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ARTICLE INFO ABSTRACT
Keywords: Background: The bidirectional brain-machine interfaces algorithms are machines that decode
Full closed loop brain machine interface neural response in order to control the external device and encode position of artificial limb to

Neural activity

Encoding algorithm (sensory interface)
Decoding algorithm (motor interface)
LFP

proper electrical stimulation, so that the interface between brain and machine closes. Most BMI
researchers typically consider four basic elements: recording technology to extract brain activity,
decoding algorithm to translate brain activity to the predicted movement of the external device,
external device (prosthetic limb such as a robotic arm), and encoding interface to convert the
motion of the external machine to set of the electrical stimulation of the brain.

New method: In this paper, we develop a novel approach for bidirectional brain-machine interface
(BM). First, we propose a neural network model for sensory cortex (S;) connected to the neural
network model of motor cortex (M;) considering the topographic mapping between S; and M;.
We use 4-box model in S; and 4-box in M; so that each box contains 500 neurons. Individual
boxes include inhibitory and excitatory neurons and synapses. Next, we develop a new BMI al-
gorithm based on neural activity. The main concept of this BMI algorithm is to close the loop
between brain and mechaical external device.

Results: The sensory interface as encoding algorithm convert the location of the external device
(artificial limb) into the electrical stimulation which excite the S; model. The motor interface as
decoding algorithm convert neural recordings from the M; model into a force which causes the
movement of the external device. We present the simulation results for the on line BMI which
means that there is a real time information exchange between 9 boxes and 4 boxes of S1-M;
network model and the external device. Also, off line information exchange between brain of five
anesthetized rats and externnal device was performed. The proposed BMI algorithm has suc-
ceeded in controlling the movement of the mechanical arm towards the target area on simulation
and experimental data, so that the BMI algorithm shows acceptable WTPE and the average
number of iterations of the algorithm in reaching artificial limb to the target region.
Comparison with existing methods and Conclusions: In order to confirm the simulation results
the 9-box model of S;-M; network was developed and the valid “spike train” algorithm, which has
good results on real data, is used to compare the performance accuracy of the proposed BMI
algorithm versus “spike train” algorithm on simulation and off line experimental data of
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anesthetized rats. Quantitative and qualitative results confirm the proper performance of the
proposed algorithm compared to algorithm “spike train” on simulations and experimental data.

1. Introduction

In recent years, researcher have been focused on the development of brain-machine interface algorithms, in most of these algo-
rithms, the recorded activity from the motor cortical have been used to control the external object in human and non-human subjects
[1]. BMIs are tools that have the potential to achieve two main goals by establishing a bidirectional interaction between the brain and
world. The first goal is to restore movement ability or eliminate neurological disabilities in people who have lost them due to disease or
injury. The second goal is to achieve a deeper understanding of the information processing approach in the nervous system [2,3]. The
first realizations of BMIs simply decoded the recorded neural activity (e.g. from motor cortex) and translated it into commands for
controlling an external device (e.g. a robotic arm). These decoding-based BMIs have the limitation that they require users to keep a
constant focus of attention on the execution of a detailed motor command, and that they do not directly sense non-visual information
relevant to the task (i.e. non-kinematic information, such as weight or rigidity of a manipulated object) [4,5]. These problems are
boosting research towards bidirectional BMIs, which, in addition to decoding neural activity and translating it into a desired action,
also provide the brain with external information relevant to the progress of the action in the form of electrical excitation of the neural
tissue [6-8].

Neurophysiologists are still investigating the properties of neural recordings and are still carrying out basic research on the pro-
cessing methods that are best suited for extracting information from the neural recordings [2]. In particular, the development of
efficient decoding interfaces is crucial to interpret and execute actions expressed by activity of motor or pre-motor areas, whereas
artificial sensory channels are crucial both to restore sensory function and to provide a real-time feedback which can replace the tactile
or proprioceptive signals necessary for motor tasks. A more fundamental goal in restoring motor functions in people with paralysis
requires establishing a real two way interaction between the brain and the artificial limb which implements both of these components
that are necessary for essentially all tasks in everyday life. Moreover, work towards this goal will significantly increase our under-
standing of how the brain processes information, which is fundamental to all progress in clinical and basic neuroscience.

Approaches to record neural activity in recent years in brain-machine interface projects include implanting electrode arrays in the
cortex, where spikes and local field potentials (LFP) are extracted from neurons. LFP is obtained by applying a low-pass filter with a
cutoff frequency of less than 300 Hz on the extracellular potential, which represents the neural activity around the electrode [9].

