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Abstract— The detection of a hand movement beforehand
can be a beneficent tool to control a prosthetic hand for upper
extremity rehabilitation. To be able to achieve smooth control,
the intention detection is acquired from the human body,
especially from brain signal or electroencephalogram (EEG)
signal. However, many constraints hamper the development of
this brain-computer interface (BCI), especially for finger
movement detection. Most of the researchers have focused on
the detection of the left and right-hand movement. This article
presents the comparison of various pattern recognition method
for recognizing five individual finger movements, i.e., the
thumb, index, middle, ring, and pinky finger movements. The
EEG pattern recognition utilized common spatial pattern (CSP)
for feature extraction. As for the classifier, four classifiers, i.e.,
random forest (RF), support vector machine (SVM), k-nearest
neighborhood (kNN), and linear discriminant analysis (LDA)
were tested and compared to each other. The experimental
results indicated that the EEG pattern recognition with RF
achieved the best accuracy of about 54%. Other published
publication reported that the classification of the individual
finger movement is still challenging and need more efforts to
achieve better performance.
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I. INTRODUCTION (HEADING I)

Bio-signal based classification for predicting a user
intention has been developed for decades to control a therapy
robot for rehabilitation [1][2][3]. Most of them utilize
electromyography (EMG) signal and very few employ
electroencephalogram (EEG)[4]. In fact, EEG signal is very
beneficial especially for a patient who possesses a muscular
problem. Therefore, for such people, a limb movement
classification based on EEG signal is needed.

The stages of the classification of the limb movement
using EEG signal is similar to that using EMG signal, but with
more rich features [5]. Special for hand movement, the focus
of the movement classification is to differentiate the left or
right-hand movement [4][6][7]. In fact, the hand movement
includes finger movement. Fortunately, the direction of brain-
computer interface (BCI) heads to the finger movement
detection [8][9][10][11].

The success of the BCI for finger movement recognition
depends on the feature extracted from the EEG signal beside
to the classifier. But the features are more important than the
classifiers. Therefore, many EEG features have been
developed such as common spatial pattern (CSP) [5][12],
continuous wavelet transform[10] and so on. In addition, there
are several classifiers have been tested and employed for EEG
pattern recognition. Among them are support vector machine
(SVM)[13], k-nearest neighborhood (kNN)[14], random
forest (RF) [15], and linear discriminant analysis [9]
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Unfortunately, most of the EEG pattern recognition on the
limb movements focused on a binary classification that
classifies either foot and hand movements, or right and left-
hand movements[16]. Luckily, the trend has extended to
finger movement [8][9][10][17]. To best of the author’s
knowledge, the multiclass classification for five individual
finger movements or more is still rare[18].

This article presents the comparison of different pattern
recognition methods for finger movement classification,
especially for all five fingers. The multi-class classification for
five individual finger movements is challenging. One
publication reported that accuracy of around 43% was
achieved when classifying five finger movements using event-
related potential (ERP) feature and support vector machine
(SVM) [16].

II. MATERIAL AND METHODS

A. EEG Pattern recognition

Fig. 1 shows the stages of EEG pattern recognition. It is
started with the data acquisition of EEG signals. Then, the
EEG signals are filtered and segmented in a specific window
length. In this segment, several features are extracted and fed
to the classifier. Finally, the classifier predicts the intended
movement after undergoing the training phase.
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Fig. 1.

EEG pattern recognition method for finger movement classification

B. Data Acquisition

The brain signal or so-called EEG signal is taken from
[18]. The dataset used is a collection of EEG signal for finger
movement taken from 4 intact subjects. The sampling
frequency of the data acquisition is 200 Hz using EEG-1200
JE-921A from Nihon Kohden that is consisted of 19 EEG
electrodes in the standard 10/20 system [18].

During the data acquisition, the subjects were seated in the
front of the computer screen displayed the finger picture that
should be imaged to move. The subject was asked to image
the correspondence individual finger movement for 1 second
and had a rest for 1.5 — 2.5 second. The experiment involved
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five individual movements, i.e., thumb (T), index (I), middle
(M), ring (R), and pinky (P) fingers. Each movement was
repeated 300 times. In total, there are about a duration of 25
minutes for whole experiments.

