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ABSTRACT. In the recent years, deep learning has been widely implemented for robotics
applications. However, a main issue that remains to be solved especially for intelligent
robot implementations is the limited number of training data. In this paper, we propose
a transfer learning-based method to overcome this issue. To verify the performance of the
proposed algorithm, we implemented the transfer learning in Convolution Neural Net-
works (CNNs) that maps the human brain signals into motor movements and its impact
on window size is studied. The focus of this work is to investigate the effect of trans-
fer learning in CNNs for subjects performing similar Brain Machine Interface (BMI)
tasks. The results are promising in terms of improving the recognition rate of CNNs.
The trained CNNs are also implemented to map in real time the brain signals to the
humanoid robot arm motion.

Keywords: Brain Machine Interface (BMI), EEG, Motor execution, Convolutional neu-
ral networks, Transfer learning, Classification

1. Introduction. The goal of Brain Machine Interface (BMI) systems is to enable hu-
mans to interact with computers or machines by using the brain activity [1,2]. BMI
systems capture the user brain activity and translate it to a message or command for
certain interactive applications. Systems that make use of BMIs paradigms permit the
disabled and elderly people to control wheelchairs, home appliances and robots. Another
application is to write sentences and move the cursor on the screen by using brain signals,
playing video games, creating arts, etc. Brain-computer interfaces are also researched on
stroke rehabilitation, and real-time health monitoring [3].

In the recent years, the research literature on BMI systems shifted to implementing
deep learning models to map the brain signals into the desired command [1]. In addition,
deep learning has shown good performance in robotics applications [4-6]. Eliminating one
or more of intermediate processing steps, such as preprocessing, feature extraction and
classification is one of the advantages of applying deep learning in BMI/BCI systems.
There are two ways to implement CNNs on BMI/BCI systems. In the first method, the
raw EEG (electroencephalography) data are directly fed into the CNN [7,8]. The second
implementation is to use the CNN only as a classifier, and employ other algorithms for
the feature extraction, such as Short-Time Fourier Transform (STEFT) [9], or Common
Spatial Patterns (CSP) [10] and more advanced versions of it, like Filter Bank Common
Spatial Pattern (FBCSP) [11].
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Transfer learning has been used in non deep learning classification methods for motor
imagery. In [12] an integration of kernel common spartial patterns and transfer kernel
learning for motor imagery classification was proposed. Transfer kernel learning is first
used to compute a domain-invariant kernel, and then the kernel common special patterns
to find the components with the largest energy difference. Other examples of transfer
leaning in non deep learning approach include [13-16]. Transfer learning in deep learning
architectures has recently been studied in several studies. In [17] transfer learning based
on convolutional neural networks was implemented on the BCI competition IV dataset 2b.
The Kappa coefficient was increased by 0.06 due to transfer learning. Transfer learning
has also been used on P300 system [18]. In [19] a time frequency spectrogram was fed on
the deep learning architecture.

Motor imagery and motor execution are two of the methods that are used to map the
EEG signals into external robotic or computer application. Motor imagery is a dynamic
state during which the subjects imagine the performing of an action [20]. In motor
execution applications, the subject performs actual movements (for example, moving arms
and legs), or other daily life activities. The motor cortex is the part of the brain where
the brain signals for limb motions originate [2]. Several studies have compared motor
imagery with motor execution [21]. In both paradigms, the brain signals have patterns
which can be used for classification.

Attempts to associate the movements of the limbs to brain signals began in 1960s by
studying the cerebral cortex of the monkeys [22]. It was shown that certain tasks, such
as arm and wrist movements, caused a particular change on the brain signals of the
monkeys. Classification of human wrist movements was studies in [23]. In [24], it was
shown that it is possible to calculate the direction of the arm movement of monkeys in a
three-dimensional environment by using a mathematical formulation of EEG data. Similar
studies involving humans have also been published. For example, in [25,26] a robotic arm
was controlled by brain signals generated by microelectrodes inserted in the motor cortex
area corresponding to hand movements. These studies on animals and humas, clearly
show a correlation between the brain activity and arm movements.