The concept of bidirectional brain machine interfaces has been studied by Fetz [7,10,11]. Fig. 1 shows the bidirectional (full
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Fig. 1. The full closed-loop BMI. The motor interface decodes neural response into the desired force and sensory interface encode position of
artificial limb to appropriate stimulation current.
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Fig. 2. (a) The main components of the network which are interneurons, pyramidal neurons and excitatory and inhibitory synapses. (b) A time-
varying rate of Poissonian spike trains as an input to network which average value is 1.2 spikes/ms.

closed-loop) BMI.

The encoding part of the BMI algorithm translates the location of the external device into the stimulation applied to the sensory
area. On the motor side, the decoding part converts the neural activity of motor cortex into the force which can direct the external
device to the designated target. In fact, the motor interface transforms neural activity into a motive force used to drive the external
system. In this study, it is assumed that a simple model and algorithm of the brain and BMI is enough to control the mechanical arm
using neural signals, although the brain has complex dynamics and learning with the ability to change the force field. Here we propose
a structure that creates a closed loop interaction between sensory and motor cortex in a procedure that follows the arbitrary force-fields
(here is the control of the trajectories in a viscous medium toward a target region as center) through the calibration trials.

In this research, we address the full closed-loop BMI from a modeling and experimental point of view. We begin by simulating the
primary somatosensory cortex (S1) and vibrissal motor cortex (M;) with a population of excitatory and inhibitory neurons ad synapses
which model a local cortical population. The model used for both S;-M; is a 4-box (9-box) model with a distant dependent connectivity
among boxes. Individual box is composed of 400 pyramidal neurons and 100 interneurons. Then, by considering the topographic
mapping, the S;-M; spiking neural network is developed. In this way, it is supposed that one micro wire array delivers the micro
stimulation to the S; model and the second micro wire array records the neural signals from M; model. Next, a novel LFP-based BMI
algorithm based on computing the power spectrum in the gamma band (60-90 Hz) is introduced to control the motion state of a
simulated trajectories in a viscous medium toward a target region. The results of model simulations and experimental data show that
the proposed algorithm through the real time sensory interface and decoding the recorded neural activity can guide the artificial limb
towards a desired path.

All equations have been solved with the Runge-Kutta algorithm with At = 0.05 ms. S;-M; network were simulated using Visual
Studio software. Also, the simulations of BMI algorithms have been done in MATLAB software.

The different parts of the paper are organized in this way that Section 2 introduces the S;, M; models to create a S;-M; network. The
BMI algorithm is explained in Section 3. The simulation results are discussed in Sections 4-5 and Finally Section 7 concludes the paper.

2. Neural network model

In order to model the effect of stimulation of the sensory area and neural fluctuations of the motor area, a spiking network of
neurons and excitatory and inhibitory synapses has been designed. In this Section, we first explain the network model that is used for
Sensory cortex (S;), next the neural model of Motor cortex (M;) and then its connection to the S; model are described.

2.1. The S; network model

The S; network model consists of spiking neurons with leaky integrate-and-fire model [12]. Fig. 2 (a) and Fig. 2 (b) show the main
components and input of the network, respectively.

The network model represents in a very simplified model of S; and M; cortex, and consists of spiking excitatory and inhibitory
neurons with dynamical synapses. The connections of neurons in the network are formed randomly with a probability of 0.1. Synaptic
activities are composed of AMPA currents (excitatory synaptic activities) and GABA currents (inhibitory synaptic activities). In order to
simulate the activity from afferents, excitatory and inhibitory neural populations are excited using noisy external input.

We partition the S; model into four boxes (2 by 2). Inside each box, there are 100 interneurons and 400 pyramidal neurons. So, the
total number of neurons for 4-box model is 2000 neurons. The membrane potential of neuron k is formulated as follows:

d

Vk
m__ - 1 _1 1
7, dr Vi + lag GK 1)

where membrane time constant, excitatory (AMPA type) synaptic currents, and inhibitory (GABA-type) currents received by neuron k
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Fig. 3. The neuronal network which consists of population of pyramidal neurons and interneurons. Each box compos of 100 interneurons and 400
pyramidal neurons. The connectivity pattern creates by random connection between neurons with probability 0.1. The connectivity pattern among
different boxes is a distant dependent function (a) 4-box model (b) 9-box model.

are denoted by 7, (excitatory neurons = 20 ms, inhibitory neurons = 10 ms), IAk, IGk, respectively. In Eq. (1) the resting potential and
threshold are considered zero and 18 mV, respectively (Mazzoni et al., 2008). Synaptic currents are obtained by subtracting the total
activity of presynaptic excitatory neurons from activities of inhibitory neurons. The excitatory synaptic current as AMPA current (I4x)
and inhibitory synaptic current as GABA current (Ig;) are modeled using auxiliary equations xax, xgx for AMPA and GABA current,
respectively. The model of AMPA and GABA-type currents of neuron k formulate as follows:

dly

T =~ Lag + Xax (2)

dx,
TrA% =—Xak + Tm <Jkpyrz5(f — lkpyr — TL) +kamz5(f — lk—ext — TL)) 3)
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All parameters are adapted from Ref. [12]. The external excitatory input by random Poisson spike trains (in the form of time
varying rate) identically is fed to each excitatory and inhibitory neuron by the following equation:

b0) = a8 (1)) = { Pt 1) B )00 > 0 ®)

