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Abstract

Objective.—Our aim is to enhance sensory perception and spatial presence in artificial interfaces
guided by EEG. This is done by developing a closed-loop electro-tactile system guided by EEG
that adaptively update the electrical stimulation parameters to achieve EEG responses similar to
the EEG responses generated from touching textured surface.

Approach.—In this work, we introduce a model that defines the relationship between the contact
force profiles and the electrical stimulation parameters. This is done by using the EEG and force
data collected from two experiments. The first was conducted by moving a set of textured surfaces
against the subjects’ fingertip, while collecting both EEG and force data. Whereas the second was
carried out by applying a set of different pulse and amplitude modulated electrical stimuli to the
subjects’ index finger while recording EEG.

Main results.—We were able to develop a model which could generate electrical stimulation
parameters corresponding to different textured surfaces. We showed by offline testing and
validation analysis that the average error between the EEG generated from the estimated electrical
stimulation parameters and the actual EEG generated from touching textured surfaces is around
7%.

Significance.—Haptic feedback plays a vital role in our daily life, as it allows us to become
aware of our environment. Even though a number of methods have been developed to measure
perception of spatial presence and provide sensory feedback in virtual reality environments, there
is currently no closed-loop control of sensory stimulation. The proposed model provides an initial
step towards developing a closed loop electro-tactile haptic feedback model that delivers more
realistic touch sensation through electrical stimulation.
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Introduction

In the last few decades there has been significant research efforts on developing haptic
devices to deliver sense of touch. Haptic feedback devices provide tactile information to
their users through the simulated sense of touch. For example, physicians training for
surgical procedures in virtual environment, teleoperation of robotic arms and achieving
sensation through neuroprothestics are some of the applications of such haptic devices [1-9].
Based on the stimulation methods/feedback to deliver sense of touch these devices can be
separated into two categories (a) force and (b) electrical stimulation [10-13].

Force based devices use actuators, motors and vibrations to deliver touch-like sensation,
while electrical stimulation devices use frequency and amplitude modulated electrical
stimulation to deliver touch information. For example, pressure displays use simple actuators
to press a surface against the user’s fingertip, which allows small forces to be detected by the
user [14]. Vibrations with different patterns and frequencies are also used to deliver touch
sensation through the user’s fingertip and forearm [15, 16]. Softness and hardness sensation
of different objects can be delivered to users by changing the normal force patterns applied
to the user’s skin [17, 18]. Texture properties of materials can be delivered by rendering
friction using forces on the user’s hand [19]. Surface geometry, such as dents and bumps

on a surface, is another factor that can be used to imitate shape cues. Moreover, through

the generation of force patterns correlated with position, one can perceive perceptual cues

of different objects [20]. Although there exists a vast development in force feedback based
haptic devices, they tend to be expensive, heavy, not portable. Most importantly none of
these devices provide tactile stimulation controlled based on a closed loop feedback such
that the amount of force is controlled based on the feedback recorded from the users.

Electrical stimulation has gained more popularity due to its minimally invasive nature,
small size, absence of the resonance characteristic of force actuators and ease of
implementation [6-9, 21-24]. In previous studies, researchers succeeded in showing that
electrical stimulation could be used as a potential mean of delivering sensation. For
example, an electro-tactile augmentation method was developed to generate vibrotactile
sensations, allowing texture modulation of real textured surfaces [25, 26]. This method was
based on placing two stimulus electrodes at the subject’s finger to evoke neural activity.
Results of this study showed that participants were able to perceive roughness of materials
using electrotactile augmentation. Other studies showed that electrostatic force [27] and
electrovibration [28] allow texture augmentation. Electrical stimulation also allowed texture
augmentation for natural materials [29, 30]. Tactile grip force and hand opening information
were delivered to the subjects using amplitude modulated electro-tactile feedback [31].
This was achieved by training and teaching the subjects to jointly distinguish between

27 different objects of varying size and their coupling electrotactile feedback. Subjects
were able to distinguish between objects with 49.2% accuracy, which was shown to be
above chance level. Although electrical stimulation devices gained popularity, they either
depend on modulating the material or training the participants to perceive specific electrical
stimulation patterns associated with touching various objects. In summary, force-feedback
tends to be expensive, non-portable and limited to a small number of contact points. On

the other hand, electro-tactile displays are compact and wearable but there remains many
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hurdles to be overcome to make the electrical stimulation-based tactile information more
realistic the users. Finally, similar to the current force-based haptic devices, electrical
stimulation-based haptic stimulation does not currently include any closed loop control.

Several parametric model-based approaches for haptic devices have been developed to
mimic human’s touch sensation using electromyography signals [32-34]. However, these
methods require knowing the exact muscle parameters. Furthermore, the convergence of
these models’ parameters depend on the computational time and complexity. Recently, rapid
advancements in machine learning (ML) lead to a huge progress in robotics [35-40], which
lead to a development of several ML non-parametric models to mimic the human tactile
sensation [41, 42]. However, none of the existing models include closed-loop feedback.

