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Abstract: The purpose of this research is to be able to fully control a robot’s movement from a user’s thought and
movement. The OpenBCI (OpenlISource Brain Computing Interface) is applied that allow for electronic
communication from different parts of the human body. In the case of this implementation, the source will be the
brain. The acquisition comes in the form of an electroencephalogram or EEG which will output an electric signal
from specific nodes touching the brain. These signals come in numeric form which will be used to train a neural
network which will be able to distinguish between a user’s thoughts and hand movements.
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1. Introduction

Brain-Computer Interface has been extensively
used in various aspects of industry, healthcare, and
social life [1-7]. In the area of Brain-Robot Interface,
scholars also conducted explorations in theory and
practices [8-12]. In the area of brain-interface design,
scholars explored the applications in telepresence,
care of spinal cord injury, and remote robot arm
[13-15]. For this research, the goal is to be able to
control a light-weight legged robot with thought by
using electroencephalogram (EEG) signal pulses).
Specific directional thoughts and arm movements will
be the main measurement and deliverable of the data
extraction.

There will be a variety of software and hardware
used to compile and interpret the data. In terms of
hardware, the OpenBCI Ultracortex Mark IV Helmet
fits onto a user's head and comes attached with 8 nodes
to extract the EEG signals from the brain. On top of
this, the OpenBCI Cyton Board is attached to the
helmet and all the nodes are routed to the pins on the
board. The artificial intelligence algorithms that will
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applied to interpret the data from the Cyton board. A
graphic user interface will be developed that can
control the robot and will be equipped with the
algorithm to make predictions. Ideally, the user will
think of a direction and the robot will direct itself to it
by turning its motors forward and backward.

2. System Design

2.1. Original Design

The hands-free human-to-machine interface using
EEG signals and a small-scale mobile robot are
developed in this research. The objective was to prove
and test the performance and reliability of EEG signals
as a method of hands-free machine operation.

The project is a bold step into uncharted territory.
It is data intensive and relies heavily on
approximations of brain activity gathered through an
8-channel EEG signal headset. The research entails a
real-time, practical application of data processing,
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translation, and machine actuation. Video information
will be sent to the user so that they may effectively
steer the robot without having the robot in their line of
sight. Using the video input from a camera some
ambiguity around control will be clarified as the user
will only have to worry about left, right, forward, and
backward from the vehicle’s front perspective.

The headset has 8 nodes which are the components
used to collect EEG data for our models. The Cyton
board is also capable of collecting data acceleration
data which refers to the position of the headset in
regard to the X, y and z planes. The GUI is what we
use to ensure that all the nodes of the headset are
working correctly before we collect our data samples.

The data collection has some inconsistencies as the
connection between the dongle and Cyton board can
have some issues. This leads to a differing number of
rows for the total amount of data collected within the
same time range. A 5 second data sample can range
between anywhere from 900 to 1200 rows of EEG
signals. To call the program, we must pass through 2
parameters which are the board ID and serial port. The
board id indicates which OpenBCI board we are using
and, in our case, the Cyton board with 8 channels is ID
0 and the serial port just depends on the computer.

We collected a total of 104 data samples for each
thought category with a total of 312 samples collected
in total. The data collection is stored in NumPy arrays
and is based on time connections with the board which
leads to some inconsistencies which is why we
collected data for 5 seconds but sliced the data to
ensure all the data samples are the same size with the
8 channels of EEG signals and 700 rows of signal data.
One thing to keep in mind is that the samples for the
left thought were collected all in one session and the
right and other thoughts were collected all in another
session. This could cause the data to be less accurate
as each session the headset tends to perform
differently.

All the collected data is appended into a single
NumPy array and separated by a label that indicates
which action it is associated with. The left thought is
labeled with a [1,0,0], none is labeled with [0,1,0] and
right is labeled with [0,0,1]. This NumPy is shuffled to
help the model learn better later and the features -
NumPy array of sample and labels - the action
thoughts are stored in their own separate variables X
and y. The data is reshaped just in case, however they
were already reshaped before during the collection
process and saved so it can be passed into the
convolutional neural networks model later.

