. Findings that a similar
modulation process takes place in the brain biologically have been
shown with the effect of astrocytes in the formation of synaptic
current in mice [15]. In the aforementioned study, it was found
that Bergmann glial cells, a type of astrocytes in the cerebellum,
function effectively as an excitatory signal amplifier. Thanks to
this modulation, our spiking network can produce outputs simi-

lar to the ReLu activation function for the normalized values of
the network. We call this proposed model the rectified Izhikevich
model. In Fig. 2, the output of the rectified Izhikevich neuron
in the [-1, 1] is given in comparison with the ReLu activation
function. The values of p and ¢ were chosen as 10* and 107°,
respectively, to obtain the closest outputs to the ReLu activation
function.
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Fig. 1. The firing rates of Izhikevich neurons in response to
constant current.
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Fig. 2. The output of ReLu activation function and Rectified
Izhikevich neuron.

The pseudo-code of the rectified Izhikevich neuron model that
we suggested is also given in Algorithm 1. The spiking state is
controlled according to the V; value of the differential membrane
potential calculated by the forward Euler method. The V mem-
brane potential that oscillates between V; and V;—5 mV is consid-
ered as a spike by checking the Control variable. The Peakcyyn;
keeps the number of spikes produced by the neuron in response to
the current / applied to the neuron during 7 = 1000 ms.

2.4. Network Model

Fig. 3 shows the structure of deep neural networks with 3 lay-
ers used in this study. These networks exhibit ANN or SNN be-



Algorithm 1 Rectified Izhikevich Model

Input:

I: Image Column Matrix;
Output:
FR: Average Firing Rate

Description:

Define parameters: k, Vy, Vi, Vjear, C, a, b, ¢, d

1:

2: Define time constants: 7T, dt

3: Define levels of current: p, g, €

4: V& Vr

5: U+ 0xV

6: Peakcoyn: < 0

7: Control < 1

8. for (i=1;(T/dt)-1;i++) do

o V(i+1)= V(i) +dr* (k(V*V,)(V*V,)7g+p1+1a,+elrham)
10 U@+ 1)==dt* (ab(V-V,)-U))
11: if Vi >= Vjpq then

12: Vi = Vpeak

13: Visi=c¢

14: Uiy = Uiy +d

15:  end if

16:  if V; >=V, i, and Control == 1 then
17: Peakcoyn: = Peakcoyn: + 1

18: Control =0

19:  end if
20: if V; >=V,_,,in — 5 then
21: Control = 1
22:  endif
23: end for

24: FR = Peakcoyn:! T
25: FR = Peakcoyn: * q

havior according to the activation mechanism used in each layer.
The neurons of designed deep neural networks are activated by the
ReLu or Izhikevich neuron model. The average firing rate of the
rectified Izhikevich neuron, which is used as the activation mech-
anism in the SNN mode of the networks, is determined as the out-
put of the neuron. Each value given to the input of the networks
as a column matrix represents the current applied to the Izhike-
vich neuron. In each layer of the networks, the current / from the
previous layer is multiplied by w, which is the weight of the net-
work (green blocks), normalized (pink blocks), and transformed
to nonlinear form with the activation function (blue blocks). The
spike production of the rectified Izhikevich neuron is guaranteed
by the externally applied ey to the neuron. The network given
in Fig. 3 consists of 2064 neurons. The classification result is
obtained with the softmax layer at the end of the network.

2.5. Performance Evaluation

We assessed the classification performance of the research with
Accuracy and Cohen kappa coefficients which are given in Eq.
(5) and (6). The accuracy (Acc) represents the ratio of the cor-
rectly classified instances to that of the total number of instances.
Kappa values, which range from 0 to 1, are close to 0, indicating
high consistency and accuracy.
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In Eq. (??), po represents the sum of the number of samples
that are correctly classified within each category. That metric pro-
vides overall classification accuracy obtained by dividing the total
number of samples. The p. given in Eq. (??) calculates by Eq.
(7). The ml, m2, ..., m¢ and ny, ny, ..., nc express the predicted
number of samples in each category and the total number of sam-
ples (N) respectively.

mixny + myxny + ... + MeXne
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Kappa refers to a measure of consistency with values between
0 and 1. The values of Kappa move away from 1 indicate low
consistency and accuracy. [16].