Electroencephalography (EEG) studies showed that EEG contains patterns that change when
the amount or roughness of tactile feedback changes [32, 43-53]. Genna et a/ showed

an increase in the power of the theta band (4-7 Hz) for 500 ms after the stimulus

onset, which was distributed across the cortex, with a focus around the contralateral
somatosensory region. This change was followed by a decrease in the power of the alpha
band during passive stimulation, which was prominent in the somatosensory cortex and
equally distributed in both contralateral and ipsilateral hemispheres [49, 54]. They also
showed, in a later study, that there was a linear decrease in the alpha band amplitude when
increasing the roughness of the tactile stimulus in both contralateral and ipsilateral sides
[51]. Another study showed that there is a relation between roughness of the tactile stimulus
and the power in the beta band over parietal regions contralateral to the stimulated sid [50].
Moreover, in previous work, we were able to identify EEG features, the total power in the
mu (8-15 Hz) and beta (16—30 Hz) frequency generated around the sensorimotor region, that
are able to classify textured surfaces on a single trial basis [52, 53].

Our overarching goal is to develop a closed-loop control of electrical stimulation to generate
more realistic sense of touch. Our approach uses brain activity measured through EEG to
develop a closed-loop generation of electrical stimulation that will have similar brain activity
measured through EEG when an individual touches a textured surface and sense of touch
depends on the contact forces. That is, in this paper we present an initial step towards
building an EEG-guided closed-loop electro-tactile model that could generate electrical
stimulation parameters corresponding to different force profile patterns. To achieve this, we
first develop a model that defines the relationship between the brain activity recorded during
passive touch and the brain activity in response to different electrical stimulation parameters.
In order to obtain brain activity similar to the activity achieved in response to contact forces
corresponding to different textured surfaces, the developed model is then used in an adaptive
and closed-loop fashion, to update the electrical stimulation parameters.

1duosnuep Joyiny

2. Experimental study design

2.1. Participants

Eleven right-handed healthy subjects (five males, six females 27.5 £ 5.5 years) were
recruited in this study. None of the subjects experience somatosensory or neurological

J Neural Eng. Author manuscript; available in PMC 2023 March 06.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Eldeeb and Akcakaya Page 4

deficits, physical limitation or skin rash. All subjects were provided written informed
consent.

2.2. EEG data acquisition

For both the passive touch and electrical stimulation experiments, we recorded EEG
according to the 10-20 system from 14-channels. The placement of the EEG electrodes was
chosen to focus on the frontal and somatosensory cortices focusing around the sensorimotor
integration regions (F3, F4, FC3, FC4, C1, C3, C5, CZ, C2, C4, C6, CP1, CPZ and CP2).
For the reference, we used the left mastoid and for the ground we used the FPz. EEG data
was recorded with 256 Hz sampling rate, then it was filtered using the amplifier’s filters; a
4th-order notch filter with cutoff frequencies of 58 and 62 HZ and an 8th-order bandpass
filter with cutoff frequencies of 2 and 62 Hz. EEG data was further preprocessed using FIR
band-pass filter designed using Kaiser window with cutoff frequencies: 8, 60 Hz.

2.3. Passive touch study

2.3.1. Tactile stimuli—We generated three textured surfaces (5 cm x 5 cm) using
MATLAB, which represent three levels of roughness. Stereolithography (Viper SLA system,
3Dsystems, USA) was used for fabrication. Each texture is mounted on the force transducer
and adjusted on a LEGO MINDSTORMS EV3 31313 Robot, as shown in figure 1. This
robot was designed to perform both tap and rub movements. The subjects were asked to sit
comfortably in front of the system setup and rest their right arm on a soft arm pillow.

2.3.2. Data acquisition—Two g.USBamp (from g.tec medical engineering GmbH)
amplifiers have been used for data recording, one for EEG data acquisition and one for force
data. Force data was acquired using a force and torque transducer (NANO17 F/T transducer,
ATI Industrial Automation, USA). Then, it was transferred to the analog inputs of the
g.USBamp amplifier and sampled at 256 Hz. In previous work [52, 53], we showed that
channels C1, C3 and C5 have the most significant responses related to texture information.
In this study, we used the average of these three channels.

2.3.3. Experimental setup—The MINDSTORMS EV3 software was used to program
11 random set of sequences, one for each participant. Each sequence consists of six
conditions: a combination of three texture surface and two movement types (rub or tap).
Within a condition, each participant was instructed to place their hand comfortably on a
foam hand-wrist rest while the robot moves its arm performing a rub or tap of the chosen
surface multiple times for 2 min. The participants were also instructed to wear an ear-plug
and look to a fixated cross on a black screen background during the robot movement. Cues
were displayed to the subjects using Psychtoolbox (MATLAB) [55] and an event marker
was sent to each amplifier to label the cue onset time of each condition (movement type
and surface). Within each condition, there is a set of trials, which are segmented based on
the normal force data to ensure we capture the first 500 ms after stimulation onset. A single
trial is comprised of a complete rub or tap movement and lasts for 1 s, with inter-stimulus
onset between one and two seconds chosen randomly. We followed the same steps we used
in a previous work to segment the force and EEG data [52]. At the end of each condition,

a ‘Rest’ message was displayed for 2 min. EEG and force data were then segmented per
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condition according to these event markers. Careful examination of the collected EEG and
force data showed some artifacts in the force data collected. A window around the first 500
ms of data is chosen, and the data within this window is analyzed. The percentage of the
rejected trials is 4% of the total number of trials.