Previous research works are focused on mapping the brain signals to a particular hand
movement. Three main hand movements categories are movements that do not involve
any object (intransitives); movements in which the action is directed towards the use
of a single object (transitives); and movements in which an intermediate object is used
to move the final object (tool-mediated) [27-30]. Deep learning has also been utilized
to classify arm movements [31,32]. In [33], authors study the decoding of Activities of
Daily Life (ADL), through a BCI (Brain-Computer Interface) system. The study showed
the feasibility of using a task-based approach to control an external robotic application.
In [34], the authors investigated the use of delta oscillations for decoding directional
information of a single limb joint.

In difference from previous works [35-38], we investigate the impact of CNN architec-
ture based transfer learning on different window sizes. This is done in order to investigate
the possibility of shortening the latency to improve the performance of BMI systems. In
BMI implementations, the dataset is small. Therefore, it will be interesting to investigate
the possibility to utilize transfer learning to train faster new CNNs for BMI implementa-
tions. In this work, we trained CNNs and implemented transfer learning for arm motion
execution tasks. In addition, the trained CNNs are utilized to map in real time the users
brain signals into the humanoid robot arm motion.

The rest of the paper is organized as follows. Section 2 discusses the proposed transfer
learning method. We explain the structure of CNN, the transfer learning paradigm, and
the method of data augmentation. In Section 3, we describe the device used for recording,
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methodology and other technical aspects in extracting the EEG data. Section 4 presents
the results of the CNNs and the real robot implementation. Section 5 concludes the paper
and gives the future work directions.

2. Proposed Method. The CNN architecture for the transfer learning implementation
is shown in Figure 1. The convolutional neural network is used both as feature extractor
and classifier. The basic idea is to initially train a CNN1 for a specific task, and then, to
train a new CNN2 for another similar task by utilizing what has been learned in CNNT1.

Trainable

Non-trainable during
Transfer Learning

FIGURE 1. CNN architecture: (left) the non-trainable layers, (right) train-
able layers

In our implementation, the architectures of CNN1 and CNN2 (Figure 1) are the same.
They consist of two parts: the convolutional part (left part of Figure 1), and the dense
part (right part of Figure 1). In the case of CNN1, both parts are trainable. When the
transfer learning is applied on the CNN2, the right part of the neural network, which
consists of successive convolution and max pooling layers, is set as non-trainable. The
reason that left part is non-trainable is because the convolutional part of the network, can
find edges on data, which correspond to certain brain activities. The goal is to retain the
calculating method of these patterns, to utilize what has been learnt on the other hand.
On the other hand, the right part remains trainable.

In [39], it is shown a correlation between the brain signals of motor cortex and the limb
motions. Through the transfer learning, we can further investigate this issue. Therefore,
to verify the performance, we considered implementation of CNNs for classifying the
brain signals to their respective arm motion classes. We train the CNNI1 for the right
arm motion (task 1) and then implement transfer learning to train the CNN2 for left
arm motion. The reverse is also done, by implementing transfer learning of the right arm
utilizing what has been learnt for the left arm. Through transfer learning, we want to
improve the classification accuracy of the CNN2.
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In our implementation, the CNNs map the EEG signals to three classes corresponding
to three arm motions. The recorded EEG data are augmented, by the method shown in
Figure 2. The EEG data have two dimensions that correspond to the number of electrodes
and the data points. To augment the data a window is applied. The window includes the
data from all the electrodes, while it moves in the time frame of the data. Each time, the
window moves a certain number of data points forward, determined by the hop size. The
movement of the window stops when the end of time frame is reached.