Our initial design consisted of us collecting data
samples for 3 thought intentions and trying to train a
convolutional neural network to test if it was possible
to have a model predict our intentions.

2.2. Evolved Design

Our original idea was to use a RC car to
demonstrate our machine learning model’s predicted
outcome but have now moved to using a more

complicated robot. We are currently on our improved
design that works well. The bot uses 8 servos in total,
4 for legs and 4 for hips. Using a HC-06 Bluetooth
module, it could receive data from python and takes
those commands to perform a corresponding action
matching to one of the five thought actions we are
trying to predict. Fig. 1 shows the prototype of the
light-weight legged robot.
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Fig. 1. Light-weight legged robot.

Formerly, only three directional intentions were
sampled for about 5 seconds. Then the instances were
trimmed and packaged so that the data would be more
uniformed, and they were approximately about
3 seconds worth per instance; each instance represents
a single data collection run for a particular directional
intention stored in a 2-dimensional NumPy array
(700 rows by 8 columns). The adapted data collection
method sampled directional intentions  for
5 commands: Forward, Right, Backward, Left, and
Other — the do-nothing command.

During data collection, the subject remained
completely still. This was to minimize noise and
artifacts in the samples as much as possible. No
arbitrary tasks were performed, and the subject was
seated through each sampling period. During the
sampling runs, the subject chanted the directional
intention in their minds (Left, Left, ... etc.), while
picturing a left directional icon, through the duration
of the sampling period.

In retrospect, this was not the most verifiable
method of data collection but at the time minimizing
noise and staying true to the objective — not relying on
any other signal except EEG — was paramount. Any
hand movement, or eye movement that was not filtered
out would have contaminated our samples and
disrupted our goals.

3. Implementation of Al Approaches

From our initial design to test our concepts, we had
collected data for 3 thoughts (left, right and other) to
train a convolutional neural network to predict our
thoughts. We have now changed from 3 thoughts to 5
(backwards, forward, left, right and other), each with
150 samples of collected data. In addition to changing
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the number of thought samples, we have also changed
our approach to how the samples were collected. This
time around, the samples were collected over
15 different sessions and in each session, 10 samples
of each thought were taken. This should give us a
better dataset to train and validate our models. We
have also branched out to explore more models in
addition to the convolutional neural network such as
random forest, support vector machine, extreme
gradient boost (XGBoost), backpropagation, Naive
Bayes and k-nearest neighbor. The training and testing
datasets we have setup are the same for all the models
except for the convolutional neural network.
Convolutional neural networks do feature learning
first on the data before it is flattened into a 1D array
while other models will only need the data in its
flattened form to train and test. For these models, we
are still tuning parameters and adjusting our data to
further optimize our model accuracies. We will also
try to branch out into exploring unsupervised learning
methods such as k-means clustering.

Fig. 2 shows the normalized confusion matrix of
the convolutional neural network. The diagonal shows
evidence of fair-good generalization on ‘unseen’ data.
The worst performing class is Left, hinted at from the
low ratio in confirmation with the prediction. A
significant amount of the time left is misclassified as
right. This is more evident in the absolute confusion
matrix where those mistakes are emphasized.

Normalized Confusion Matrix
ConvNet

-0.8

Backward

-0.7

Forward

Expected Labels
Other Left

Right

Backward  Forward Left Other Right

Predicted Labels

Fig. 2. Conv-net normalized confusion matrix.

Fig. 3 is the absolute confusion matrix which
emphasizes the misclassifications by blanking out the
diagonal (representing recall). This allows the scale to
adjust and provide more emphasis to the discrepant
misclassifications. Notice that both Left is
misclassified as Right, and Backward is misclassified
as Forward almost a fifth of the time.
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Fig. 3. Conv-net absolute confusion matrix.