C. Filtering and windowing

EEG signal contains noises that can influence the
performance of the pattern recognition. Therefore, the signal
was filtered using a band-pass filter of 0.53 — 70 Hz and a
notch filter of 50 Hz to overcome the electric power
interference. Furthermore, the pattern recognition system was
applied to each segment with one second of the window length
overlapped every 0.1 seconds.

D. Common spatial pattern

In addition to the hardware filter, the EEG signal
underwent spatial filtering using a common spatial pattern
(CSP). CSP method is proven to divide the neural signal into
different components related to task-common and task-
specific component [19]. CSP is optimally employed for
binary classification problem. This article involves five
different classes. Therefore, an extension of CSP for the
multiclass problem was used as indicated in [20]. We used five
components of CSP led to the classifier, as shown in Fig. 2
and Fig. 3. It means, nineteen EEG signals out of nineteen
EEG channels are projected and reduced to five data only.
These five outputs will be the input of the classifier.
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Fig. 2. Plotting of five components of CSP on Subject A
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Fig. 3.

Plotting of five components of CSP on Subject B

E. Classification

This paper compares different pattern recognition methods
by evaluating different classifiers. There are four classifiers
involved in the experiments i.e., support vector machine
(SVM)[13], k-nearest neighborhood (kNN)[14], random
forest (RF) [15], and linear discriminant analysis [9]. As for
SVM, the radial basis function (RBF) kernel with C = 1.0 dan
gamma = (0.2. Meanwhile, in kNN, we selected k = #feature in
which 5. For the random forest, we set 100 trees. The
experiments were run on the cloud server using python
programming on Google Colab. The server computer has
12.72GB of RAM and GPU.

III. RESULT AND DISCUSSION

Data were divided into two groups i.e., training data and
testing data using S5-cross-validation. The results of the
training phase are depicted in Table 1. It can be seen from this
table that random forest classifier is the most accurate one. It
achieved 100% accuracy. Probably, the RF experienced
overfitting. The testing result will confirm this prediction.
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If we omit RF, kNN is the most accurate classifier on the
training phase across four subjects. Fig. 4 shows this fact
clearly. Furthermore, SVM and LDA are very close to each
other.

TABLE L. TRAINING ACCURACY USING 5-CROSS VALIDATION
SUBJECT SVM (%) | kNN (%) RF (%) LDA (%)
Mean STD|Mean STD| Mean STD|Mean STD

A 438 03| 693 05| 100 00 | 40.0 0.1
B 417 03 | 660 02 | 100 00 | 394 02
C 406 02 | 696 03| 100 00| 37.1 04
D 358 02 ] 698 03] 100 0.0 | 31.6 02

AVERAGE | 405 02 | 686 03 | 100 00 | 370 02
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Fig. 4. Averaged accuracy of four classifiers on training stage

Different from the results on the training stage, the
accuracy of the testing stages is close to each other,
especially for kKNN and RF, as seen in Table II. These results
confirm what we said before that RF underwent overfitting.
Nevertheless, RF attained the best testing accuracy of about
54%.

The trend is still the same as the training results. LDA is
the worst but it is very close to SVM accuracy. Fig. 5
presents clearer information about accuracy comparison
among these classifiers.