3. Experimental Results

The MEG dataset is classified by using deep neural networks
given in Fig. 3 that can operate in both ANN and SNN modes.
Initially, the feature vectors of 15x10 are obtained from the DWT
of each trial for the ten channels. The nodes of the neural net-
works given in Fig. 3 exhibit the ANN feature when activated
with the ReLu function, while they exhibit the SNN feature when
activated with rectified Izhikevich neuron. In both modes, the
feature vectors are transformed into a column matrix. When us-
ing the deep neural networks with Izhikevich neurons, each value
of the column matrix represents the current / applied to neurons
during T ms. The initial weights of the network are randomly
assigned, and the weights are updated by the error rate after each
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Fig. 3. The structure of the hibrit neural network model with 3 layers.

iteration. The learning rate « is chosen as 7x1077. Simulations
are coded originally in MATLAB 2021b without using any tool-
box. For the simulations, a computer equipped with ani7 2.8 GHz
processor and 16GB RAM on the Windows 10 Professional op-
erating system is used. The simulation times have been reduced
by approximately 1/3 with the parallel programming commands.
The classification results and Kappa values achieved as a result of
the training process consisting of 100 iterations are given in Fig.
4.

80
A - f--f- === 9
X 90
60 [ Y 71.6216
>
Q
©
3 40 -
Q
<
201 —#— |zhikevich
-& ‘RelLu
0 ‘ ‘ ‘ ‘ ‘
0 20 40 60 80 100
1 -
B
[0} = - - - 7 X 90
= Y 0.713142
305¢
0 —#—Izhikevich
-& ‘RelLu
0 ‘ ‘ ‘ ‘ ‘
0 20 40 60 80 100

Number of Epochs

Fig. 4. The classification performance of the neural network for
MEG dataset, (A) accuracies by ReLu and rectified I1zhikevich
neuron model, (B) F-score values by ReLu and rectified
Izhikecivh neuron model (v = 7xlO’7).

More detailed evaluation metrics are given in Table 2. When
the given Figure 4 and Table 2 are examined, it can be seen that
for data sets consisting of 4 classes, SNN consisting of rectified
Izhikevich neurons exhibits at least as successful results as an
ANN with the same structure.

Table 2. Comparison of the average evaluation metrics for MEG
dataset on different Network Modes.

Network Mode  Kappa Accuracy Precision Recall F-score
ANN (ReLu) 0.61 0.72 0.72 0.72 0.71
SNN(Izhikevich) 0.61 0.72 0.72 0.72 0.71

As seen in Fig. 4, an SNN composed of rectified Izhikevich
neurons exhibits similar classification results to ANN when nodes
are activated by the ReLu function. It is seen that 3 layers-deep
neural networks in SNN mode are at least as successful as in ANN
mode which uses ReLu activation function. The iteration times of
the networks in ANN and SNN modes are also given in Table
3. The computational cost per iteration are shown in Table 3 for
T = 1000ms.

Table 3. Comparison of iteration times of neural network mods.

Neuron Type Iteration
Time ms ~

ANN (ReLu) 0.128

SNN (Izhikevich) 0.539

Since SNNs can model biological neurons more realistically,
they also allow more realistic parameters such as chaotic current
[17, 18], magnetic field [19] etc. to be examined compared to
ANNS.

4. Conclusion

In this study, a deep neural network with three layers that can
operate in both ANN and SNN modes is designed. The neural net-
work using rectified Izhikevich neuron and Relu activation func-
tion in SNN and ANN modes respectively has been successfully
tested on motor imaginary dataset that presented in BCI competi-
ton IV as dataset III. It is shown that SNNs have a classification
success at least as good as ANNs on motor imaginary tasks in this
study. Since SNNs have the ability to express biological neurons
more realistically, it is possible to analyze the effects of natural
parameters such as noise and chaotic signals on networks com-
posed of real biological neurons. Future studies can be extended
to investigate the effects of the mentioned biological parameters
on SNNs. We hope this study will lead to further research in this
area.

5. References

[1] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet
classification with deep convolutional neural networks,” Ad-
vances in Neural Information Processing Systems, vol. 25,
2012.

[2] O. Russakovsky, J. Deng, H. Su, J. Krause, S. Satheesh,
S. Ma, Z. Huang, A. Karpathy, A. Khosla, M. Bernstein
et al., “Imagenet large scale visual recognition challenge,”
International Journal of Computer Vision, vol. 115, pp.



(3]

(4]

(5]

(6]

(7]

(8]
(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

211-252,2015.

