
International Journal of Mechanical And Production Engineering, ISSN: 2320-2092,        Volume- 5, Issue-2, Feb.-2017 
http://iraj.in 

A Comparative Study on Finger-Movement Classification Based on Surface-Electromyography-Peak Parameters 
 

34 

A COMPARATIVE STUDY ON FINGER-MOVEMENT 
CLASSIFICATION BASED ON 

SURFACE-ELECTROMYOGRAPHY-PEAK PARAMETERS 
 

1LEI CUI, 1TRENT AUGHEY, 2MIN LI, 2GUANGHUA XU, 3GARRY T. ALLISON 
 

1Department of Mechanical Engineering, Curtin University, Australia 
2School of Mechanical Engineering, Xi’an Jiaotong University, China 

3School of Physiotherapy and Exercise Science, Curtin University, Australia 
E-mail: lei.cui@curtin.edu.au, trent.aughey@gmail.com, minli@xjtu.edu.au, xugh@xjtu.edu.cn, G.Allison@curtin.edu.au 

 
 
Abstract- Surface electromyography (SEMG)signals have been used as input to myoelectric controlled robotic prostheses and 
orthoses. This project was aimed at conducting a comparative study on finger-movement classification using peak feature of 
SEMG signals.Each fingers’ movement was classified by recording the signals through nine surface electrodes in a 
four-channel differential setup and one grounding electrode. The signals were filtered through a Notch filter to remove the 
interfering ground noise and a Butterworth high-pass filter to remove artefacts, and then the signals were smoothed by moving 
average (MA) filters or root mean square (RMS) filters.We compared the overall success rates of five classification algorithms 
including the support vector machine, decision tree, ensemble, linear discriminant, and quadratic discriminant algorithms 
provided by MATLAB Classification Learner app. We found that ensemble algorithm achieves the highest overall success rate 
of 94.19% and the moving average filter with a window size 10 provides the best smoothing signals for subsequent 
classification with an overall success rate of 96.78%. This worklays the foundation for SEMG signals to be used for 
controllinga five-fingered robotic exoskeleton orthosis. 
 
Index Terms- Surface electromyography, finger movement, classification, robotic orthoses 
 
I. INTRODUCTION 
 
EMG signals are produced by the changing of the 
states of the muscle fiber membrane. These state 
changes are attributed to motor units, each of which is 
defined as one motor neuron and all of the muscle 
fibers it innervates.The sum of all this electrical 
activity across the activated motor neurons is known 
as motor unit action potential (MUAP) trains. This 
electrophysiological activity from multiple motor 
units can be evaluated by the electromyography [1]. 

The electrodes used in receiving the electrical 
signals can either be placed into the muscle using 
wires or needles or placed on the surface of the skin. 
The former requires medical assistance, making it 
difficult to set up. The latter is non-invasive in nature 
and has the advantage of larger surface area of skin. 
Hence, SEMG has gained popularity in recent 
years[2].  

SEMG has been used as inputs to robotic prosthetic 
hands and orthoses, as well as gesture recognition. 
Castellini andSmagt[3, 4]showed that machine 
learning combined witha down-sampling algorithm 
could be used tocontrol finger position of a dexterous 
robotic hand in real-time. Tenore et al.[5] presented a 
framework of decoding 12 individuated flexion and 
extension movements of the fingers by using 32 
SEMG electrodes on the forearm of an able-bodied 
subject. Huang and Chen [6]used two SEMG 
electrodes from the flexor digitorumsuperficialis 
muscle and the extensor pollicis brevis muscle to 
classify eight types of hand movements. Bitzer and 
Smagt[7]applied support vector machines to detect 
opening and closing actions of the human thumb, 

index finger, and other fingers recordedvia SEMG 
only.  

Some exoskeleton hand orthoses have used EMG 
signals as inputs. Jansen et al. [8]compared the amount 
of electrical activity obtained from SEMG over the 
wrist extensors when applying four conditions of wrist 
orthoses. Khokhar et al. [9]estimated the applied 
torque by a human wrist and implemented real-time 
controller on a two degree of freedom wrist 
exoskeleton prototype.Ho et al [10]developed an 
orthosis that used SEMG signals from the hemiplegic 
side of a stroke patient as input to assist in hand 
opening and closing. Dicicco et al. [11] validated that 
the SEMG signals from the ipsilateral biceps could be 
used to develop a reliable natural reaching and 
pinching algorithm to control a robotic hand orthosis. 

