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Abstract

In recent years, brain-computer interface (BCI) systems based on steady-state visual evoked potentials (SSVEP)
have attracted attention due to their high information transfer rate (ITR) and more and more targets. The current
mainstream algorithms for SSVEP recognition have greatly improved the accuracy and target detection time. This
paper designs a robotic arm application system based on the eCCA-Y method for multi-target recognition. The
phase characteristics of CCA's sine and cosine signals are added to the EEG signal. Compared with mainstream
algorithms, research shows that this method can improve the SSVEP-based BCI performance. And choose a
six-degree-of-freedom manipulator as the actuator of the brain-computer interface, and use a phase-encoded
stimulation paradigm for multi-target recognition to conduct experiments on the application of the proposed

method.
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1. Introduction

Patients suffering from diseases such as muscular
dystrophy and spinal injury have physical disabilities but
normal brain functions, but they cannot interact with the
outside world like normal people. Therefore, an output
channel can be created directly by the brain to the
external environment, without communicating through
peripheral nerves and muscle tissues 2. Brain-computer
interface technology is booming and can meet this
demand. The brain signals issue commands to directly
control external devices, so that patients can restore their
body functions and live like normal people.

In the research of brain-computer interface, the feature
extraction algorithm of EEG signal is to find a suitable
spatial filter, and get the weight vector through projection
and linear combination. Zhang et.al proposed the

multi-channel CCA 3. Wong et al. proposed eCCA *4,
Masaki et al. introduced the task-related component
analysis (TRCA) method to SSVEP identification °.

We found that no phase information is seen in the sine
and cosine reference signal, that is, there is no trace of
phase information in the constructed fitting signal, so an
algorithm based on eCCA (eCCA-Y) %, in the SSVEP
stimulation paradigm is proposed. The phase is added to
the reference signal, and the phase of the reference signal
is obtained by optimizing the parameters. Compared with
the existing two mainstream algorithms, the recognition
rate and ITR have a certain improvement.

In terms of application research, the EEG signal is used
to control the robotic arm equipment to verify the
effectiveness of the algorithm, complete the
communication establishment of the two subsystems, and
the EEG signal instructions are converted into motion
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control instructions for controlling the end effector of the
robotic arm.

2. Application of EEG Signal Recognition Based
on SSVEP-BCI System

According to the experimental intent of the stimulus
paradigm and the current position of the robotic arm, the
participants feedback and select the control instructions
of the experimental paradigm. At the same time, the EEG
acquisition equipment performs a series of processing
(preprocessing,  feature  extraction and  feature
recognition). Map the recognized instructions to the
actual robotic arm commands, and the robotic arm
executes actions according to the received instructions.
As shown in Fig.1, it mainly consists of four parts:
EEG signal acquisition module, signal decoding module,
human-computer
output module.
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Fig.1 Application flow chart based on SSVEP-BCI system
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3. Experiment

3.1. Experimental paradigm

The EEG acquisition system based on SSVEP-BCI
compiles some inherent actions of the robotic arm
through MATLAB's PSYCHTOOLBOX (PTB) toolbox
to form a specific stimulation paradigm. The stimulus
paradigm formed at the end of this experiment is shown
in Fig.2.
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Fig.2 Manipulator stimulation paradigm based on
SSVEP-BCI control

3.2. The experimental data

The data set collected SSVEP-BCI records of 5 healthy
subjects (4 males and 1 female), the average age of the
subjects was 24 years old. Before starting, the two
subjects who have been tested before will be trained with
data. For each subject, a total of 5 blocks were performed,
each with 11 targets. The stimulation paradigm has been
shown in Fig.2.

The multi-target recognition sinusoidal coding method
was used to accurately generate 11 stimulation
frequencies on the LCD display. Just as shown in Fig.2,
the location of the eleven targets on the screen
stimulation frequency corresponds to 9Hz, 9.25Hz, 9.5Hz,
9.75Hz, 10.25Hz, 10.5Hz, 10.75Hz, 11Hz, 11.25Hz,
11.5Hz and 11.75Hz.

Traverse 11 targets in turn, each target stimulus is 5s
(including stimulus prompt 0.5s, stimulus flashing 4.5s).
Participants try to avoid blinking each time the stimulus
target blinks. Each time the stimulus target blinks, the
subjects try their best to avoid blinking, so after the end
of each group of experiments rest for 2-3 minutes in
between. The experimental arrangement of the test data is
shown in Fig.3.

0.5s 4.5s
Iz

riall

4.5s 0.5s 0.5s 4.5

11.75Hz

Fig.3 Experimental arrangement of test data

3.3. Data preprocessing

Preprocess the collected EEG data in the EEGLAB
toolbox of MATLAB software, extract 8 channels (Pz,
PO3, POz, PO4, PO6, O1, Oz, and O2), and get the brain
electrical three-dimensional data (channel*points*trial).