The normalized confusion matrix for the support
vector machine algorithm is attached below (Fig. 4). It
performs slightly better in comparison to
convolutional neural networks. The diagonal is clear,
this is evidence of confident recall.

Similar analysis of the absolute matrix below
(Fig. 5), highlights Forward - Backward and Left —
Right misclassifications. These are the mistakes this
particular SVM algorithm is likely to make in
a live run.

XGBoost was evolved from decision tree. The
XGBoost confusion matrix shows fair recall (see
Fig. 6). This is represented by the fuzzy valued
diagonal bordering on the percentages 78-90 %.
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Support Vector Machine
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Expected Labels
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Other

Right

Backward Forward Left Other Right

Predicted Labels

Fig. 4. SVM classifier: normalized confusion matrix.
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The XGBoost algorithm is likely to make Forward
- Right misclassification mistakes during live runs.
There are also other common misclassifications this
algorithm would be prone to, as shown in Fig. 7.

The Normalized confusion matrix for the
K-Nearest Neighbour (KNN) algorithm is attached
below (as shown in Fig. 8). Notice that the diagonals
are sharp. This model performs very similarly to
the SVM.

The absolute confusion matrix blanks out the
diagonal to emphasize the models’ common mistakes.
This model’s most common is misclassifying
Backward as Forward, as shown in Fig. 9.

Absolute Confusion Matrix
Support Vector Machine

Backward

- 0.10

Expected Labels
Other Left Forward

Right

Backward  Forward Left Other Right

Predicted Labels

Fig. 5. SVM classifier: absolute confusion matrix.

Absolute Confusion Matrix
XGBoost

-0.200

Backward

-0.175

Expected Labels
Other Left Forward

Right

Backward Forward Left Cther Right

Predicted Labels

Fig. 7. XGBoost: Absolute Confusion Matrix.

The random forest algorithm, our best performing
algorithm thus far, boasts the clearest diagonal. It is
close to zero values for misclassifications, as shown
in Fig. 10.

In the absolute confusion matrix, by blocking out
the diagonal, and resetting the color scale the common
mistakes are emphasized. This model is prone to
misclassifying Forward as Backward, and Right as
Other. Those are the most common mistakes to expect
using the model live (see Fig. 11). From the
classification report as shown in Fig. 12, it is found
that the overall performance of Random Forest
is great.

Normalized Confusion Matrix
XGBoost

-0.9

-0.8

Backward
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Fig. 6. XGBoost: normalized confusion matrix.
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Fig. 8. KNN: normalized confusion matrix.

33



Sensors & Transducers, Vol. 257, Issue 3, May 2022, pp. 30-37

Absolute Confusion Matrix
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Fig. 9. KNN: absolute normalized confusion matrix.
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Fig. 10. Random Forest: normalized confusion matrix.

Absolute Confusion Matrix
Random Forest
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Fig. 11. Random Forest: absolute normalized confusion matrix.

precision recall fl-score support

] 0.92 0.98 0.95 60

1 9.98 0.92 0.95 60

2 0.95 9.97 9.96 60

3 0.92 0.95 0.93 60

4 0.93 0.88 0.91 60

accuracy 0.94 300
macro avg 0.94 0.94 0.94 300
weighted avg 0.94 0.94 0.94 300

Fig. 12. Random Forest: classification report.

Fig. 13 below shows the confusion matrix of the
naive Bayes algorithm. Notice, unlike the other
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models tested it does not show a clear diagonal. This
means that the recall is poor. It also makes a mess of
classifying the test set appropriately; significant
rations of the set are badly mistaken for each other.
More staggering is evidence of anti-Right behaviour,
the model seems to avoid predicting any of the
instances as Right. Right is the last label, the team
suspects this has something to do with this oddity.

