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Introduction

The concept of using prosthesis as a real 
limb for disabled persons or using muscle 
and limb movements to control giant robots 
may seem like a futuristic fantasy or science 

in biomedical,[1] biomechanics and sensor 
technology and commercially available 
prosthesis, such as i-Limb, Bebionics, Otto 

and Thalmic Labs wearable gesture control 
systems, show that this concept is becoming 
a reality.

Despite these improvements, there are a 
number of issues that must be addressed. 
One of the obstacles in controlling 
prosthesis and in real-time human–computer 
interaction (HCI) applications are surface 

[1] The 

Address for correspondence: 
Mr. Ulvi Baspinar, 
Faculty of Technology, Marmara 
University, Istanbul, Turkey. 
E-mail: ubaspinar@marmara.
edu.tr

Abstract
Aim: In real-time control of prosthesis, orthosis, and human–computer interface applications, 
the displacement of surface electrodes may cause a total disruption or a decline in the 

used as an alternative method for addressing the displacement problem of surface electrodes. 
Materials and Methods:

Results:

Conclusions: The study 

displacement. The other advantage of the cICA algorithm is dimension reduction, which is important 
in real time applications. To observe the performance of the cICA in the real-time application, a 
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by fatigue, artifacts, noise, and blood 
pressure. Beyond these parameters, 
electrode placement plays a vital role 

[2] While 
in motion, the prosthesis and the HCI 
devices’ electrode places can be changed, 
and placing electrodes at the same point 

[3]

accuracy is either compromised or a 
retraining process is necessary. Hargrove 
et al. investigated how electrode 

pattern recognition based on myoelectric 
control systems.[3] Hargrove et al. found 
that electrodes shifts, orientation, and size 

10%–30%.[3]

The issue with electrode displacement 

adjusted depending on a certain position 
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This problem can be described as a source separation of 

There are several studies in the literature for source 
separation. One of the source separation algorithms is 
independent component analysis (ICA). The use of ICA 
algorithms has become popular in removing artifacts, 
noise, and source separation of biomedical signals, such 
as electrocardiography, electroencephalography, and 
electromyography.[4] Although ICA provides a solution for 

[5]

The ICA algorithm is used in several studies on hand gesture 
et al.

various hand gestures for HCI using ICA[6] and a multi-run 
ICA-based signal processing system for recognizing hand 

[7] 

for HCI and six-hand gestures with high accuracy using 
[8] Sueaseenak 

et al

[9]

The constrained ICA (cICA) algorithm, which is a type 
of traditional ICA, can be used for the source separation 
applications in which any prior information about the source 
of interest is known. The purpose of the cICA algorithm 
is to obtain an output that is statistically independent 

signal. There are also studies of the source separation of 
biomedical signals that use the cICA algorithm.[10]

In this study, a constrained ICA solution is proposed 
for the displacement problem of electrodes, and the 

The study shows that the proposed method also increases 

an additional application, a robotic arm was controlled 

was gripping a cube and moving it to another place, was 
performed using hand gestures.

Materials and Methods

In 
this section, robotic arm gestures for robotic arm 

discussed. The block diagram in Figure 1 illustrates the 
main steps in the study. The study can be divided 
into 

[7] The second section 
controlling the robotic arm in real time. While 
controlling the robotic 

robotic arm.

Robotic arm and gestures for robotic arm control

In this study, the AX-12A Smart Robotic Arm 
(Crustcrawler, Inc., California) was chosen because its 
motion capability is 

to control three degrees of the 
robotic arm.[8] These hand 

radial and ulnar deviations. In 
Figure 2, the gestures and 
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the controlling of the axis according to the gestures are 
shown.