< recorded EEG data size >

_ window size )
& hop size

FIGURE 2. Data augmentation method

Therefore, a larger window size results in a small number of window movements for a
certain size of the hop. The reason to implement this augmentation method is because
we are interested in real-time control of the humanoid robot arm using the brain signals.
Therefore, we must determine an optimal time frame to be able to reduce the response
time of the robot motion. Knowing that the accuracy gets lower as the window size gets
smaller, it is important to find an optimal solution for this problem. The number of
window movements is calculated as follows:

EEG data size — Wind i
Number of window movements = ata size — Window size )
Hop size

where EEG data size is the non-augmented recorded data frame, window size is the
number of selected datapoints to be augmented, and hop size is the number of datapoints
that window jumps each time. If the result of Equation (1) is not an integer, it is rounded
to the nearest smaller integer, so the window does not exceed the EEG data frame. The
EEG data frames for each arm are fed to the CNN for classification and the accuracy, the
percentage that the CNN makes the right prediction over the total number of predictions,
is calculated for both limbs.

The proposed method consists on investigating the effect of window size and hop size on
the accuracy of transfer learning. The reason is that in brain-machine interface systems
these parameters are strongly related to the time delay between the brain signals and the
robot response. Window size corresponds to latency of commands since it gives the time
length to record brain signals and the hop size is the density of these data frames that
are used as input of the deep learning architecture.

3. Data Acquisition. To record the user’s brain activity, we use a Mitsar-EEG-201
system [40], shown in Figure 3. An electro-cap connected to the device is used to record
the EEG signals. The recording frequency of the device is 500 Hz. We record the brain
activity using seven electrodes (F3, F4, C3, C4, Cz, P3, P4), shown in different colors
in Figure 4. In our implementation, we measured the difference in voltage between the
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F1cURE 3. Mitsar-EEG-201 system
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FIGURE 4. Transverse configuration of electrodes

selected and reference electrodes (Al and A2). The recording time for each arm motion
is 3 seconds. Therefore, a matrix of 1500 x 7 data points is generated for each trial. The
high pass filter is applied at 0.16 Hz, and the low pass filter is applied at 70 Hz. A
notch filter is also added at 50+/—5 Hz to minimize the electric supply disturbances.
During the experiments, the subject sits in front of the monitor showing a moving bar
that correspond to the arm moving direction (Figure 5). The moving bar directions are
randomly generated. The preparation time before starting the motion lasts 3 seconds
(green color moving bar).

The duration of the arm motion also lasts 3 seconds, which is shown in the monitor
by the red color moving bar. The arm moving directions are considered as two classes.
The data collected during the motion preparation are classified as another class called
“no motion”. The recorded data of the brain activity of each class, is assumed to have
some features or patterns that make it distinguishable from each other.

Common Average Reference (CAR) [31], is used to diminish any noise generated by
user’s face or arm movements. The common average reference is given as

Xoanilt) = Xt) — 5 3 Xult) ©)

where i is the time frame, N is the number of electrodes, and X (t) is the electrode value
for the t time step. Each value of electrode is subtracted by the average of all electrodes
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Preparation Time(3s) Forward Motion (3s)

(a) (b)

Preparation Time(3s) Side Motion (3s)

(c) (d)

FIGURE 5. (color online) Screenshots of the animation played in the mon-
itor: (a) Forward motion preparation time; (b) forward motion; (c) side
motion preparation time; (d) side motion

()

FIGURE 6. Video capture during data collection experiments: (a) No mo-
tion; (b) left arm forward motion; (c) left arm side motion

on that time step. In this way, noises are significantly reduced. During the training phase
the aim is to learn the features in the brain signals for each class.