2.4. Electrical stimulation study

2.4.1. Electrode location—The stimulus electrode is placed on the fingertip of the
index finger near afferent nerves and the ground electrode is placed on the wrist bone. It is
known that the fingertip has the highest density of mechanoreceptors, which are responsible
for tactile sensation [56].

2.4.2. Data acquisition—An A-M systems 4100 Isolated High Power Stimulator was
used to deliver the electrical stimulation pulses through disposable pre-gelled adhesive 20
mm Ag/AgCI disc electrodes. Moreover, a National Instrument USB Multifunction I/O
DAQ Data Acquisition was used to synchronize both the EEG amplifier and the electrical
stimulation device. Also this DAQ was used to send event markers to the amplifier to

mark the beginning of the trial onset, while at the same time send the electrical stimulation
parameters to the electrical stimulation device. These markers are then used to segment

the EEG. The electrical stimuli in this study comprises of a sequence of amplitude and
frequency modulated electrical pulses applied to the fingertip of the index finger. Figure 2
shows one of the subjects while being prepared for the experiment. Both perceptual and
discomfort threshold levels for each participant were recorded using the fingertip of the right
index finger. We conducted two experimental protocols; pulse modulation and amplitude
modulation. The first is by varying the pulse rate and fixing the electrical stimulation
amplitude. While the second protocol involves fixing the pulse rate and varying the electrical
stimulation amplitude. Experimental protocol parameters as follows, pulse amplitude of 1.5
mA and pulse rate: 1, 50, 100, 200, 300, 400, 500 and 600 Hz. The second protocol has

a pulse rate of 200 Hz and ten different pulse amplitude with a minimum value at the
perception threshold and maximum value below the discomfort level, with a step equals

= (the discomfort level — the perception threshold)/10. Both protocols have pulse width of
200 /s/phase, 20 ms of electrical stimulation. Each experimental protocol had a total of

500 trials delivered randomly to each participant, where the inter-stimulus interval was one
second. Careful examination of the collected EEG data showed some artifacts in the EEG
data collected from the electrical stimulation experiment. A window around the first 500

ms, at the beginning of trial onset time, of each trial data is chosen, and the data within

this window is analyzed. The percentage of the rejected trials is between (min: 5, max:
12)% of the total number of trials per subject. Due to the limited number of samples per
each stimulation condition, we grouped the data samples into four groups. Therefore, the
frequency modulated data has originally eight conditions, we group them into two equal
conditions, low and high frequency. Thus, low frequency group will contain the data coming
from the following frequency conditions (1 Hz, 50 Hz, 100 Hz, 200 Hz), while the high
frequency group contains the data have these conditions (300 Hz, 400 Hz, 500 Hz, 600 Hz).
The amplitude modulated data is also grouped into two equal groups based on the amplitude
condition used in the electrical stimuli.
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3. Methods

The flow diagram of the proposed model is shown in figure 3, where the oval shapes
represent the input or output data and the rectangular shapes represent the operation that was
done on the data. The details of each step are described in the following subsections.

3.1. Model parameters

Four models have been designed to relate the EEG, force and electrical stimulation
parameters as can be seen in table 1. Each alpha weight matrices (A1,A4»,A3,A,) represent
the projected weights or components of each set of data on the corresponding basis vectors
set. For each movement condition (rub and tap), data collected during touch study was
grouped into three groups based on the textured surface that was used. Also, the data
collected during the electrical stimulation study was categorized into four groups based

on the electrical stimulation condition as we described in the electrical stimulation data
acquisition subsection. We refer to the EEG and force data collected during the touch study
as EEGioych and Force respectively, and the EEG collected during the electrical stimulation
study as EEGgs, Where both EEGq,ch and EEGEs are the average of the EEG collected
from channels C1, C3 and C5. Moreover, the electrical stimulation parameters were used to
form a matrix called £S. each matrix of £EGiq,ch and Forceis of size N x L, where N is
the number of touch experiment trials, L is the trial length. While, each matrix of £EGgg
and ES'is of size M x L, where M is the number of electrical stimulation trials and L is

the trial length. For cross validation, each group of data (EEGigych, Force, EEGgg and ES),
was divided into five folds, where 80% of the data was used during the training and 20% for
testing.

Algorithm 1.

Optimal set of basis vectors estimation.

for Each Surface (/=1:3) do
for Each model in table 1, Estimate A, ,where Oufput= Avdo
* Estimate A, such that Ay, ; = arg min || Output — Ap, |V ||2 where Vs the set of basis vectors.
m,

* A number of circular shifts on the initial set of basis vectors were applied and the fitting error for each step of
shift was recorded.