Electrode placement and data acquisition

systems. In this study, we used six electrodes. Two of 
them were cICA reference electrodes, and the other 
four electrodes were test electrodes. The cICA reference 
electrodes were placed along the longitudinal axes of the 
Brachioradialis and the Flexor Carpi Radialis muscles, 
respectively, and the other four electrodes were placed 
in parallel positions (25 mm away) to the ICA reference 
electrodes. The placements of the electrodes are shown 
in Figure 3. The bipolar passive disposable Ag/AgCL 
electrodes (Myotronics Inc., WA), which were 1 mm 
in diameter and 22 mm in interelectrode distance, were 
chosen for this study.

were converted to digital signals using the IOtech Personel 

[11] The 

and 500 Hz.

Independent component analysis and constrained 
independent component analysis algorithm

ICA is a statistical method in which the goal is to 
decompose given multivariate data into a linear sum of 
statistically independent components. Recently, ICA has 
been used in the biomedical signals for removing artifacts, 
data reduction, and source separation.[12] The general ICA 

signal, A X
mixture of source signals, W
and U

W of the sensor signals 
X that makes the outputs U as independent as possible.[13] 

W, 
and one algorithm is the Constrained ICA (cICA) algorithm.

[X] = [A S]

[U] = [W X]

Constrained ICA is an algorithm that searches statistically 
independent sources in mixed signals environments 

[14] It is not 
necessary that this reference signal be the exact signal of 
interest. This knowledge is important because obtaining 
the perfect match for a reference signal is impossible in 
most cases. In studies that searched for a signal source 
in mixed environments, cICA is very useful because the 

that you are interested. The disadvantage of cICA is that 
the user must know the nature of the signal of interest to 

model used in this study is depicted in Figure 4.

Reference surface electromyography selection

The success of the cICA algorithm completely depends on 
the selection of the reference signal.[15] The cICA algorithm 

the correct reference signal. In this study, the control of 
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the robot arm was performed using six-hand gestures, so 
twelve reference signals had to be determined for the six 
gestures recorded for the two muscles.

In order to determine the reference signals, the signals 

asked to perform six gestures and repeat the same gestures 

were extracted.[16] Third, using these features, an ANN 
(12 neurons at the input layer, 20 neurons at the hidden layer, 
and 6 neurons at the output layer) was trained. Following 
the training session, the gestures with the minimum 

signals were selected as reference signals.

Generating a demixing matrix

The cICA algorithm generates a demixing matrix using a 
reference signal in order to easily generate six demixing 
matrices for each gesture on one muscle and to use it for 

to classify six gestures, but we did not know which gesture 

means that we could only use one demixing matrix for 
each muscle.[17] Our solution was to generate six demixing 
matrices using preselected reference signals and to calculate 
the medians of these six demixing matrices (demixing 
matrices are the same size) to get one common demixing 
matrix for one muscle. We used Brachioradialis and Flexor 
Carpi Radialis muscles to generate one demixing matrix for 
each muscle.

Feature extraction

The feature-extracting process is one of the most important 

domain features are not preferred because of the extra 
time consumed in comparison with the time domain 
features. In this study, six-time domain features were used. 

These feature vectors are variance (Var), zero crossing, 
wavelength, Willison amplitude (WAmp), mean absolute 
value, and slope sign change.[18,19] Previous studies were 
considered in choosing the feature vectors.

The (ANN) is one of the most commonly used 
[20] There are studies of the 

[21] The 
feedforward backpropagation ANN network type, which 
has one hidden layer with 20 neurons and one output 
layer with 6 neurons, is used in the study. The selected 
ANN has tansig and purelin activation functions at the 
hidden and output layers, respectively. While training 

used. The classes of gestures were determined according 
to the majority voting result. When the gesture was 
detected, 1000 samples were recorded. The recorded 

Figure 5. 
Nonoverlapping windowing was used so that each 
window had 200 samples. For each segment, an ANN was 
trained so that means decisions were given according to 

using a majority voting algorithm, and the gesture with 
the highest vote was accepted as the winning gesture. The 

Figure 6.

Results

arm.

