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Abstract— Significance of rehabilitation engineering is gaining
popularity with the advancement in technology as more amputees
desire to perform day to day tasks. Researchers are proposing designs
and devices related to prosthesis which can achieve principle
functions. Ideal upper limb prosthesis is one which can mimic actual
hand. Control of Electromyography (EMG) based prosthesis is still in
primitive stage as large number of channels is required even for the
recognition of only few hand gestures. This study presents
classification of essential hand movements for dexterous control of
upper limb active prosthesis using surface Electromyography (EMG).
Forearm muscles were used to detect these signals. Four pairs of
surface electrodes were used with one reference electrode. Thus
lesser number of channels used as compared to previous studies. Off-
line analysis was used to figure out classification accuracy. Time
domain feature extraction was done in the initial stage with support
vector machine (SVM) analysis used for classification in the later
stage. Results showed that hand movements were decoded accurately
under latencies of 300ms. Five different movements were classified
with the average accuracy between 84-90%.

Keywords—Electromyography (EMG), Support Vector Machine
(SVM), Prosthesis, Gesture Recognition

I. INTRODUCTION

Amputation is one of the most visible and psychological
mortifying event that can happen to any person. According to
extrapolated statistics there are more than 1.1 million amputees
in Pakistan. Due to ongoing conflict this number is still
increasing. Many of these disarticulations are upper limb
which are below elbow. Most of these people are not provided
with devices which can help them in their daily chores. Those
provided with these prosthetics are having very low
functionality and can perform very limited tasks. Trauma is the
main cause of amputation [1]. Many high tech artificial limbs
are available in the market with variable set of gestures such as
The Hand with multiple grip patterns by RSL Steeper [2],
trainable Michelangelo by Ottoback [3], i-Limb ultra-
revolution with powered rotating thumb by Touch Bionics [4].
But the device which can mimic actual hand is still a long way
to go. For EMG based control prosthesis it is basically a
tradeoff between degrees of freedom attained by the limb and
the number of channels used.

Electromyography (EMG) is field that deals with detection
(from needle, surface and cup electrodes), signal processing
(Power Lab or Lab view) and use of electrical signals
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generated by the voluntary contractions of muscles (for active
prosthesis) [5]. This potential generated varies from 0-5 mV
when they are flexed or neurologically activated. EMG surface
activity stimulated by voluntary contraction of the targeted
muscle is considered as the intention of myo-limb user.
Comparisons of the predetermined threshold value of EMG
signal with Mean Absolute Value (MAV) give us the intension
of the user.

Human body consists of muscles, composed of fibers having
motor points in it. These points when activated generate motor
point active potential. Motor unit is the composition of
anterior horn cell, its axon and muscle fibers innervated by the
motor neuron. Motor unit action potential (MUAP) is a train of
pulses or summation of a group of muscle fiber action
potential (MFAP) where superimposed information of muscles
and generated pulses is determined by each MFAP. As long as
force is maintained or even increased motor unit generates
pulses continuously and consequently muscle contracts [6].
Number of activated motor points will increase as human
muscle apply more force, so we can drive that throwing a
heavy stone activates more motor points than throwing a
lighter stone. Greater number of activation of MUAP’s makes
things difficult for the neurophysiologist to distinguish
between individual signals of muscles. Decomposition and
careful grouping of these potentials can provide useful
information which can lead neurophysiologist to the diagnoses
of many neuromuscular disorders.

MUAP’s is the symptom of muscle control of human body
that incorporates the data of user’s intent to flex his muscle.
Recent studies have shown that human muscle generates
repeated patterns of EMG signals before the intension to
perform a certain movement [7].So the importance of these
signals increase many fold because the control of active
prosthesis is based on the intension of user.

Recent development in electronics and computer
technology made automated EMG signal analysis possible.
Many studies have been done on able as well as disable bodies
to authenticate the expediency and performance of different
classification algorithms. These techniques used EMG signal
taken from forearm. Variable number of electrode pairs was
used ranging from 4-12. Shenoy et al presented a technique to
classify eight different motions (griping, opening of hand,
rightward, leftward, upward, downward movements of hand,
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angular motion of hand) with the help of artificial neural
network (ANN). Eight pairs of surface electrodes were used
and placed on selected muscles with real time data acquisition
[8]. These patterns can be linked to prosthesis to control the
dedicated moves. Zecca at el in their review demonstrated that
EMG signals can be used for active prosthesis control [9].
Zhang et al extracted multiple motor unit action potentials
from the subjects having neuromuscular disease for
rehabilitation purposes [10]. Hargrove et al determined
muscles re-innervation with the help of electromyography
using adaptive pattern recognition [11]. A strategy has been
presented by Liu et at for rehabilitation of the subject having
incomplete cervical spinal cord injury using surface
electromyography [12]. Kanitz et al [13] has decoded 12
different finger gestures using 16 surface electrodes. Support
vector machine (SVM) was used for classification.