Four healthy male subjects, aged 20 to 50 years old, participated in the experiments.
They all were right-handed, and without any hearing or vision abnormalities. For each
subject, five recording sessions are held in two different days at Assistive Robotics Labo-
ratory of Hosei University. Figure 6 shows the video capture during experiments for data
collection. In each session, 16 trials were recorded, 8 for each class (forward and side
motions). A third class is generated by randomly picking 8 trials from no-motion data.
Therefore, in total there are 120 trials for each subject, or 480 trials for all subjects.
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TABLE 1. CCN parameters

Layer Filters | Size | Parameters Output

Flatten - 0 (36736)
Dense — 512 | 18808832 (512)

Dropout — 0.3 0 (512)
Dense — 512 | 262144 (512)

Dropout - 0.3 0 (512)
Dense - 3 1536 (3)

* in color non-trainable layers during transfer learning

4. Results and Discussion. The CNN parameters for the window size 1400 are shown
in Table 1. As explained in Section 2, the first layers of the architecture consist of con-
volutional layers to find edges on the data that can be utilized by transfer learning. We
tested the CNN performance with different parameters. The parameters shown in Table
1 gave the best performance. The convolutional layers have a kernel size of (3, 1), while
the dense layers consist of 512 neurons. We implement the CNN on Tensorflow 2.8 using
the Keras API. The graphic card used for training is Nvidia Geforce RTX 3070 Super.
First, we trained the CNN for the right and left arm motion classification without im-
plementing transfer learning. The trained weights are utilized in the next step for transfer
learning. The dataset is split randomly into 60% as training data, 20% as validation data,
and the remaining 20% as test data. After the dataset is randomly splitted, the augmenta-
tion phase occurs for each of the subsets, training, validation and test data. The network
is trained for 100 epochs using the Adam optimizer. The learning rate is set to 0.000001.
The window size varies from 200 to 1400 data points, each step increasing by 100 data
points. The hop size varies from 10 to 100 data points, increasing by 10 data points each
time.
A better way to illustrate the improvement in accuracy is by calculating the Kappa
value as follows: Py p
- (3)
e
where Po is the proportion of observed agreement, and Pe is the probability that agreement
is due to chance [7,41]. Kappa relates the achieved accuracy with the random agreement
rate. In our implementation, Pe is set to 0.33 since we are working on a 3-class system.
The results of the CNN for the right and left arm motion classification are shown in
Figure 7. Initially, the holdout cross-validation results show that there is no overfitting.
The graph shows that as the window size decreases, the accuracy also decreases. To better
illustrate this, the data for all the hop sizes and both arms is averaged. The relationship
between the window size and recognition rate is shown in Figure 8. This figure shows that
as the window size gets larger, the recognition rate gets higher. The reason is that more

Kappa =
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FIGURE 7. (color online) Accuracy of data according to window size and
hop (for 4 subjects): (a) Left arm; (b) right arm
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FIGURE 8. Graph of average accuracy of both arms as the window size decreases
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TABLE 2. Accuracy and Kappa (Average for all hops)

Without transfer learning With transfer learning

Window Acguracy Accuracy Kgppa Kappa Acquracy Accuracy Kgppa Kappa
size right left right left right left right left
arm arm arm arm arm arm arm arm
1400 60.83% | 63.20% |0.4125{0.4481 | 61.18% | 63.35% | 0.4178 | 0.4503
1300 59.60% | 63.27% |0.3941|0.4491| 60.44% | 63.58% |0.4067 | 0.4536
1200 58.06% | 62.01% |0.3709 |0.4301| 59.76% | 62.09% |0.3964 | 0.4313
1100 56.75% | 61.04% |0.3513|0.4157| 58.10% | 61.96% | 0.3714 | 0.4294
1000 55.56% | 59.54% ]0.3335(0.3932| 56.08% | 61.54% | 0.34120.4230
900 53.62% | 58.08% |0.3044 | 0.3712| 55.24% | 60.09% | 0.3285|0.4013
800 52.711% | 56.71% ]0.2908 | 0.3507 | 54.14% | 58.07% |0.3121 | 0.3710
700 50.21% | 55.37% 10.2533(0.3306 | 51.41% | 55.48% |0.2711 | 0.3321
600 49.24% | 53.29% |0.23870.2994 | 50.18% | 53.53% | 0.2527 | 0.3030
500 48.51% | 51.48% |0.2277|0.2723 | 49.42% | 52.24% |0.2413 | 0.2836
400 46.27% | 49.55% |0.1941 | 0.2433 | 47.34% | 51.49% |0.2101 | 0.2723
300 44.62% | 47.15% |0.1694 | 0.2073 | 44.93% | 49.49% |0.1738 | 0.2423
200 42.82% | 44.62% |0.1424]0.1693 | 42.58% | 46.75% | 0.1388|0.2011
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F1GURE 9. Graph of average accuracy of both arms as the hop size increases

information is fed to the CNN. For the largest value of window size (1400 data points),
the averaged accuracies for all hop sizes are 60.83% and 63.20% for the right and left
arms, respectively (Table 2).