Where the signal and noise are denoted by vyigna(t), and n(t), respectively. A stochastic variable, n(t) based on Ornstein-Uhlenbeck
process is defined in Eq. (7) as follows:

T,,d’:i(tt) = —n(t) + o, (\/Tz)n(t) @

where o, is the noise standard deviation, and #(t) denotes a Gaussian white noise.

Individual boxes are connected with a function of the form: Kexp (’3—"52) where K is a scaling factor and R is the distance between

different boxes. The connectivity of the 2000 neurons (4-box model) and 4500 neurons (9-box model) is shown in Fig. 3(a) and (b),
respectively.

Because the firing activity of a single neuron is not regular, investigation of neural behavior is usually done with signals such as LFP,
which represent the behavior of neurons population. Here, the absolute values of excitatory (AMPA) and inhibitory (GABA) current
from pyramidal neurons are considered as LFP [13,14].

The structure of M; network is similar to the S; model and it is also composed of a population of interneurons and pyramidal
neurons except that we slightly changed the parameters values to have two different models. For the 4-box S; model, we developed the
4-box M; model. Fig. 4 (a), (b) show the behavior of S1 network in the form of LFP in response to input stimulations 1.2 and 2 spikes/
ms, respectively. Fig. 4 emphasizes that with the increase of the input spike rate, the level of network stimulation increases and a
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Fig. 4. Dynamics of the box #3 of the 4-box S; network with receiving different rates of the input signal (part a: 1.2 and part b: 2 spikes/ms). Each
panel shows 400 ms simulation which is extracted from a 1 s time interval simulation.
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Fig. 5. Dynamics of the network in the form of LFP, box #3 of the 4-box M1 model with input signal rate of 1.2 spikes/ms (a) and 2 spikes/ms (b)
that noise is added to the signal. The absolute values of excitatory (AMPA) and inhibitory (GABA) current from pyramidal neurons are considered
as LFP.

visible increase in the amplitude of the LFP signal is observed.

2.2. The Mj network model

The M; network model is similar to the S; model and it is also composed of a population of interneurons and pyramidal neurons
except that we slightly changed the parameters values to have two different models. Networks S1 and M1 should have similar be-
haviors but not exactly the same, because they are supposed to represent two different parts of the brain in the simulation. For this
reason, different synaptic weights have been considered in network M1 than synaptic weights of network S1. While the time constants
and other parameters of equations (1)-(5) are the same for both networks.

For the 4-box S; model, we developed the 4-box M; model. Fig. 5 (a,b) shows the dynamics of the same box of Fig. 4 for the M;
network model.

2.3. S$;-M; network model
Some experimental observation proved that a focused activity in S causes similar activity in the same area as M; [15-18]. In order

to simulate the similar situation, each box of the S; is connected to the corresponding box of M;. This means that ith-box of S; is
connected to ith-box of M;. A connecting coefficient based on mean firing rate of pyramidal neurons of each box of S; (K* <FR>py) is
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Fig. 6. Topographical representation of the recorded spikes of 5 randomly selected neurons in individual boxes from M; for one trial in the 4-box
model (a) and 9-box model (b). The color plots show the average number of recorded spikes by recording electrodes in M1. Color scale represents
the mean spike rate.

added to the corresponding box of Mj as excitatory input. Therefore, Eq. (6) for ith-box of M; is improved according to Eq. (8).
Veut—ith—box—m1 () = [Vsignal(t) + ”(’)] Lt K« (FR>PY,ith—hux—.\'] ®

In the model, we assume that the excitation and recording electrodes have the same number and shape in the corresponding regions
of S; and M;. So that when a stimulus occurs in an area of Sy, this stimulus is sensed at the corresponding recording electrode of M;, and
this interaction is also observed in real data [16].