All the above mentioned studies used high density surface
electromyography which require more than 6 electrode pairs,
Although utilization of data form greater number of electrode
pairs provide elaborated information but also require large
surface area to place them on given amputee. Due to this
impulsion routine EMG clinical procedures and checkup are
still not possible. Large set of gesture must be discriminated if
small number of surface electrodes is used. A study has shown
that classification accuracy drops by 3% if the number of
electrode pair used are restricted to 8 [14].

In this paper, we classified five different functional motions
of hand using low density EMG signal, acquired from targeted
muscles. The main goal of this proposed system is to
automatically discriminate five motions. These motions were
griping, upward, downward, leftward and right ward motion of
hand. Four EMG channels were used, which were lesser in
number as compared to previous studies. Subjects performed
these mentioned gestures. Surface EMG electrodes were used
to record data. Four time domain features were extracted from
each channel data which is then followed by feature
classification with the help of support vector machine (SVM).

System consists of EMG data acquisition unit, Signal
analysis unit, feature extraction unit and classification unit.

PROPOSED SYSTEM

Raw EMG | \| Data Acquistion . \| Signal Analysis
Signals |/ Unit — Unit
Grip . .
Upward |/ | Classification Time Domain
e\ RBF Kernal Feziile
Lervard Extraction
rightward

Fig.1 Flow chart of EMG based gesture recognition system.

Raw EMG signal is fed in to data acquisition system taken
form the subjects. In this phase amplification and filtering of
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raw signal is being done, with the help of notch and band pass
filter. For sampling purposes careful selection of sampling rate
of EMG signal has been done. This recorded data is then fed in
to unit where features were extracted from each channel’s data.
Feature vector is then classified using RBF kernel based
support vector machine (SVM) with a 10-fold cross validator.

I1l. NOISE REDUCTION TECHNIQUE

Electromyographic signal has very low signal to noise
(SNR) ratio, one of the main reason of low SNR is
disturbances. These disturbances are caused by many factors
and one of the main factors is cardiac artifacts. Ratio between
electromyographic signals and cardiac artifacts keep on
changing due to non-stationary nature of EMG signals.

A method has been devised to cater for these cardiac artifacts
in which referencing is done with respect to ECG signals
,digital filter is applied to reduce the power line disturbances.

Detected signal comprised of both mayo graphic p, (t) as well

as cardio graphic h, (t)

F() = Z[ P (®+h (]

FO=3 p+ 3 h )] 0

Here
P, (t) = Detected mayo-graph

h, (t) =Detected cardio graph

M= Electrodes placed on limb
Autocorrelation function is given as
Placing eq (i) in (ii)

I (7) = E[F(t) F(t—1)] (ii)

re-£{[Sn0: o [ Sae-oeSne-n])

FFF (T) = erh Pc (T) +erbhc (T) +ercho (T) +Zrhohc (T)

As variables b and ¢ has no co-relation, so those parts having
both EMG and ECG combined together in one function will be
cancelled out and remaining functions will be as follows.

M M

[ee (7)) = erb . (7) +Zrhbhc (z)
b,c b,c

As b#cC so

P () = T (4 2T, () 4M 7T, (0)

Lo (0) =ML, () MLy (D)4 2T, (0

Derived equation shows that by increasing number of surface
electrodes placed on the targeted muscles will increase signal
to noise ratio SNR N times.
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IV. EXPERIMENTAL METHODS AND PROCEDURES

A. Data Acquisition Protocol

1. Participants

Low density EMG signals were acquired from right forearm
of nine intact limbed subjects. All were male aged between 22-
28 years. No subject had the history of any neuromuscular
diseases. This research was approved by Bio-medical
engineering department of school of mechanical and
manufacturing engineering (SMME). Data were collected at
human system lab (NUST), Pakistan. All participants gave
their consent before participating in the study.

2. Electrodes Placement

Skin of the subjects was properly prepared before
conducting these experiments. Alcoholic swaps were used to
remove dead skin from the targeted muscles, to improve
conduction of these signals preparation gel was applied on all
the subjects. 4 EMG channels were used with self-adhesive
passive Ag-Cl electrodes. Elbow joint is used as reference
point for the placement of electrodes on the subjects. The
established location of electrodes is between innervation zone
and the tendinous insertion [15].

f-
Fig.2 Pictures of movements discriminated by the proposed
system (a) relaxed position, (b) flexion of hand, (c)upward
movement of hand, (d)downward movement of hand, (e)
leftward movement of hand, (f) rightward movement of hand.