TABLE II. TESTING ACCURACY USING 5-CROSS VALIDATION
SVM (%) kNN (%) RF (%) LDA (%)
SUBJECT
Mean STD | Mean STD| Mean STD | Mean STD
A 426 04 [ 523 06 55 07 | 398 02
B 41.1 0.1 489 @ 04 51 05 | 390 04
C 39.5 05 | 516 04 56 06 | 368 0.7
D 348 08 | 525 02 54 06 | 314 03
AVERAGE | 395 05 | 513 04 54 06 | 367 04
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Fig. 5. Averaged accuracy of four classifiers on the testing stage
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To analyze the classification performance on the
individual finger, we investigate the confusion matrix of the
classifier. In this case, two best classifiers were investigated
as shown in Fig. 6 and Fig. 7. These figures present the
normalized confusion matrix in which number “1” shows the
accuracy 100%. Fig. 6 shows that the pattern recognition using
RF classified the thumb movement by the accuracy of about
63%. However, the system misclassified the index movement
as the thumb movement by the accuracy of 22% in which it is
the worst accuracy compared to the rest finger movements.
Probably, this fact is influenced by the closeness position of
thumb and index fingers. This analysis is supported by the fact
on the other finger movements. For example, the worst
accuracy of the index finger movement occurred on the thumb
and the middle finger in which their position is close to each
other.

Subject-A
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M-10.14 0.11 . 0.11 0.1
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Fig. 6. Normalized confusion matrix resulted from Random Forest on 5-
cross validation on Subject A

Similar to the RF, the best performance of the EEG pattern
recognition occurred when it classified the thumb movements.
However, the system misclassified the index finger movement
as the thumb movements by the accuracy of 22%. As for the
other individual movements, the most misclassified fingers
occurred on the closest to the intended fingers. This fact can
be seen clearly in the case of the index and middle finger
movements. The index finger was misclassified mostly to the
thumb and middle fingers movements. Meanwhile, the middle
finger was misclassified to the index and ring finger
movements.
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Fig. 7. Normalized Confusion matrix resulted from kNN on 5-cross
validation on Subject A
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If we just look at the results in this article, we conclude
that the performance of the pattern recognition is not
acceptable. However, to be fair, we need to compare the
results with another reported publication that was using the
same dataset with the same purpose. Murata et al. [18] had
developed an EEG pattern recognition to classify these five
finger movements. The EEG pattern recognition utilized SVM
and event-related potential (ERP) and or event-related
desynchronization (ERD) features. The attained accuracy was
about 43%. This comparison indicates that decoding
individual finger using EEG is challenging.

IV. CONCLUSSION

This article presents the comparison of various EEG
pattern recognition methods for classifying the five individual
finger movements. The EEG pattern recognition consists of
common spatial pattern for feature extraction and compares
four different classifiers i.e., SVM, random forest, KNN, and
LDA. The experimental results on 5-fold cross-validation
show that the random forest achieved the best accuracy of
about 54% but it is very close to the accuracy of kNN.
However, the Random forest experienced overfitting. As for
the LDA and SVM, their accuracy was the first and second-
worst among the tested classifiers. The SVM’s performance
can be improved by optimizing the parameters of the kernel.
Compared to the published work, the performance achieved in
this article is acceptable. The classification of individual
finger movement is still challenging.

ACKNOWLEDGMENT

We would like to thank to Kemenristekdikti for the
research fund contract number 1257/UN25.3.1/LT/2018

REFERENCES
(1]

K. Anam and A. Al-Jumaily, “Evaluation of extreme learning
machine for classification of individual and combined finger
movements using electromyography on amputees and non-
amputees,” Neural Networks, vol. 85, pp. 51-68, 2017.

P. Phukpattaranont, K. Anam, A. Al-, and C. Limsakul,
“Evaluation of feature extraction techniques and classifiers for
finger movement recognition using surface electromyography
signal,” 1857.

Z. Tang, C. Li, and S. Sun, “Single-trial EEG classification of
motor imagery using deep convolutional neural networks,”
Optik (Stuttg)., vol. 130, pp. 11-18, 2017.

N. Robinson, A. P. Vinod, K. K. Ang, K. P. Tee, and C. T.
Guan, “EEG-based classification of fast and slow hand
movements using wavelet-CSP algorithm,” IEEE Trans.
Biomed. Eng., vol. 60, no. 8, pp. 2123-2132, 2013.

F. Lotte et al., “A Review of Classification Algorithms for
EEG-based Brain-Computer Interfaces: A 10-year Update,” J.
Neural Eng., pp. 0-20, 2018.