In the simulations, different scenarios of electrical stimuli were considered in encoding procedure of the sensory area. Different sets
of stimulation are created by changing the location of the stimulation electrode between different boxes. It is assumed that both
stimulating and recording electrodes are arranged in a 2*2 (9*9) grid. Due to a distant dependent connectivity among neurons in S;
and My, stimulating 4 (9) different electrodes of S, one by one, yields a gradient in the evoked spikes in M;.Considering Fig. 6 one can
notify that the firing rate increases for that box of M; corresponding to the stimulated box of S; and there is a gradient in the recorded
activities of M; network for 4-box model (Fig. 6(a)) and 9-box model (Fig. 6(b)).
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Table 1
Comparison of the Experimental recorded data with the Model.
Stimulus Experimental data Model data
((FR)riat)stim STD ((FR)riat)stim STD
A 1.1413 0.5487 1.0303 0.6007
B 0.6253 0.4058 0.7113 0.3638
C 0.2733 0.2459 0.3673 0.2944
D 0.9333 0.7742 0.9012 0.6034
Table 2
The results of the t-test analysis for 50 trials of 4 different stimuli.
Stimulus two-sample t-test
H P
A 0 0.4039
B 0 0.5854
C 0 0.3734
D 0 0.7702
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Fig. 7. The force field in which can drive the mechanical system toward a goal (equilibrium state).

2.4. Model validation

To validate the S1-M; network, we performed some in vivo experiments on anesthetized Long-Evans rats. We applied four different
stimuli using array of electrodes placed on the S; region, each of these stimuli applied 50 times separately, and then recorded the
neural activities from the M; using 16 electrodes arranged in 2*8 rectangular arrays. Since one electrode is a Reference electrode, we
considered only the data from 15 electrodes. For individual trial, we compute the average neuronal firing rate ((FR),,,) that is recorded
by the 15 electrodes. Since each stimulus is repeated 50 times, we compute the ((FR)ia)sim and then compare this value with its
counterpart of the S;-M; network. It should be mentioned that since in real experiments we apply four different stimulus in Sy, thus, in
the S;-M; network model, we use 4-box model for S1 and therefore 4-box model for M;. Then, we record 5 neurons from box 1, 4
neurons from box 2 and 3 neurons from box 3 and 4 neurons from box 4. Table 1 shows the comparison of the data recorded from the
model and the experiments.

Next, we perform two-sample t-test analysis. The results are summarized in Table 2. As Tables 1 and 2 show, the general behavior of
the proposed S;-M; network is similar to the recorded spiking activities.

This analysis show matching between real data and S;-M; network data. Method ttest2 is an approach to measure the difference in
the average of two samples. Also, H = ttest2(x, y) is a test to measure that two samples with unknown and equal standard deviations
can have same mean. The result of this test is considered 1 in the case that hypothesis with alpha equal to 0.05 being rejected.

3. Basic of the full closed-loop BMI system
The full closed-loop BMI controls an external device using two way communication between motor and sensory interface. The

encoding algorithm which called sensory interface encodes the position of the trajectories into the electrical stimulation to excite the S;
model. The motor interface as decoding algorithm uses the recorded LFP from the M; model and decodes them into a force to move
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Fig. 8. The sum of the amplitude of LFP power spectrum in the frequency range 60-90 Hz from individual boxes of M; when we stimulate the S;-
boxes one by one. It is observed the power spectrum of the recorded LFP of M; for the same stimulated box of S; has higher value.

external device. Then the brain is aware of the new location of the artificial limb with the help of a sensory interface and produces a
new motor response to guide the external device to the destination and the process continues until the artificial limb reaches the
desired target.

The data used for calibration in the BMI algorithm is generated from a set of sensory cortex stimulation (S; model) and the recorded
LFP responses from the motor cortex (M; model). These data are used to adjust the parameters of the sensory interface, and after the
calibration is completed, the algorithm is tested by controlling external device based on the online information transfer between the S;-
M; network model and the external device through BMI algorithm. The algorithm calibrates the interface so that, the interface can
follow a desired path through the desired force. The force field is a function, ¢(x), expressing the desired force that will be applied to
the external device when it is in position x. In this paper, we select the force field of Eq. (9).

¢ (x) = K(x)(x — 60)(x +60) 9

This force field is shown in Fig. 7 and was designed to guide the external device toward a desired target position.

In fact Eq. (9) and Fig. 7 is the arbitrary force-fields, which the proposed full closed-loop BMI algorithm based on LFP through the
calibration trials approximates this force.

The mechanical external system that its moving control by the interface can be simulated simply by a trajectory which moves
towards the determined target location. This target location is considered as a region around the center of the field force balance. Each
run of the system starts by placing the external device at location xo with zero velocity. Then, the sensory interface calculates the
appropriate electrical stimulation s according to the position where the external device is located based on Eq. (10).