Calibration must be done before recording muscle signal, by
capturing signal between maximum voluntary contractions
(MVC) as well as in the time of muscle relaxation. Low quality
data will be acquired even if a single electrode is misplaced.
Signal to noise ratio (SNR) must be greater than 10 to record
data. During recording of data each subject sat on the chair in
front of the computer and followed the directions (grip,
upward, downward, leftward, rightward motion of hand)
coming on the monitor. Elbow is stationary during experiment.
Subjects were asked to perform each required motion for 10
seconds with 5 second of rest during each motion. 10 trials
were taken from each subject.
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Table.1 placement of EMG electrodes on the muscles

Channels No of Electrodes Muscles

EMG Channel 1 Ag-Cl  Electrode | Flexor digitorum
pair profundus

EMG Channel 2 Ag-Cl  Electrode | Extensor carpi
pair radialis longus

EMG Channel 3 Ag-Cl  Electrode | Flexer carpi
pair ulnaris

EMG Channel 4 Ag-Cl  Electrode | Extensor
pair digitorum

cummunis

In order to remove common mode noises and cross talk
from nearby muscles bi-polar EMG electrodes were used.
12mm distance was maintained between two individual
sensors. Hairs were not removed from the forearm on the
request of all subjects.

3. Data acquisition and signal processing

EMG electrodes were fed in to data acquisition and signal
processing unit. For this purpose ML8456 Power Lab 26T
(LTS) data acquisition system has been used for the
investigation of spectral characteristics of EMG signals, which
is their dominant frequencies, amplitude and Mean absolute
values. It has two isolated biological inputs approved for
human connection. External trigger was used for data
recording. The integrated EMG signal was digitized at a
sampling rate of 1 kHz using a 24 bit ADC of Power lab 26T.

Figure.3 Analysis of EMG signals through ML8456 Power
Lab 26T (LTS) for flexion and extension of hand.

Table.2 Specification used, ML8456 Power Lab (LTS)

Parameter Value
CMMR 110 dB
Bio-Amplifier Input no 3 and 4
Low pass cut off 1kHz
High pass cut off 10 Hz
Notch filter 50 Hz
ADC resolution 24 bit
Maximum Bandwidth 25 Hz
Inter Channel cross talk >90 dB
Signal noise ratio SNR >110dB
Input leakage current <4uArms

As offline analysis was done, data that was collected from
each subject was converted into a mat file and further used for
feature extraction and classification.
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Fig.3 Data recorded from four EMG channels, contraction of
forearm muscles for griping, at a sampling rate of 1 kHz.
Single sample recorded for 10 seconds.

V. FEATURE EXTRACTION AND SELECTION

In the process of getting low dimensional feature vector,
which will provide us distinguishing information, four
frequently recommended time domain features were accessed
from each channel.

1. Mean Absolute Value (MAV)

It is defined as the calculation of all data values in the
moving window and taking mean of the resultant value. In
class separablity it has shown better results than other features
[16]. Comparison can be done on class separablity in each case
if we can find a suitable EMG subset. MAV is given as

N
MAV =1/N>|x,| @
n=1

In equation no.1 X, represents the nth sample of the EMG

signal and N is the number of samples in the window. Matrix
with MAV features can be shown as below

Vil = 2)

m

V4,1

m
V4,10

Where v is the value of MAV, i is the channel number (1-4),
j is the number of trial (1-10) and m is the motion number (5),
which goes as grip, upward, downward, leftward and
rightward. Normalized samples were used ranging between 0-1
from each channel and motion. Average MAV value from each
channel is given by

S
X1
-k
— k X2
X, =|_, 3)
X3
-k
— k i
Where X is
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2. Zero Crossing

This feature counts the number of times per unit time that
the amplitude of the signal crosses the zero value of signal.
The relative ease with which this feature can be measured
made it very popular among researchers. Myopathic and
normal muscles can simply be discriminated by using this
feature. As muscle undergo sustained contraction, more motor
point’s fire and the number of motor unit action potential
(MUAP’s), also increases which consequently results in higher
number of zero crossings as the frequency of the signal
increases. This feature is very effective and small enough to be
merged in other features without adding any significant
computational burden. It is defined as

N-1
ZC =D "[5gn (X, Xy ) O[X, =Xy 2 thres | ()
n-1

Where sgn is
Sgn(x) = 1,ifx > thres @
gnix) = 0, otherwise

If threshold is crossed, function sgn returns the value 1 and
zero crossing counter increases by one.

3. Variance

Variances of EMG signal give us the power of the selected
segment. It is defined as the mean value of the square of the
deviation of that variable. It is based on assumption that EMG
signal can be amplitude modulated Gaussian noise modeled.
Small value of variance indicates that it is close to mean.
Commonly the mean of the EMG signal is close to zero. It can
also be used for augmenting the other features for a more
powerful feature vector. Variance can be calculated as follows.