* For models 1, 2 and 4 estimate A; , Ay jand A4 ssuch that:
. 2
Aj, | = arg znlnllES— A1, IVEEGEs||
1,1

AZ,I =arg ITin”EEGES - AZ,IVEEGESnz
2,1

Ay = arg Amin||EEGtouch —Ag, IVEEGESH2
4,1

Then select the final set of basis vectors for Vgggeq that minimize the fitting error of models 1, 2 and 4 such that:
ES Apl
EEGEs | = AZ, / VEEGES

EEGiouch A4 I}
which can be written as:
X= AVEEGES
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Hence, Veeggg can be estimated as follows:

VEEGES = (A TA)ilA TX

where
A1 ES
A=|Ay | and X =| EEGEs
A4,1 EEGiouch

By solving the three models simultaneously we ensure that the estimated Vegge fit the three models.
For model 3, where EEGigych = Az, 1Viorce

The optimal set of basis vectors can be found by solving

. 2
A3,l = arg Ir;nn || EEGoych — A3, lVforce”
3,1

end for

end for

Force and EEGegg training data was used to form an initial set of basis vectors as shown in
figure 4. A set of vectors, Vs called a set of basis vectors if every element in the vector
space can be written as a finite linear combination of the basis vector set in a unique way,
and the elements of the basis vector are linearly independent [57]. We used the Gaussian—
Jordan elimination method to check for linear independence for each set of basis vectors
[58].

Therefore, the initial basis set of vectors for the force data collected can be written as:

Viohe = [V1: V2 V3] (6)

force —

where vq, v, and v3 are the means of the force data trials collected during touching the
smooth, medium rough and rough surfaces respectively, as can be seen in figures Al(a) and

(b). Each basis vector, v, is of size 1 xL, where L is the trial length, and Vggzce is of size 3
XL.

Moreover, the initial basis set of vectors for the EEG collected during the electrical
stimulation experiment can be written as:

0
VI(E]%GES = [vi: V2 v3: vy @)

where V.4 are the means of electrical stimulation trials data corresponding to (low, high
frequency, low and high amplitude) groups. Each basis vector, v, is of size 1 xL, where L is

the trial length, and VSBGES is of size 4 XL.

After creating an initial sets of basis vectors, the circular shift method [59] was used to
find the optimal set of basis vectors for each model that minimizes the fitting error, and
the Gaussian-Jordan elimination method was applied after each shift to check for linear
independence. The values of circular shift were chosen to minimize the overlap between
the signals after applying the shift. The range of values are 50, 25, 12 and 6 ms. After
finding the final optimal sets of basis vectors, the size of each alpha matrix would be as
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follows; Al (MXK7), A2 (MXK7), A3 (NXK3) and A4 (NXK;), where N is the number

of EEG trials during the passive touch study, M is the number of EEG trials during the
electrical stimulation study. Furthermore, K represents the optimal number of basis vectors
for VEgggg and K; represents the optimal number of basis vectors for Vforce. A summary of
the steps of estimating the optimal sets of basis vectors and fitting error calculation is shown
in algorithm 1.

The components of each Alpha matrix, A, are used to form a distribution that represents
each model. Therefore, kernel density estimation method was used to find the probability
distributions of A1, Ay, As, and A4. Kernel density estimation is a non-parametric method
used to estimate the probability density function of a random variable, where inferences
about the population are made, based on a finite data sample [60, 61 ]. A summary of the
steps of estimating the alpha distributions and sampling process is shown in algorithm 2.
Note that the samples from these distributions are also used in this manuscript for five-fold
cross validation and generalization testing.

Algorithm 2.

Alpha distributions estimation and sampling.

for Each model m and Alpha weights A,,, where Output= Avdo

* Kernel density estimation

for Each basis vector v in the basis vector set V, where V' = [Ul; R OF UN]dO
— — —T —
*We have A, = [am’ 153 O i3 -5 O, N] Estimate the probability density function of the values of a, ;

corresponding to the basis vector E; by using the kernel density estimation method.
* For each estimated probability density function, estimate the band width hm corresponding to @y, ;.
* Sampling
for each sample do

—_—
* Randomly sample one value from a, ;: x_’am -
>

* Build a normal distributions ‘/V“m i(”’ o) for ay, ;, where the mean is y = Xa,,, ; @nd the standard

deviation is the band width estimated previously, h—>am 2

* Sample Yay, ; value corresponding to 7,) which is a single sampled value from the estimated distribution
Ng

am, i
* Repeat these steps for all basis vectors 7 in the basis vector set V/to get sample batches of
Af, A3, A3 and A
end for

end for

end for

3.2. Model equations and online update

By using models one, three and four shown in table 1, we can find a relation between the
force profile parameters and electrical stimulation parameters. We know that:
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EEGtouch = A3V Force (3
EEGtouch = A4VEEGES @
Hence,
H3VEorce = A4VEEGES (5)
-1

VEEGES = A4 AsVForce - (6)

Also, we know that
ES = AIVEEGES . ()]

Therefore, we can write the following equation which explains the relation between the
electrical stimulation parameters and the force profile parameters as follows:

-1
ES = AI(A4) A3V Force ®

ES = pVForce 9
where = A;(As) 1 As.

Hence, by knowing the distributions of A;, A3 and A4, which have been generated using
the data we collected previously; we can convert force patterns into electrical stimulation
parameters. Our next step is to close the feedback loop and show how we are going to
use this model in an online setup while adaptively improving the EEG signal elicited by
the electrical stimulation to mimic the EEG signal elicited by touching different textured
surfaces, as shown in figure 5.