S=argmin(||xo—&|); i=1,...M (10)

Where the center of the i region of sensory and number of stimulus sets is denoted by &; and M, respectively. Thus, sensory interface
excites the S; model by the stimulation current s and the recorded neural response from M; model decoded by the motor interface to
produce force F which causes the external device to move under the influence of this force and be placed in a new position x;. Again the
loop continues. This loop continues until the external device reaches the designated target location or the number of repetition steps of
the algorithm exceeds 70, which leads to the failure of the algorithm (non-convergent trajectory).
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Fig. 9. The obtained sensory region by using the proposed BMI algorithm. Here, we used a 4-box S;-M; network (a—b) and 9-box S;-M; (c—d) which
each time we stimulated one box, 20 times with different noise realization and hence we get 4 (9) sets (cluster of points) which contains 20 points.
(a,c) Projecting the distance matrix, D, into in 2-dimensional space using MDS and (b,d) show the obtained sensory regions based on nearest
neighbor algorithm. The squares show the calibration centers.

3.1. The LFP-based BMI algorithm

We assume that there is a set of electrical stimulus s = {s1,....,sm}. From each of these M electrical stimulations, N neural response is

recorded, which leads to the formation of the matrix R with the dimensions of M x N in Eq. (11).
R=[ry] i=1,..M; j=1,..,N (11)

Each response, r;; is the LFP signal recorded from M; in 600 ms time interval. Next, we compute LFP power spectrum and obtain the
sum of the amplitude of power spectrum in the frequency range 60-90 Hz. In Fig. 8, we calculate statistical parameters mean and
standard deviation of the “sum of the power spectrum amplitude of the recorded LFP in the gamma band” for 20 trials of stimulating S;
and recording M; for the S;-M; spiking network. For these simulations, we stimulate each box of S; network 20 times with different
noise realization and record LFP signal from individual boxes of M; network of 4-box model (Fig. 8 (a)) and 9-box model (Fig. 8 (b)).

In this way, we create an A matrix based on the LFP power spectrum in frequency interval 60-90 Hz based on Eq. (12).

A:[ap‘q} p=1..MxN; g=1,....M (12)

Then, we compute the symmetric distance matrix D = [d ] by computing the Euclidean distances between each pair of observations
in the M * N-by-M data matrix A. Next, we apply multi-dimensional scaling (“mdscale” function in MATLAB) on the distance matrix, D
(Eq. (13)), in order to create a set of two-dimensional points in the movement space of the artificial limb:

x= [x,-_j} with [x[‘,-] = [xl,,-:,-,xzi,ﬂr 13)

where i,j change across the indexes of M and N, respectively. In order to set the movement space of the artificial limb in the desired
dimensions, the obtained locations are multiplied by the F factor according to Eq. (14).

Finally, to calculate the calibration center in each sensory region, we calculate the average spatial coordinates obtained for each
area according to Eq. (15).

1SN
gi:NZx,-j i=1,.,M (15)
j=1

Utilizing, these M calibration centers and the nearest neighbor algorithm, we divide the movement space of the external device or the
sensory interface into M regions. Next, we utilize the LFP- based BMI algorithm to obtain the sensory region as shown in Fig. 9. Since
we have 4 (9) stimuli and 20 trials, we will have 4 (9) sets (cluster of points) which contains 20 points which obtained by projecting the
distance matrix, D, into in 2-dimensional space using MDS which is shown in Fig. 9(a) for 4-box model and Fig. 9(c) for 9-box model.
Then, applying nearest neighbor algorithm, the sensory map is created which is shown in Fig. 9(b) for 4-box model and Fig. 9(d) for 9-
box model. The calibration centers were showed as a square in data points and colored regions.
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Fig. 10. The sensory map created by “spike train” decoding algorithm. (a,c) Represents projecting the distance matrix, D, into in 2-dimensional
space for 4-box and 9-box model and (b,d) show the obtained sensory regions based on nearest neighbor algorithm for 4-box and 9-box model,
respectively.

Table 3
CSM for simulation data.
J for spike train Algorithm J for LFP algorithm
Simulation data with 4-box S;-M; network 0.972 2.1168
Simulation data with 9-box S;-M; network 1.5074 2.044

In order to compare the sensory map created based on the proposed decoding algorithm (Fig. 9) with the valid decoding algorithm
called “spike train” [2], the recorded data from S;-M; model was calibrated and projected to the 2-dimensional space based on
decoding algorithm “spike train” in Fig. 10 (a) for 4-box model and Fig. 10(c) for 9 box model. Also, the created sensory map for 4-box
model and 9-box model is shown in Fig. 10(b)and (d), respectively.