The issues with SEMG classification relate to the 
difficulty in retrieving repeatable results. This is due to 
factors such as the anatomical placement of sensors, 
variations in the environment of testing (temperature, 
noise, and humidity), variations in skin preparation 
and results being affected by changes in the subjects 
positioning and posture. 

The SEMG signal from the muscle membrane to the 
electrode may be affected by several external factors 
resulting in a slightly altered signal to be registered. 
Some of the possible factors that may alter the signal 
are as follows: Tissue characteristics, physiological 
cross talk, ECG artefacts, location of the electrodes, 
external noise, electrode and amplifiers, 
electromagnetic noise[12]. 

We have developed a five-fingered hand 
exoskeleton orthosis, where each of the fingers is 
actuated by one linear actuator, as in Fig. 1. We 
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adopted a parametric design approach and used 3D 
printers to print out the whole orthosis, making it fit 
adapted to individual’s anthropometric 
differences[13]. 

 

 
Figure 1   A 3D printable hand exoskeleton orthosis 

 
In this paper, we explored the possibility of using 
four-channel SEMG signals as input to control the 
five-fingered hand exoskeleton orthosis on an 
able-bodied subject. We compared the overall success 
rates of different algorithms provided by MATLAB 
Classification Learner app, including support vector 
machines (SVM), decision tree, K-nearest neighbor 
(KNN), ensemble, linear discriminant, and quadratic 
discriminant after the four-channel SEMG signals are 
filtered by anIIR Notch filter and a Butterworth filter 
and then smoothed and rectified.  

This paper is organized as follows. Section II 
introduces our experimental setup, where four channel 
signals are used to classify finger movements. Section 
III presents the procedure of filtering and smoothing. 
Section IV discusses feature extraction, where peak 
values are detected and used as the feature. Section V 
presents the finger-movement classification. Section 
VI presents the results and discussion. Section VII 
concludes the paper. 
 
II. LOCATIONS OF ELECTRODES FOR 
FINGER-MOVEMENT CLASSIFICATION 
 
In order to monitor SEMG signals that relates to the 
contraction and relaxation of individual finger related 
muscles, the electrodes must be properly placed. There 
are thirty-five muscles controlling the entire 
movement of the hand. Eighteen of these originate 
from the forearm and are known as extrinsic muscles. 
The other 17 muscles are known as intrinsic muscles 
and are located in the palm of the hand[14]. These are 
used for controlling fine motor functions. 

This work is focused on taking measurements from 
the extrinsic forearm section of the arm. The extrinsic 
muscles of the arm are divided up into two 
compartments: anterior and posterior. Posterior 
compartment is then split up into three categories: 
superficial, intermediate and deep. The posterior 
muscles are commonly referred to as extensor muscles 
due to the extensions they produce at the fingers. The 

superficial layer contains seven muscles that are used 
to control the hand, four of which share a common 
tendinous origin. The anterior compartment is also 
split into the three categories: superficial, intermediate 
and deep[15]. 

We used a wireless and mobile BioRadio 
physiological monitor to acquire SMG signals 
considering the device is suitable for recording 
subjects during movement due to its compact design 
and wireless data transmission[16]. The electrode 
position used during the testing of the project is shown 
in Fig. 2, where eight AG-AGCL bipolar SEMG 
electrodes were placed with centre to centre distance 
of 20 mm. The ground electrode was placed on the 
elbow. 

 

 
Figure 2   Electrodes placement on the forearm of an 

able-bodied subject 
 
This position was used in a similar study in finger 

motion decoding[17], and we chose this position after 
tested several other alternatives. It is an effective 
location due to the position of the Flexor muscles that 
controls the flexion of the fingers are located close to 
the surface of skin, as in Fig. 2. 
 
III. FILTERING AND DATA PROCESSING 
 
Even though it has been suggested that any notch 
filtering needs to be avoided because it destroys two 
much signal information [12], we found that notch 
filtering had produced better results of classification in 
our study. Hence we applied an IIR Notch filter to 
remove some of the signal noises as in Fig. 3(a), where 
raw SEMG signals were sampled at 1 kHZ. The 
filtered signal is shown in Fig. 3(b). The notch of the 
filter was placed at 50Hz location.  

 

 
Figure 3(a)Raw SEMG signal sampled at 1 kHZ 
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Figure 3(b) IIR Notch filter with the notch located at 50 Hz 

 
A 4th-order Butterworth filter with a cut-off frequency 
of 30Hz was chosen so that the response slope of the 
filter has a steep roll off in response to reduce artefacts 
in the signal, as in Fig. 4. 