By using models one and two, we can write the following relation between the EEG elicited
by electrical stimuli and the electrical stimulation parameters:

EEGgs = Ay(A)"'ES. (10)

So we will start by sampling a batch of samples from A;, Az and A4 distributions using the
method shown in algorithm 2. Then estimate the initial electrical stimulation parameters £5°
using the trained basis vector set V4orce and the sampled data 47, A5 and Aj as follows:

-1
ES® = Af(Ai) Agiorce . an
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Afterwards, we will apply this set of electrical stimuli, £5° and collect EEG data (EEGEg).
The next step is to calculate the error between the newly collected EEG, EEGEs,, and the
EEG data we want to achieve, EEG;q,ch, We calculate the normalized mean squared error as
follows:

Error = || EEGiouch — EEGES||”. (12)

The collected EEG data, £EGgs,, then will be used to update the distribution of A,. Then in
an iterative way, as shown in figure 5, we will follow the following steps:

a. Estimate newly updated ES such that:
-1
ESupdued = (A2pgatea)  EEGrouch- 13)

b. Apply electrical stimulation and collect new EEG data.

C. Calculate the error between the newly collected EEG and EEGgch, if below
certain threshold, then the acquired EEG is similar to the £EGiqch, SO We stop.
If not, update the A, distribution and repeat. By following these steps, we try
to minimizes the difference between the EEG resulting from touching a specific
surface and EEG coming from electrical stimulation.

3.3. Testing and validation

In order to test the validity of the proposed model in generating EEG signal elicited by
the electrical stimulation that mimics the EEG signal elicited by touching different textured
surfaces, we designed an offline validation test using the data we collected previously.

a. The first step in this validation test is to use the trained distributions Az, Ay, A3
and A, corresponding to textured surface /, to sample batch of M samples of A7,

A3, A3 and Aj.

b. Then, we estimate £5° and EEGgg using the trained basis vector set Vfgrce and

the sampled data A7, A3 and A} as follows:

-1
ES’ = Af(Ai) Agiorce (14)
-1
EEGgs = A3(A1)(ES®) . (15)
C. Afterwards, we estimate
EEvaouch = Ag Vforce (16)

and calculate the error as follows:
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2
Error(stepone) = | EEG®iouch — EEGEs]|” . 1

d. The next step is to use the test data EEGqychtest t0 estimate an update for A% and

A} as follows:

A4 = EEGiouch g (Vioree) (18)
A= EEGtouchtest(VEEGEg)_l : 19)
e Then, update the electrical stimulation parameters:
ES" = AY(AY) ™ A foree. 20)
f. Estimate new EEGks, where:
EEGts = A5(A})ES" @1)

where A5 = A%, where this condition will be satisfied when after a number of
iterations at which EEGgg will be similar to EEG;qych.

g. Calculate

Error(steptwo) = || EEGiouchyeq — EEGESHZ. (22)

4. Results and discussion

4.1. Basis vectors and model fitting

Figures Al(a), (b) and A2 in appendix A, show the initial set of vectors for Vegggg and
Viorce: Where the x-axis is the time in milli-second and the y~axis is the amplitude in micro
Volt for Veggeg and Newton for the Vigrce. A set of vectors, Vs called a set of basis
vectors if every element in the vector space can be written as a finite linear combination of
of the the basis vector set in a unique way, and the elements of the basis vector are linearly
independent [57]. The initial set of vectors showed linear independence, but the fitting error
was high. Therefore, a set of circular shifts were applied to each one of the initial sets of
vectors, as shown in figures A3-A5 in appendix A. After each circular shift the number

of basis vectors in the basis vector set increases which improve the signal presentation and
model fitting. The Gaussian-Jordan elimination method was applied on every basis set of
vectors after each circular shift to check for linear independence. The results showed that the
linear independence condition was satisfied after each shift.
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Figures A6—-AS8, in appendix A, show the progress of applying the circular shift on the
fitting of the EEG signals. The x-axis represents the time in milli seconds and the y-axis
represents the signal amplitude in micro Volt. Moreover, the blue line represents the true
signal, where the red line represents the predicted signal. We can notice that after each
increase of the circular shift step, the estimation of the predicted signal gets better. The
initial set was able to capture some of the general behavior of the signals, while the first

set was able to get more better prediction of this general behavior. We can notice that the
second set of basis vectors was able to get a more refined representation of the peaks and
valleys of the EEG signal, but failed to capture the fine details. The third set of basis vectors
showed better representation in terms of the fine responses in the EEG while capturing all
the large transitions. Finally, the fourth set shows the best prediction, where both the true
and predicted signals look identical with very few minor differences. The mean and standard
deviation of the fitting error per each circular shift step can be shown in figures 6 and 7,
where the x-axis is the index of the basis vector set and y-~axis is the normalized root mean
squared error of fitting per each time index. We can see for each model that for each increase
in the circular shift, which reflects the increase in the number of basis vectors, the overall
average fitting error decreases.