The standard deviation, on the maximum window size according to all hops was 2.29%
and 1.89% for right and left arm, respectively. For the smallest window size (200 data
points) the average accuracy drops to 42.82% and 44.62% for the right and left arms,
respectively. The relationship between the hop size and recognition rate averaged for all
window sizes, is shown in Figure 9. The results show that a small hop size leads to a
higher accuracy. For the smallest hop size, the accuracy is 54.42%, while for the largest
one it falls to 50.56%. In addition, we compared the performance of CNN with Support
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Vector Machine (SVM) method. The results show that accuracy of CNN is over 10%
higher than that of SVM.

The results for both transfer learning implementations averaged for all hop sizes are
shown in Table 2. The averaged CNN accuracies with and without transfer learning are
shown in Figure 10(a) and Figure 10(b) for the right and left, respectively. For the largest
window size, the recognition rate of right arm increases from 60.83% to 61.18%. The best
improvement is seen for the window size 1200 (an increase of 1.7%).
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F1GURE 10. Relation between the window size and the recognition rate:
(a) Right arm; (b) left arm
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Similar results are seen in implementing transfer learning for the left arm motion. The
biggest improvement is seen for window size 300, with an improvement of 2.34%. A 0.24%
decrease of the recognition rate resulted in only one case (right arm, window size 200).
In all other window sizes, the accuracies improved after transfer learning.

In our implementation, we achieved a Kappa value of 0.4125 in the case of right arm
data and 0.4481 in case of left arm. When transfer learning is applied on the right arm
data, the Kappa value increased to 0.4178, while for the left arm Kappa increased to
0.4503. The respective Kappa values of each accuracy are shown in Table 2. As in the
case of accuracy rate, the Kappa value decreases as the window size gets smaller. Due to
transfer learning, we get an improvement of the Kappa value in 25 out of 26 of the cases.

Figure 11(a) shows the system for mapping the brain signals to the humanoid robot
arm motion. Figure 11(b) shows a video capture of the trained CNN mapping the brain
sig-nals to the robot motion. The developed humanoid robot has 18 degree of freedom.
As stated above there is a tradeoff between window size and robot command accuracy.
A small window size leads to faster response of the robotic arm, but the accuracy is not
optimal. As the window size gets bigger, the robotic arm responses with higher accuracy,

but the motion takes longer to start.
EEG Data
Classification
l Command

EEG Cap EEG Amplifier

Motion
Command

Micro Computer

(a)

FIGURE 11. Real robot implementation using brain signals: (a) Developed
system; (b) video capture of real-time robot arm motion
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5. Conclusion. In this paper, we proposed a transfer learning-based technique to im-
prove the CNN accuracy. The transfer learning was implemented to train CNNs that
predicts the arm motion based on the brain signals. The results showed that transfer
learning improved the CNN recognition rates. In addition, the window size had a sig-
nificant impact on the prediction accuracy of CNNs. As the window size decreased, the
accuracy of the system also decreased. The hop size also showed a great effect on the
CNN performance. A smaller hop size improved the recognition rate. We implemented
the trained CNNs to control in real time the robot arm motion using the brain signals.
The robot replicated the subject arm motion with a short response time.

Future research will include 1) Implementing transfer learning to train CNNs of new
subjects based on the previously trained CNNs; 2) Investigating the effect of transfer
learning on recognition rate, the effect and training time.
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