The within-class scatter matrix (Sy) in Eq. (16) and between class scatter matrix (Sg) in Eq. (17) define
Class Scatter Measure (CSM (J)) according to Eq. (18) which can show the effectiveness of the proposed algorithm in classifying data
into separate classes.

c n;

Sy = Z Z(ximei)(xiljfmi)T (16)

i1 [ -1

sp= i n;(m; —m)(m; — m)T 17)
i—1
— SB
J—E 18)

The number of classes, number of samples in i-th class, the j-th sample in the i-th class, mean of samples in the i-th class and mean of
all samples are denoted by c, n;, x;j, m; m, respectively.

In Table 3 we show CSM for simulation data. Large values of J are desirable because distance between-class is large and within-class
is low.
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(a) (b)

Fig. 11. Performance of the on line BMI algorithms using LFP algorithm for 4-box model of S;-M; network. Panel (a) shows trajectories generated
by closed loop “LFP” algorithm and (b) indicates the step by step trajectories movement in the closed loop interaction between external device and
S1-M; network model.

3.2. The motor interface

The motor interface as decoding algorithm converts the recorded spike response 7 from Mj into a force, which can drive the external
device (mechanical arm) along the target region with the following dynamical equation.

Mi+Bx=F (19)

Where, F is the force obtained from the neural response using motor interface, B = 13 N s/m is a force due to the viscosity, x = [x;, x2]”
is the position of the trajectories as external device on a plane and M = 10 Kg is the device weight [2,3]. Eq. (19) was solved based on
Runge-Kutta algorithm to calculate the new position x of external device after applying the force F.

To map current response 7 into a force, we compute the distances of the recorded response from motor cortex (M; model) with the
neural response of the calibration experiments. These computed distances are placed in a matrix D according to Eq. (20).

D=[dy] i=1,..,M; j=1,...,N (20)
Following [2,3], we compute the average of the distances, E;Vg , and then decode the stimulus 54, in Eq. (21), whose the responses of
calibration give the smallest mean of distance.

~i

Ssee = argmin, (dm,g> i=1,....M 21)

Finally, the force calculated to be applied to the artificial limb can be computed based on Eq. (22).
F=¢(x,) withx,=§& (22)

Sdec
4. Results

As explained in the previous sections, we proposed 4-box and 9-box models for the S;-M; network. Next, we explained the LFP BMI
algorithm and also the sensory/motor interfaces (encoding/decoding parts) were described. Now, in this section, we want to use the
BMI algorithm based on LFP to create the closed loop interaction between the external device and the S;-M; network model.

As described, the motor interface decodes the recovered responses from the M; model to the propulsive force of the external device,
and the sensory interface encodes the new location of the mechanical arm to the stimulus applied to the S; model. In this section, the
online information exchange between S;-M; network model and external device through the BMI algorithm is reported.

We test the BMI algorithm 16 times with 16 different starting points on the sensory plane. The external device is guided from the
initial point xo to the target area (white circle in Fig. 11) using the proposed BMI algorithm with the calibrated sensory interface of
Fig. 8.

The left panel of Fig. 11 shows the trajectories (denoted external device) of the system for the 4-box S;-M; network model, starting
from 16 different initial positions. The colored lines and black lines denoted trajectories generated by closed loop BMI algorithm and
ideal trajectories, respectively. Also, the right panel of Fig. 11 indicates the step by step trajectories movement in the closed loop
interaction between external device and S;-M; network model. As it is evident, the BMI algorithm has succeeded in controlling the
movement of the mechanical arm towards the target area. The simulation results presented in Fig. 11 have been repeated 10 times to
show the robustness of the algorithm, and the results confirm the robustness of the closed loop BMI protocol. In order to quantify the
performance accuracy of the algorithm in guiding the mechanical arm towards the target area, we introduced a criterion called Within-
trajectory position error (WTPE) [3] which calculates the distance between ideal and actual trajectories in the left panel of Fig. 11. The
WTPE parameter is obtained 3.9618 for 10 repetitions of BMI algorithm. Also, the average number of steps in reaching trajectories to
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Fig. 12. Performance of the on line BMI algorithms using the “spike train” algorithm for 4-box model of S;-M; network.

(b)

Fig. 13. Performance of the on line BMI algorithms using the “spike train” (a) and “LFP” (b) algorithm for 9-box model of S;-M; network.

the target region in 10 iterations of the algorithm is 26, which indicates the good performance of the closed loop BMI algorithm.

Also, In Fig. 12, the online information exchange between S;-M; network model and external device through the “spike train” BMI
algorithm is shown.

The WTPE parameter is obtained 4.87 for 10 repetitions of “spike train” algorithm. Also, the average number of steps in reaching
trajectories to the desired target area in 10 iterations of the algorithm is 34, which indicates the good performance of the LFP BMI
algorithm compared to the valid BMI algorithm “spike train”. In order to compare the performance of the proposed BMI algorithm
compared to “spike train” algorithm, the exchange of information to control the movement of the mechanical arm to the center using
bidirectional interaction between the 9-box model of S;-M; and the artificial arm is shown in Fig. 13 (a), (b) for “spike train” and “LFP”
algorithms, respectively.