Figure 6(a) shows the progress of fitting for the electrical stimulation parameters on the
VEEGEs basis vectors sets, which represents model 1 fitting progress. The fitting of low and
high amplitude electrical stimulation parameters show better results than the high and low
frequency parameters data, where at the end of the fourth circular shift all the data except for
the low frequency data reach around 20% normalized root mean square error. The decrease
in the average normalized root mean square error represents the enhancement in the ability
of the model to represent the electrical stimulation parameters. We performed a one-sided
Wilcoxon statistical rank test to compare the error between (a) low and high amplitude and
(b) high and low-frequency parameters data. The null hypothesis states that the median of
the accuracies of the low and high amplitude electrical stimulation data is not greater than
that of high and low-frequency parameters data. While the alternative hypothesis states that
the median of the accuracies of the low and high amplitude electrical stimulation data is
greater than that of that of high and low-frequency parameters data. The results showed the
rejection of the null hypothesis (equal accuracies) with a statistical significance p-value =
1.0326 x 1074,

The fitting of the EEG induced by the electrical stimulation parameters using the Vegggg
basis vectors sets is shown in figure 6(b), where the fitting error starts between(20%-23%)
with around 8% standard deviation of error, until it reaches (4% + 1%) of normalized root
mean square error of fitting. The monotonic decrease of the average normalized root mean
squared error shows the progress of the enhancement in the model fitting and it is ability to
represent the EEG induced by the electrical stimulation. Similarly for figure 7(a), the fitting
error progress for the EEG induced by touching the three textured surfaces starts with an
average of (19% = 4%) and reaches (5% =+ 1%) at the end of the fourth circular shift. Finally,
figure 7(b) shows the fitting error for the fourth model which starts with an average of (20%
+ 3%) and reaches (4% = 1%) at the end of the fourth circular shift. It can be shown that
the average root mean square error starts to increase after the fourth circular shift, hence,
the chosen basis vector sets shows the optimum number of basis vectors that provide the
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lowest fitting error for all the four models shown in table 1. For the cross validation step, we
applied the chosen optimal set at each fold on the test data set. A sample of the results can
be seen in figure 8, where the blue line represents the true test EEG data and red line is the
predicted EEG data. We can see that the estimated model was able to predict the test data
with very small differences between the true and predicted data. Moreover, the average and
standard deviation of the root mean squared error on the test data as follows, 25+ 8,7 + 3, 8
+2and 5 £ 2.5 for models 1, 2, 3 and 4 respectively.

Model validation

The results of the validation of the proposed model in generating EEG signal elicited

by electrical stimulation that mimics the EEG generated by touching textured surfaces is
shown in figures 9 and 10. Our initial step was to sample a batch of alpha samples, then

use these sampled alphas to generate an initial set of electrical stimulation. After that, we
used equation 10 to find the expected £E£Ggs. Then we use the same sampled patch of

alpha 3 to generate EEGrq,ch. After that, we compare both estimated EEG signals to see
how different the EEG generated by the initial set of electrical stimulation from the EEG
generated from touching textured surface during the initial step. The average normalized
root mean squared error between EEGiq,ch and the predicted signal EEGgs was calculated
on a window based approach is shown in figure 9. The window based approach starts by
dividing the 500 ms signal into 15 equal segments, and the normalized average root mean
square error is calculated within each segment. By doing that we can investigate the error
propagation and distribution across each time segment. We can see that the error at this
initial step is around 25% along the EEG signal for all surface and movement conditions.
The next step is to estimate an update for alpha 3 and 4, and update the electrical stimulation
parameters. By equating alpha 2 and alpha 4 distributions, we assume that £EE£Ggg is now
similar to EEGq,ch- Therefore, the corresponding electrical stimulation parameters can be
used to generate EEG that mimics the EEG generated from touching the textured surfaces.
We can see that the error decreases when both alpha 2 and alpha 4 distributions become
similar, as shown in figure 10. It is worth mentioning that the average of the normalized root
mean squared error between the EEG generated from ((a) smooth, (b) medium rough and (c)
rough) surfaces is around 25% along the EEG signal. The mean and standard deviation of
the error between each pair of data, across participants, (corresponding to EEG (surfaces)) is
shown in figure B1 in appendix B.

Figure 11 shows a sample result of our offline validation, where the blue line represents the
actual collected £EEGq,ch data and the red line represents the predicted £E£Ggg after using
the electrical stimulation parameters generated by our model.

5. Conclusion

In this work, we propose a linear model based on collected EEG data from passive touch
and electrical stimulation studies. This model is able to define the relation between the
contact force profiles generated from touching different textured surfaces and the electrical
stimulation parameters. Our aim is to use the EEG data to provide closed loop feedback,
which enables an online update to the electrical stimulation parameters to achieve EEG
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signals elicited by electrical stimulation similar to the EEG signal generated from touching
surfaces with different levels of roughness. We were able to show that at the initial step of
our model update, we were able to achieve an average error 26% along the EEG signal.
also, our offline validation analysis showed that by iteratively update the model parameters
we would be able to decrease this error to around 7%. By using this model, we would

be able develop electrical stimulation based haptic devices that use electrical stimulation
pulses to mimic texture sensation, which overcomes the limitations of the force based
haptic devices. Our future work is to validate this model in an online setting, by using the
generated electrical stimulation parameters from the proposed model to generate electrical
stimuli that will be applied to the participants while recording EEG. The collected EEG will
be compared against the EEG collected during touching the textured surfaces. Moreover,
participants will be asked to complete a set of questionnaires and surveys (such as presence
questionnaire and immersive tendencies questionnaire) to measure the spatial presence they
feel [62, 63].
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Appendix A.: Basis vectors