Fig. 14 below shows the absolute confusion matrix
of the Gaussian Naive Bayes algorithm. This model
makes by far the most mistakes in misclassification.
Notice that the model misclassified Backward as
Forward more than half of the time. Right as Other just
less than half of the time.
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Normalized Confusion Matrix
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g. 13. Naive Bayes: normalized confusion matrix.
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Fig. 14. Naive Bayes: Absolute Normalized
Confusion Matrix.

4. Discussion of Al Implementations

Fig. 15 shows the F1 scores of all the models
evaluated thus far. The best performing is the Random
Forest algorithm, in theory it performs very well on
‘unseen’ data and has a very impressive confusion
matrix. The support vector machine and k-nearest
neighbor algorithms perform similar well, both tied at
approximately 84 % in theory. The convolutional
neural network and XGBoost are fairly good.

However, notice how the Naive Bayes
significantly underperformed relative to the pack. This
is not to say that it is a horrible algorithm or model,
rather it goes to show it is simply not suitable for our

application. The model just does not lend itself to
situations where features intercorrelate significantly.

B F1 Sco
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Fig. 15. F1 score comparison plot.

As these models mentioned above provided results
in terms of their F1 scores, they did not perform well
when it came to using them to predict actions in a live
setting. This could be attributed to many factors such
as the models being overfit, the time gap between
taking values and testing, and absence of data filtering.
From this, we looked at more research conducted with
processing EEG data and found examples of using a
low-pass filter such as a rolling average filter to
smooth out the data as well as subsampling to help
process the data first. So, we implemented a rolling
average and subsampling, both individually and in
combination with each other and then used that new
data in our models.

With the Data being filtered, we used the new
datasets (including datasets where only rolling average
was used, only subsample, and a combination of both)
to train our models and did not get any good results
from it. Since we were looking more for a proof of
concept that applying this would help, we conducted
the testing on the KNN model as the validation check
was faster than other models. We tried various number
of values for the rolling average on the KNN model
for faster results and were able to see that if the rolling
average was greater than 5, the model tended to
perform poorly as shown in Fig. 16.

However, even with the rolling average of 5
performing well on its own and with subsampling,
when it came to testing with live data, the model was
overfitting and unable to predict the thoughts, as
shown in Fig. 17. This again could be affected by the
time gap between the data collection period and the
testing period, or it just was not enough to significantly
help clean the data.

Training the Convolutional Neural Network with
our new dataset gave us mediocre but better than
random validation values. The validation accuracy
peaked at about 40% and our validation AUC score
peaked at about 67%. If we look at these values with a
fresh point of view, these values show good potential
for the model to predict the different thought actions
at a decent rate. From Fig. 18, we can see the training
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and test sets of data start to separate roughly around
10 epochs which is generally when you’d want to stop
training the model, but we based our model on the
validation AUC score and stopped training once it
reached a peak score and the next five scores all are
less than the peak. The confusion matrix shows us that
the model performed relatively well when it came to
predicting backward, forward, and right but struggled
with the left action thought. With more tuning, it could
be improved but this shows a lot of potential in
performing well.
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Fig. 16. KNN Search with various parameters
for preprocessing.
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Fig. 17. KNN model search with rolling average of 5
and subsampling of 10 on the data.
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Fig. 18. On the left we have the CNN accuracy vs epoch
and on the right, is the validation AUC score vs epoch.

5. Conclusions

The objective of this research was to develop a
brain computer interface that would translate EEG
signals into directional commands to action a mobile
robot in real time. Although the model can distinguish
directional commands based on incoming EEG signals
it is far from perfect and quite inconsistent, for that
reason a GUI which supported both handsfree and
remote-controlled modes was developed in parallel.
For practical applications of brain computer
interfacing, although the project is at its end, there is
still room for improvement. It is important to keep in
mind that it may be better to test and train the models
within the same headset streaming session rather than
having to restart the headset streaming which can
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interfere with some of the early sections of the data.
Either that or, to train and test a model within a shorter
time span as gaps between these two events have
proved to be a major factor in the overall accuracy of
the models.
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