It is evident that the proposed algorithm based on LFP was better than “spike train” algorithm in controlling an external device so
that WTPE is 26 for “spike train” BMI algorithm and equal to 4.5 for “LFP” algorithm. Also, the average number of steps in reaching
trajectories to the target region in 10 iterations of the “spike train” and “LFP” algorithms are equal to 31 and 23, respectively.
Quantitative and qualitative results confirm the proper performance of the proposed algorithm compared to “spike train” algorithm,
which is known as a validated algorithm on real data.

5. Discussion
The classical approach of the BMI algorithms includes recording electrodes to extract motor signal [19] and decoding neural
response of motor in order to reveal moving target [20,21]. Although this approach has been successful [22], it does not consider

sensory feedback in line with motor recording. In recent years, the creation of a closed loop between the brain and the external device
to control its movement has received more attention [23]. Also, the possibility of using decoded signals from the motor cortex to
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Fig. 14. Show the sensory regions (panels a, b) and movement of the point mass (panel c¢) during off line running of the “spike train” algorithm (The
first row of each Anesthetized rat) and LFP algorithm (The second row of each Anesthetized rat). The movement of point mass start from 16 different

initial positions.

directly stimulate the spinal cord in order to create movement in paralyzed limbs is one of the topics of interest in recent years [24].
Here, in order to establish a bridge between the two research paths, a non-linear and closed-loop approach of the brain-machine
algorithm has been presented. The presented sensory and motor interface is based on two main points:
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Fig. 14. (continued).

1 Two way communications of the brain and artificial limb is based on the decoding of information extracted from the motor cortex
and converted into driving force, and then encoding the location of the external device to produce suitable sensory stimulation.

2 The simultaneous adjustment of the motor and sensor interface will lead to the production of the desired force field in arbitrary
form.

In order to validate the performance and robustness of the “LFP” algorithm, in addition to comparing the performance of the
proposed BMI approach with “spike train” algorithm which is a proven BMI algorithm, the results of the two algorithms have been
tested and discussed on real data from anesthetized rats 1 to 5.

Next, we apply the proposed and “spike train”” BMI algorithms on five experimental data sets. We applied 4 different stimuli (A,B,C,
D) in each experiments. Five different experiments were done. For each experiment, we stimulated S; region, 40 times with four

14



M. Amiri et al. Heliyon 9 (2023) e13766

Anesthetized rat_4

50 80
40 ©
oms
1] 3 . E
L]
S
Lo
-40
50 —100 -50 )
(a) (b)
Spike train algorithm
) .
bl %ﬁ. LI
]
=20 . " . '
0 :, -'.f
Q 60 v :
~50 -25 [} 25 50 " P )
(a) (®)
LFP algorithm
Anesthetized rat 5
° L3
%
=50 0 50
(a) (b) (©

Spike train algorithm

Fig. 14. (continued).

different electrodes and then the spike response with 13 electrodes placed on M; region has been recorded. Fig. 14 shows the results of
the obtained sensory regions for the 40 trails of the five experiments. Because of applying four different stimuli, four sensory regions
are also expected.

In Fig. 14, we run ten times the BMI systems (“LFP” and “spike train™) and show the results of running the BMI systems for the
corresponding sensory regions. It should be pointed out that these results are offline. Indeed, we used 10 trials (besides to the 40 trails
that were used to create the sensory regions) to test the performance the BMI systems.

Fig. 14 shows the sensory map and results of running BMI algorithms for experimental data of five anesthetized rats. It should be
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Fig. 14. (continued).

Table 4
CSM for five experimental data.
J for spike train Algorithm J for LFP algorithm

Exprimental data 1 0.1001 0.1451
Exprimental data 2 0.0947 0.0791
Exprimental data 3 0.0859 0.1027
Exprimental data 4 0.113 0.1125
Exprimental data 5 0.1026 0.1066

pointed out that these results are offline and we let the algorithm continue for a maximum of 80 iterations. Indeed, we divided the
experimental data in two groups: one set to create the sensory map that have 40 trials or 160 tests and the second group is used to test
the performance of the algorithm that have 10 trials (40 test).

In Table 4 CSM for five experimental data is denoted. As the results show, the LFP algorithm has been more successful than the spike
train algorithm in separating the data classes.

Fig. 15 shows the robustness of algorithms based on wtpe parameter. As it is evident from the results of Fig. 15, the proposed al-
gorithm has a better performance on real data compared to “spike train” algorithm.