A. L. Hodgkin and A. F. Huxley, “A quantitative description
of membrane current and its application to conduction and
excitation in nerve,” The Journal of Physiology, vol. 117,
no. 4, p. 500, 1952.

R. Herikstad, J. Baker, J.-P. Lachaux, C. M. Gray, and S.-C.
Yen, “Natural movies evoke spike trains with low spike time
variability in cat primary visual cortex,” Journal of Neuro-
science, vol. 31, no. 44, pp. 15 844-15 860, 2011.

B. Meftah, O. Lezoray, and A. Benyettou, “Segmentation
and edge detection based on spiking neural network model,”
Neural Processing Letters, vol. 32, pp. 131-146, 2010.

S. G. Wysoski, L. Benuskova, and N. Kasabov, “Evolving
spiking neural networks for audiovisual information pro-
cessing,” Neural Networks, vol. 23, no. 7, pp. 819-835,
2010.

M. Zhang, J. Wang, Z. Zhang, A. Belatreche, J. Wu,
Y. Chua et al., “Spike-timing-dependent back propagation
in deep spiking neural networks. arxiv,” arXiv preprint
arXiv:2003.11837, 2020.

E. Izhikevich, “Simple model of spiking neurons. ieee trans-
action on neural networks, 14 (6), 15691572, 2003.

S. Hajipour Sardouie and M. B. Shamsollahi, “Selection
of efficient features for discrimination of hand movements
from meg using a bci competition iv data set,” Frontiers in
Neuroscience, vol. 6, p. 42, 2012.

H. K. Lee and Y.-S. Choi, “A convolution neural networks
scheme for classification of motor imagery eeg based on
wavelet time-frequecy image,” in 2018 International Con-
ference on Information Networking (ICOIN). 1EEE, 2018,
pp. 906-909.

J. A. Barios, S. Ezquerro, A. Bertomeu-Motos, E. Fernan-
dez, M. Nann, S. R. Soekadar, and N. Garcia-Aracil, “Delta-
theta intertrial phase coherence increases during task switch-
ing in a bci paradigm,” in Biomedical Applications Based
on Natural and Artificial Computing: International Work-
Conference on the Interplay Between Natural and Artificial
Computation, IWINAC 2017, Corunna, Spain, June 19-23,
2017, Proceedings, Part II.  Springer, 2017, pp. 96-108.

J. N. Mak, D. J. McFarland, T. M. Vaughan, L. M. Mc-
Cane, P. Z. Tsui, D. J. Zeitlin, E. W. Sellers, and J. R. Wol-
paw, “Eeg correlates of p300-based brain—computer inter-
face (bci) performance in people with amyotrophic lateral
sclerosis,” Journal of Neural Engineering, vol. 9, no. 2, p.
026014, 2012.

E. M. Izhikevich, “Which model to use for cortical spiking
neurons?”’ IEEE Transactions on Neural Networks, vol. 15,
no. 5, pp. 1063-1070, 2004.

E. Izhikevich, “Dynamical systems in neuroscience com-
putational neuroscience,” Dyn. Syst., vol. 25, pp. 227-256,
2007.

K. Beppu, N. Kubo, and K. Matsui, “Glial amplification of
synaptic signals,” The Journal of Physiology, vol. 599, no. 7,
pp- 2085-2102, 2021.

X. Zhao, X. Wang, T. Yang, Ji, H. Wang, J. Wang, Y. Wang,
and Q. Wu, “Classification of sleep apnea based on eeg sub-
band signal characteristics,” Scientific Reports, vol. 11, p.
5824, 2021.

D. Hansel and G. Mato, “Short-term plasticity explains ir-
regular persistent activity in working memory tasks,” Jour-

(18]

[19]

nal of Neuroscience, vol. 33, no. 1, pp. 133-149, 2013.

G. Doron, M. Von Heimendahl, P. Schlattmann, A. R.
Houweling, and M. Brecht, “Spiking irregularity and fre-
quency modulate the behavioral report of single-neuron
stimulation,” Neuron, vol. 81, no. 3, pp. 653-663, 2014.

Y. Yao, C. Su, and J. Xiong, “Enhancement of weak signal
detection in the hodgkin—huxley neuron subjected to elec-
tromagnetic fluctuation,” Physica A: Statistical Mechanics
and Its Applications, vol. 531, p. 121734, 2019.



	Introduction
	Materials and Methods
	Dataset
	Wavelet Transform
	Izhikevich Neuron Model
	Network Model
	Performance Evaluation

	Experimental Results
	Conclusion
	References