Amplitude (¥)

Amplitude (N)

Time (milli wm;wll

—TOTN SATTKE e W ough Surtace —_— Surtface —Smooth Medium rough Rough

(a) (b)

Figure Al.
Force data initial basis vectors set while doing rub (a) and tap (b) movement, where x-axis

is the time in milli-second and y-axis is the amplitude in N. Blue, red and green colors
represent the force generated from touching the smooth, medium rough and rough surfaces,
respectively.
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Figure A2.
EEG electrical stimulation initial basis vectors set where x-axis is the time in milli-second

and y~axis is the amplitude in micro Volt. Blue, orange, grey and yellow colors represent the
low, high frequency, low and high amplitude EEG.
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Figure A3.

Force basis vectors sets generated from force data collected during rub movement, where
x-axis is the time in milli-second and y~axis is the amplitude in N.Rub data.
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Figure A4.
Force basis vectors sets generated from force data collected during tap movement, where

x-axis is the time in milli-second and y~axis is the amplitude in micro Volt.
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Figure AS.

EEG induced by electrical stimulation basis vectors.
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Figure A6.
Four EEG responses induced by electrical stimulation after using each set of basis vectors,

where the red line represents the estimated data and blue line presents the actual data. the
x-axis represent time in milli-second, while the y~axis represent the amplitude in micro-Volt.

J Neural Eng. Author manuscript; available in PMC 2023 March 06.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Eldeeb and Akcakaya

Ampiitude {Micro Vol

Amplitude (Micro Volt)

Amplitude (Micro Violt)

Ampiituge (Micro Volt)

—True
—— Predicled o

]

Amplituge (Micro Vol

i 1] 50 100 150 200 250 300 350 400 450 500 o 50 100 150 200 250 300 350 400 450 500
Time (milll-seconds) Time {milli-seconds)

g

% 02

£ 9

&

=

§ 0.2
04

- 06 " "
'] 50 100 150 200 250 200 350 400 450 500 ] 50 100 150 200 %0 00 350 400 450 500
Time (mill-seconds) Time (milli-seconds)

(a) Second circular shift

—True |
i 06
—Predicted
o5}t E 04
$
g o2
o < o
£
Z-02
05+ g 04
D6
-1 0.8
1] 50 100 150 200 250 300 350 400 450 500 o 50 0o 150 200 250 300 350 400 50 500
Time (milli-seconds) Time (mrill-seconds)

Amphtude (Micro Volt)

[1] 50 100 150 200 250 300 350 400 450 500
Time (milli-seconds)

(b) Third circular shift

Figure A7.
Four EEG responses induced by electrical stimulation after using each set of basis vectors,

where the red line represents the estimated data and blue line presents the actual data. the
x-axis represent time in milli-second, while the y~axis represent the amplitude in micro-Volt.
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Figure A8.
Four EEG responses induced by electrical stimulation after using each set of basis vectors,

where the red line represents the estimated data and blue line presents the actual data. the
x-axis represent time in milli-second, while the y~axis represent the amplitude in micro-Volt.

Appendix B.: Validation and classification results

We calculated the following spectral and temporal features for each trial: the normalized
total power and in the theta (3—6 Hz), mu (7-12 Hz), beta (13-30 Hz) and gamma (>30)
bands. Also, the average EEG amplitude and P300 response, which is a positive change in
the EEG around occipital-parietal recording sites around 300 ms after the stimuli. These
features were standardized and concatenated to form a feature vector that was used in
classification. We trained two three-class SVM classifiers. The first to classify the EEG
generated during the touch experiment from the three surfaces, while the second is to
distinguish between the EEG generated from the proposed model corresponding to touching
each surface. In other words, the three classes for the first classifier are: (a) EEG generated
from touching the smooth surface, (b) EEG generated from touching the medium rough
surface, (c) EEG generated from touching the rough surface). While the three classes for the
second classifier as follows: (a) EEG generated from the proposed model corresponding to
touching the smooth surface, (b) EEG generated from the proposed model corresponding

to touching the medium rough surface, (c) EEG generated from the proposed model
corresponding to touching the rough surface). Three 2-class SVM classifiers were trained to
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classify between (a) EEG generated from touching the smooth surface and EEG generated
from the proposed model corresponding to touching the smooth surface, (b) EEG generated
from touching the medium rough surface and EEG generated from the proposed model
corresponding to touching the medium rough surface, (c) EEG generated from touching the
rough surface and EEG generated from the proposed model corresponding to touching the
rough surface. The results were averaged across participants, and tables B1 and B2 show
the mean and standard deviation of the accuracy across participants. It can be seen that the
classification accuracy for the three class classifiers is above (80%), which means that these
EEG signals are significantly different (chance level around 30%). While for the two class
classification problems the average accuracies are around 48% which is around the chance
level values. This means that the generated EEG and the actual EEG are similar for each
surface condition.