Also, the average steps to reach the target region in “spike train” and proposed BMI algorithm is shown in Table 5. The reported
results in Table 5 also confirm the high computational ability of the proposed BMI algorithm.

In general, although the full proof of the capability and potential of the proposed algorithm requires more tests on real data, the
tests performed in this study confirm the computational capability of the proposed algorithm. Also, adding learning capability and
STDP to the synapses of S1 and M1 networks can lead to improved performance of the proposed algorithm in approximating more
complex force fields, which can be discussed in future studies.

6. Experimental set-up

In the process of experiment, 30 mg/kg and 5 mg/kg of Zoletil and Xylazine was used to anaesthetize rats, respectively. The
experiment was done on male rats (Long-Evans) with weight of approximately 400 g. In order to minimize suffering of rats, supple-
mentary doses of anesthetic was injected. The stereotaxic apparatus was used to place the anesthetized rats. A micro drill was placed on
the primary sensory cortex (S1) and primary motor cortex (M1) to make a craniotomy. The stimulation array was placed in the parietal
bone so that the barrel cortex could be visualized [25-27]. The stimulation arrays were placed vertically at a distance of 500 mm-900
mm from the pia and perpendicular to the cortex [28-30]. The recording array was placed in the frontal cortex so that the vibrissal
representation could be visualized [26,31-34]. Cathodic pulses with a pulse length of 200 ms with a minimum time interval of 2.5 s
and a frequency of 300 Hz have been used to induce whisker twitches at a distance of 1.5 mm below the cortical surface. The
intracortical microstimulation contained trains of 10 pulses with duration 100 ms with 150 mA amplitude and frequency of 333 Hz.
The recording array was placed vertically in the cortex and the neural activity of the cells was recorded with a sampling frequency of
40 kHz in different channels. All experiments were followed the European Economic Community (EEC) in the field of animal pro-
tection (EEC Directive of 1986; 86/609/EEC) and Imam Reza Hospital Research Center approved the experiments of this study.

7. Conclusion

The last decade presented a significant increase in the development of brain-machine interfaces (BMIs) as assistive neural devices
for paralysis patients. In the bidirectional BMI system, the motor interface as decoding algorithm translate recorded neural responses

16



M. Amiri et al. Heliyon 9 (2023) e13766

12 -
10 +
8
6
4
2
0 - . -
Spike train Total firing Spike train  Total firing Spike train Total firing
(a) (b) (©
7 r T
6 - 6 -
5 5 F
s 4 2 4 -
‘E. 3 HENE
2 2 -
1 1r
0 i '

Spike train Total firing

Spike train  Total firing

(d) ©

Fig. 15. Performance of the off line BMI algorithms (Alg.1: spike trains, Alg.2: the LFP) for anesthetized rat_1 (a) to anesthetized rat_5 (e) which has
been indicated with wtpe parameter.

Table 5
The average step to reach the target region.
Mean Number of step for Alg. Spike train Mean Number of step for Alg. LFP
Simulation data with 4-box S;-M; network 25 26
Simulation data with 9-box S;-M; network 31 23
Exprimental data 1 41 38
Exprimental data 2 57 43
Exprimental data 3 51 41
Exprimental data 4 29 32
Exprimental data 5 48 42

from the motor cortical to control an artificial limb. On the other hand, the sensory interface as encoding algorithm translates the
location of artificial limb to electrical stimulation which excites the sensory region. In general, to implement a closed-loop BMI system
in real world applications, an encoding, and decoding algorithm can be implemented by micro-stimulation techniques and neural
activity recording, respectively. In this regard, we designed a bidirectional BMI by simultaneously controlling encoding and decoding
interfaces. We modeled the primary somatosensory cortex (S;) and motor cortex (M;) as a population of inhibitory interneurons and
excitatory pyramidal neurons with AMPA and GABA synapses. Next, these two networks were connected to create the S;-M; network
model and validated using experimental data. Then, the BMI algorithm based on LFP was proposed. In fact, the motor interface of BMI
algorithm decoded the neural activity of the motor cortical (M; model) into the motive force applied to the artificial limb in a viscous
medium. The sensory interface encoded the location of the external mechanical device to the electrical stimulation that stimulates the
somatosensory cortex (S; model). Finally, we presented the results of applying the LFP algorithm, from the computational point of
view, on the simulation data recorded from Mj in response to electrical stimulation of S;. In order to validate and confirm functional
ability of “LFP” algorithm compared to the “spike train” algorithm as a proven BMI algorithm, in addition to 4-box and 9-box model of
$1-M; network, five experimental data sets also was considered in performance testing of BMI algorithms. Quantitative and qualitative
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results confirm the good performance of the proposed BMI algorithm compared to “spike train” algorithm, which is known as a
validated algorithm on real data.
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