In order to make the collected EEG data more
convincing in the subsequent feature extraction and
analysis process, the number of the experimental groups
(block) is  merged into the  preprocessed
three-dimensional EEG data and thus obtain the
four-dimensional data  (channel*points*trial*block).
Down sampling is performed from 1000Hz to 250Hz, and
each trial contains 3000 sampling points, which forms
8*750*11*5 EEG data.

4. Feature extraction
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When the subjects are training data, they can obtain three

kinds of multi-channel signals:

1. Testdata X(t) € RNc*NsxNe

2. The average signal of the subject's training data
XAkNCxNS

3. Constructed sine and cosine reference signal Yz

Among them, N., Ns, N represent channel, points,
and test set trial respectively. Any two signals can be
used to calculate a spatial filter based on CCA.

Chen et al.” combined the CCA system with the
Pearson correlation coefficient of the test training data of
the subjects and proposed a method to extend CCA. Only
three spatial filter forms are taken, namely:

1. Test data and  average training  data
Wy (XX ), Wy, (XXy)

2. Test data and reference signal Wy (X Yfk)

3. Average training data and
signal W;(k()?kak)

According to the above three spatial filters, four
correlation coefficient combinations as in formula (1) are
selected:

reference

) p(XTWX (XY./k ), YT'WY/k (XY/" )
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The correlation coefficient is fused to obtain the
correlation coefficient at the k-th stimulus frequency, and
then the classification can be completed by selecting the
largest correlation coefficient. The principle analysis
diagram is shown in Fig.4.
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Fig.4 eCCA-Y schematic diagram

Research on Recognition and

The reference signal is:
sin2z f,t+6,)
cos(2z fit+6,) 2)

T

Y/Mk = :
sin(2zN, f,t+N,6,)
cos(2zN, f;t+N,6,)

According to the experimental intent, the stimulus
paradigm designed by the researcher determines the size
of 8, as expressed by formula (3):

0, =0, + AOx[ (k, ~1)x5+(k, - 1) ] (3)

Among them, k, and k, represent the row and
indices of the wvisual stimulation matrix,
respectively. 8, represents the initial phase, and A8
represents the phase interval.

column

5. Research on Application of Manipulator Based
on SSVEP-BCI

The robotic arm application based on SSVEP-BCI is
composed of two systems, namely the BCI EEG
acquisition system and the robotic system. The BCI
subsystem and the robot subsystem communicate through
the UDP protocol. The BCI subsystem is composed of a
wireless EEG acquisition system, LCD display and online
processing of EEG data.

The EEG acquisition equipment is responsible for
converting the recorded EEG signals into digital signals
through AD, and through online real-time processing
(feature extraction and conversion algorithms) to generate
control instructions that can be recognized by the robotic
arm. The reason for joining the application of robotic arm
in this article is to study whether the robotic arm can
provide convenience for the disabled and solve the simple
grasping movements necessary in life.

The steps of the application design in this article are: (1)
collect the subject’s EEG data and record it as the
subject’s EEG intent, (2) perform data processing and
analysis on the saved data in the MATLAB software, (3)
and finally convert it into the control command of the
robotic arm and send it to the controller.

In this experiment, the EEG data of 5 students in
school was collected, feature extraction and recognition
and classification were performed, and finally it was
transformed into instructions that can control the robotic
arm and sent to the robotic arm controller.
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This experiment analyzes the data of 5 subjects. The
number of harmonics is 2 and the data length is 750
sampling points to compare the classification effects of
the two algorithms eCCA and eCCA-Y, as shown in
Fig.5.
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Fig.5 eCCA-Y schematic diagram

It can be seen from Fig.5(a) that the optimized
eCCA-Y algorithm this paper has improved
recognition rate. Among them, S5 has the same accuracy
rate for the two algorithms, and the recognition rate of S3
is relative to the other four. The test is low, S2 subjects
have the largest difference in recognition rates between
the two algorithms. In terms of ITR, as shown in Fig.5(b),
the eCCA-Y algorithm is also improved, and S5 also
shows the same effect as the recognition accuracy. The
two algorithms are the same in terms of ITR. In addition,
S4 subjects have the largest difference in ITR for the two
algorithms.

in

6. Conclusion

Based on the SSVEP-BCI system to carry out application
research experiments on the robotic arm, a multi-target
recognition stimulus paradigm for the robotic arm is
designed. The UDP protocol is used to realize the
communication between the robotic arm and the
brain-computer interface system. It is added at different
frequencies. Different phases simplified the control
method, refined the control of the robotic arm movement,
and weakened its complexity.

Two feature recognition algorithms, eCCA and
eCCA-Y, are used to process data, verifying the robotic
arm and the brain-computer interface. The application
realizes the interactive control of the robotic arm, and
adds a stroke to the feature processing algorithm, which
provides experience for the development of the BCI
system.
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