_~

2 3 4 5 6 7 8 9 10 11 12 13
Window Index

=—=Smooth - medium rough  ===Smooth - Rough Medium rough - Rough

FigureB1.
The blue line shows the error between the (smooth and medium rough) EEG responses, the

orange line shows the error between the (smooth and rough) EEG responses, while the grey
line shows the error between the (rough and medium rough) EEG responses. The x-axis
represents the window index, and the y~axis represents the normalized root mean squared
error within each window.
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Table B1.

The median and standard deviation of the average accuracy across participants (%).

3-classclassifiers Class 1 (smooth) Class2 (medium rough) Class 3 (rough)

Classifier 1 (Actual EEG) 82+5 83+4 83+2

Classifier 2 (Generated EEG) 81+3 82+3 82+3
Table B2.

The median and standard deviation of the average accuracy across participants (%).

EEG (actual smooth) EEG (actual medium rough) EEG (actual rough)

VS VS 'S

EEG (generated smooth) EEG (generated medium rough) EEG (generated rough)

487 47+5 49+6
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Figure 1.
The passive touch study, where (a) the red rectangle showing the force transducer mounted

on the robot moving arm. (b) The medium-rough surface mounted on top of the force
transducer. (c) The robot’s moving arm tapping the participant’s finger tip with the medium-
rough surface.
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Figure 2.
Experimental setup showing the participant getting ready for the experiment by wearing

the EEG cap, while the electrical stimulation electrodes placed on the fingertip and wrist
connected to the electrical stimulation device.

J Neural Eng. Author manuscript; available in PMC 2023 March 06.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Eldeeb and Akcakaya Page 29

EEGoycn data

Optimal basis vector
sets estimation
(algorithm 1)

Initial basis vector
sets VEEG;; ’ V,force

Optimal basis vector
sets VE.EG;; B Vfarce

(EEGgs , Averaging
Force) Data across trials

e . e [ e e ~ +
Force to ES model and

I |

I | EEGtES Chased. op 1| initial EEG to ES Alpha (1,23 and Alpha U235 wn )

I | model update macel g qad | model parameters 4) distributions dlSlﬁbUllOn‘S Sematian

validation S (algorithm 2)
I 1 estimation
N i S e ’ - i
Offline and online model v
validation/testing and update steps R e e e e M e o 1
| Alpha 1, 3 and 4 --> Force to ES model
l Alpha 1 and 2 --> EEG to ES model
Figure 3.

EEG guided electrical stimulation parameters generation from texture force profiles model’s
flow diagram. The oval shapes represent the input/output data and the rectangular shapes
represent the operation done on the data.
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Figure 4.
Basis vectors initial set illustration. The left hand side shows the trials of the force data

averaged per each class (smooth in green, medium rough in red and rough in blue color).
The results of each averaging operation is shown (mean + SD) at each time index. The three
averaged vectors is then concatenated to form the matrix V(force).
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Schematic diagram showing the adaptively iterative method to update the electrical

stimulation parameters guided by EEG data.
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Figure 6.
The mean and SD of the normalized RMSE for each set of basis vectors for model 1 (a) and

model 2 (b) across the eleven participants, where x-axis is the index of the basis vector set
and y~axis is normalized root mean square error of fitting (%).
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Figure 7.
The mean and SD of the normalized RMSE for each set of basis vectors for model 3 (a) and

model 4 (b) across the eleven participants, where x-axis is the index of the basis vector set
and y~axis is normalized root mean square error of fitting (%).
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Four samples of the EEG (touch) test data after applying the optimal set of basis vectors for
model 3, where the red line represents the estimated, after fitting, EEG (touch) data and blue
line presents the actual EEG (touch) data. The x-axis represent time in milli-second, while

the y~axis represent the amplitude in micro-\Volt.
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Figure.
The mean and standard deviation of the normalized root mean squared error for validation

step one.
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Figure 10.
The mean and standard deviation of the normalized root mean squared error for validation

step two.
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Figure11.
Two samples of the EEG (touch) data, where the red line represents the predicted EEG that

has been generated by the proposed model and blue line presents the actual EEG (touch)
data. The x-axis represent time in milli-second, while the y~axis represent the amplitude in
\olt.
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Table 1.

Models and alpha notations.

Alpha Model equation

1 ES= A VEEGes

2 EEGEs = Ay VEEGes

3 EEGiouch = A3 Viorce
4 EEGioych = As VEEGES

J Neural Eng. Author manuscript; available in PMC 2023 March 06.

Page 38



	Abstract
	Introduction
	Experimental study design
	Participants
	EEG data acquisition
	Passive touch study
	Tactile stimuli
	Data acquisition
	Experimental setup

	Electrical stimulation study
	Electrode location
	Data acquisition


	Methods
	Model parameters

	Algorithm 1.
	Algorithm 2.
	Model equations and online update
	Testing and validation

	Results and discussion
	Basis vectors and model fitting
	Model validation

	Conclusion
	Basis vectors
	Validation and classification results
	Table B1.
	Table B2.
	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Figure 5.
	Figure 6.
	Figure 7.
	Figure 8.
	Figure 9.
	Figure 10.
	Figure 11.
	Table 1.