In this section, the results were compared according to the 

the reference points and evaluated based on the aspect of 

muscles.[22]
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The ANN training process had random parameters to obtain 

results were recorded. In Table 1, the maximum, the 
minimum, and the calculated average values of the recorded 

First, we attempted to determine what would happen if 
we placed electrodes (TE1, TE2, TE3, and TE4) in the 

vicinity of the reference points (Ref 1 and Ref 2), as 

results declined up to 8% as expected. In other words, the 
reference points were chosen correctly.

were investigated on the muscles Brachioradialis and 
Flexor Carpi Radialis, respectively. The TE1 and TE3 
electrodes were placed in the vicinity of the Ref1 point 
on the Brachioradialis muscle, and the TE2 and TE4 
electrodes were placed in the vicinity of the Ref2 point 

TE2-TE4 signals were introduced to the cICA algorithm 
to obtain the ESS1 and ESS2 signals, respectively. The 

87.66%, respectively. These rates show a minimum increase 

compared with the other electrodes, except the Ref1 and 
Ref2 electrodes.

Another evaluation was conducted regarding the cICA 

of the muscles were included. When we generated the 
binary combination of the TE1, TE2, TE3, and TE4 
electrodes on the two muscles, we obtained the TE1-TE2, 
TE1-TE4, TE3-TE2, and TE3-TE4 combinations. When 

results, an increase between 4% and 13% was observed. In 

Electrodes and cICA applied 
electrodes (percentage)

Maximum Minimum Average
Ref1-Ref2 100 86.66 93
Ref1 90 76.66 83
Ref2 96.66 90 92.66
TE1 86.66 70 78.33
TE2 86.66 70 78.66
TE3 86.66 73.33 83
TE4 96.66 73.33 84
TE1-TE2-TE3-TE4 100 80 92.66
TE1-TE2 90 73.33 83
TE1-TE4 96.66 76.66 86.66
TE3-TE2 93.33 76.66 86.33
TE3-TE4 100 90 92.66
ESS1 (cICA applied to TE1-TE3) 93.33 76.66 89
ESS2 (cICA applied to TE2-TE4) 96.66 83.33 87.66
ESS1-ESS2 100 93.33 96.66
cICA: Constrained independent component analysis
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addition [Figure 7], the comparison between ESS1-ESS2, 
Ref1-Ref2, and all electrodes (TE1-TE2-TE3-TE4) was 
made. The results indicate that when features of the 

the success rates of Ref1-Ref2 and TE1-TE2-TE3-TE4 
were 93% and 92.66%, respectively.

Real-time control of the robotic arm

signals (ESS1 and ESS2), as mentioned in the previous 
sections. The generation of reference signals, the demixing 
matrix calculation, and the training of the ANN were 

network bias, and the layer weights were used in real-time 

was used for the calculation of the demixing matrix, the 
training of ANN, and the control of the robotic arm.[23] 
The communication and the control of the robot arm was 
carried out by the help of a PC, which has an AMD 

after the motion is detected.

the double-threshold method of et al.[24] This method 
operates on the raw myoelectric signal and does not 

time applications. A simple task was performed using an 
AX-12 robot arm. A small cube was placed on a desk, 
and the subject was asked to carry the cube to a target 
place using hand gestures. The subject moved the cube 
to the target place successfully. The photos taken during 

the real-time control of the robotic arm are shown in 
Figure 8.

Discussion

This study shows that the cICA algorithm increases the 

same reference point in real-time applications.

it deals with fewer signals instead of all records. Unlike 

multiplying input signals using a demixing matrix.

in this study. The number of gestures can be increased to 
control the unused axis of the robotic arm, but placing 
extra electrodes on the related muscles may be necessary.

In the real-time experiments, we did not focus on the 

the duration can be minimized by using the optimization 

Arrays.

The results of this study can be applied to other complex 

disorders.

Conclusions

The success of the cICA algorithm was tested both in the 

data reduction. In the second application, the robot arm 
was controlled with high accuracy. This study shows 
that the cICA algorithm can be applied as a solution 
to the displacement problem of electrodes in real-time 
applications.
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