A. Schwarz, P. Ofner, J. Pereira, A. 1. Sburlea, and G. R.
Miiller-Putz, “Decoding natural reach-and-grasp actions from
human EEG,” J. Neural Eng., vol. 15, no. 1, 2018.

T. J. Bradberry, R. J. Gentili, and J. L. Contreras-Vidal,
“Reconstructing three-dimensional hand movements from
noninvasive electroencephalographic signals,” J. Neurosci.,
vol. 30, no. 9, pp. 3432-3437, 2010.

R. Xiao and L. Ding, “EEG resolutions in detecting and
decoding finger movements from spectral analysis,” Front.
Neurosci., vol. 9, no. SEP, pp. 8-12, 2015.

N. Rashid, J. Igbal, A. Javed, M. 1. Tiwana, and U. S. Khan,
“Design of Embedded System for Multivariate Classification
of Finger and Thumb Movements Using EEG Signals for
Control of Upper Limb Prosthesis,” Biomed Res. Int., vol.



Proc. EECSI 2019 - Bandung, Indonesia, 18-20 Sept 2019

2018, 2018.

[10] J. B. Salyers, Y. Dong, and Y. Gai, “Continuous Wavelet
Transform for Decoding Finger Movements from Singe-
Channel EEG,” IEEE Trans. Biomed. Eng., vol. PP, no. c, pp.
1-1,2018.

[11] V. Shenoy Handiru, A. P. Vinod, and C. Guan, “EEG source
space analysis of the supervised factor analytic approach for
the classification of multi-directional arm movement,” J.
Neural Eng., vol. 14, no. 4, 2017.

[12] Y. U. Khan and F. Sepulveda, “Brain—computer interface for
single-trial EEG classification for wrist movement imagery
using spatial filtering in the gamma band,” IET Signal
Process., vol. 4, no. 5, p. 510, 2010.

[13] E. Hortal et al., “SVM-based Brain — Machine Interface for
controlling a robot arm through four mental tasks,”
Neurocomputing, vol. 151, pp. 116-121, 2015.

[14] S. Bhattacharyya, A. Khasnobish, and et al, “Performance
Analysis of Left/Right Hand Movement Classification from
EEG Signal by Intelligent Algorithms,” IEEE SSCI 2011 -
Symp. Ser. Comput. Intell. - CCMB 2011 2011 IEEE Symp.

Comput. Intell. Cogn. Algorithms, Mind, Brain, pp. 1-8, 2011.

[15] H. Kuswanto, M. Salamah, and M. 1. Fachruddin, “Random
Forest Classification and Support Vector Machine for
Detecting Epilepsyusing Electroencephalograph Records,”

27

Am. J. Appl. Sci., vol. 14, no. 5, pp. 533-539, 2017.

[16] V. Morash, O. Bai, S. Furlani, P. Lin, and M. Hallett,
“Classifying EEG signals preceding right hand, left hand,
tongue, and right foot movements and motor imageries,” Clin.
Neurophysiol., vol. 119, no. 11, pp. 2570-2578, 2008.

[17] T. Hayashi, H. Yokoyama, and et al, “Prediction of Individual
Finger Movements for Motor Execution and Imagery : an EEG
Study,” IEEE Int. Conf. Syst. Man, Cybern., pp. 3020-3023,
2017.

[18] M. Kaya, M. K. Binli, E. Ozbay, H. Yanar, and Y.
Mishchenko, “A large electroencephalographic motor imagery
dataset for electroencephalographic brain-computer interfaces,”
Sci. data, vol. 5, no. October, p. 180211, 2018.

[19] S. Zhang et al., “Application of a common spatial pattern-
based algorithm for an fNIRS-based motor imagery brain-
computer interface,” Neurosci. Lett., vol. 655, pp. 3540,
2017.

[20] H. Meisheri, N. Ramrao, and S. Mitra, “Multiclass Common
Spatial Pattern for EEG based Brain-Computer Interface with
Adaptive Learning Classifier,” IEEE Trans. Biomed. Eng., pp.
1-8,2018