 

 
Figure 4Rectified data sample after applying Butterworth high-pass 

filter with IIR Notch filter 
 
SEMG signal pattern is random in nature due to the 
constantly changing motor unit recruitment. To 
address the issue of non-reproducible signal 
pattern,we applied a smoothing filter to find a mean 
trend within the data. We used two types smoothing 
filters: moving average (MA) and root mean square 
(RMS). Fig. 5(a), (b), and (c) show the smoothed 
SEMG signal after applying a moving average filter 
with a window size 5, 10, and 15, respectively. 

 

 
Figure 5(a): The smoothed SEMG signal after applying a MV 

filter with a window size 5 
 

 
Figure 5(b): The smoothed SEMG signal after applying a MV 

filter with a winder size 10 

 
Figure 5(c): The smoothed SEMG signal after applying a MV 

filter with a winder size 15 
 
Fig. 6(a), (b), and (c) show the smoothed SEMG signal 
after applying an RMS with a window size 5, 10, and 
15, respectively. 

Figure 6(a): The smoothed SEMG signal after applying a RMS 
filter with a winder size 5 

 
Figure 6(b): The smoothed SEMG signal after applying a RMS 

filter with a winder size 10 

 
Figure 6(c): The smoothed SEMG signal after applying a RMS 

filter with a winder size 15 
 

IV. FEATURE EXTRACTION 
 
After the noises reduced and data smoothed, the 
features within the data can be chosen to be used in 
classification analysis. We chose the peaks within the 
SEMG bursts as the feature because peak-feature 
extraction causes the least amount of delay during the 
real-time classification stage.  

Two parameters, minimum peak height and 
minimum distance between each peak, are used in 
feature extraction. The first parameter rejects peaks 
below the required range, and the second rejects peaks 
that are too close to each other. The alignment of each 
peak between channels is also controllable, which is 
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useful in removing peaks that do not relate to the 
finger.  
The testing makes use of four-channels of electrodes, 
so it is important to manipulate the settings of the peak 
detection function so it works correctly for all 
channels. It is essential to find a set of minimum 
heights for peak detection that takes into account the 
weaker channel’s peak height and the set of ranges 
between peaks that can be used to ignore peaks that 
occur within the set minimum range. Fig. 7 shows 
detected peaks of the four-channel sEMG signals. 

 

 
Figure 7Peak detection of the four channels 

 
V. FINGER-MOVEMENT CLASSIFICATION 
 
We applied supervised machine learning to 
finger-movement classification, where the known set 
of peak data and the known finger-movements that 
was the result of the peak data served as training data. 
The MATLAB Classification Learner app wasused to 
automate the algorithm training process.  

We tested some of the supervised machine learning 
algorithms, including K-nearest neighbor (KNN), 
support vector machine (SMV), ensemble, decision 
tree, linear discriminant, and quadratic discriminant, 
provided by the MATLAB Classification Learner app.  

The four-channel SEMG signals were sampled at 1 
kHZand filtered, smoothed, and rectified as discussed 
in the previous sections. The minimum peak height 
and minimum peak distance of each finger were tuned 
to remove false positives detected by the peak finding 
algorithm.We used the overall accuracy rather than the 
accuracy ofeach individual finger-movement because 
we would like to have a better overview of the 
potential of each algorithm.  

Fig. 8(a) to (f) show the average success rates of the 
SVM, decision tree, KNN, ensemble, linear 
discriminant, and quadratic discriminant classification 
algorithms under different smoothing filters. 

 
Figure 8(a)  The average success rates of the classification 

algorithms under moving average filters 
 

 
Figure 8(b)  The average success rates of the classification 

algorithms under root mean square filters 
 
It can be see that if peaks are used as the feature for 
classification under supervised learning, ensemble 
algorithm achieves the highest overall success rate and 
the moving average filter with a window size 10 
provides the best smoothing signals for subsequent 
classification.  
 
CONCLUSION 
 
This paper presented a method of classifying real-time 
raw SEMG signals through the usage of peaks and 
supervised machine learning algorithms. It was shown 
during testing that the individual finger movements 
were successfully classified with an accuracy of 
92.5-100%. Due to the complexity of finger 
movement classification, further development is 
necessary to improve overall classification accuracy 
and a larger subject size would be useful in 
determining the success rate of the system. 
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