1 N
VAR=—) %2
N —lé "
Where X represents the nth sample of surface EMG signal
and N is the length of the signal.

4. Willison Amplitude
Willison Amplitude (WAMP) is defined as the number of
times at which the difference between peak values of EMG
signal and two consecutive segments of EMG signal exceeds
the threshold value. It has the same effect as Zero crossing and
slope sign change that is to reduce noise effect.

WAMP = %[f X, —xn+1|]
n-1

1, ifx > thres
f(x)= :
0, otherwise

It has been experimentally determined that if we know the
noise level then by keeping our threshold value above that

18
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WAMP can accurately count the frequency of motor unit
action potential (MAUP’s) firing. So WAMP can be very
useful and effective in temporal feature.

V1. CLASSIFICATION

Support vector machine (SVM) is the kernel based classifier in
which it finds linear separating hyper plane with optimal
margin by placing each training dataset into a higher
dimensional feature space using a non-linear kernel[17]. It
has the greater ability to generalize which is the primary goal
in statistical learning. SVM was earlier developed to handle
just classification problems but later on it was also used for
regression. Linear kernel separating hyper plane is used for the
classification of data, if the given data is linear. Some of the
main reasons for choosing SVM are.

1. Kernel based SVM adds the advantage of handling
threshold, which separates solvent from insolvency. It
classifies even when data is non-linear or not having
same functional form.

2. Having property of kernel implicitly, it contains non-
linear transformation and no suppositions about the
functional form of transformation, which makes the
data linearly separable. SVM do these
transformations without any human expertise verdict
but on robust theoretical basis [18].

3. SVM ensures better generalization ability by
selecting values of C and r appropriately. By careful
selection of these parameters it improves robustness
even when the training sample has some bias.

4. One of the aspects that give precedence to SVM over
other classifiers is that it gives only one solution
which makes it better classifier than multiple layer
perceptron (MLP) neural networks (NN), which gives
you more than solution depending upon local minima.

C and r are tuning factors for radial based kernel SVM. Here C
controls the generalization ability of SVM. Higher the value of
C higher will be the weight given to sample data
misclassification and lower will be the generalization of the
classifier. r control the radial basis of kernel reducing
complexity of model selection.

In the study linear implementation of SVM was used for
classification in which the complexity perimeter C was
optimized for each subject. C was iteratively optimized
between (0.001, 0.01, 0.1, 1, 10, 100, and 1000). To identify
best classification scheme and its dependence on number of
classes, following results were assimilated to distinguish five
motions of hand.

Predicted value

Ground Truth

4 — Right
Fig.5 Class to class confusion matrix derived from
classification results of nine subjects using SVM classifier.
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Results showed in the main diagonal matrix shaded in black
shows correct classifications and those shaded in grey are
wrong classifications.

One-vs-rest (OVR) is the strategy which is employed by
during study, Library of libSVM is used to implement our
classifiers. This was developed by Chang et al [20]. Training
trials per subject were ten. Testing trials per subject were four.
Total gestures recognized were five. Total training data was
(subjects (9)*gestures (5)*training trial per subject (10)) =450,
Total testing data was (subjects (9)*gestures (5)*training trial
per subject (4) =180). Parameters C and r were optimized at
the value of 8 and 0.5 respectively. Training data accuracy
came out to be 95.55% whereas test data accuracy was about
90%.
Table.3 Recognition rate of each motion

Motions of hand Average accuracy
Griping 84%
Upward motion 98%
Downward motion 98%
Leftward motion 84%
Rightward motion 84%

Misclassification was noticed in leftward, griping and
rightward but these motion did not affect the classification of
up and downward motion of hand, Misclassification occurred
due to wrong positioning of surface EMG electrode, which is
obvious as there are more than 20 muscles in human arm;
some of them are overlapping which brings the effect of cross
talk deteriorating the quality of signal. For actual active upper
limb prosthesis these accuracies will be further reduced due to
reliability issues of real-world control system in which the
electrodes position on amputee arm and non-stationarity of
EMG signal is going to affect the performance of artificial
limb [21-23].Reproducibility is other constraint which is to be
dealt. Much of the study has done on the classification and
pattern recognition techniques but know there is a need of
improving robustness of the fabricated system instead we keep
on improving accuracies by small fractions. This can make
EMG pattern recognition based system a real clinical
procedure for diagnoses different neuromuscular diseases.
Different amputees have different degrees of injury
considering type of muscles and nerves damage for which he
can perform only few motions with the help of rehabilitation
device without any feedback. So before designing such device
factors like number of channels, number of gestures and
scheme for signal analysis must be personalized. Tackling with
these issues will certainly help in increasing usability of EMG
based pattern recognition controlled prosthesis and that will be
the focus of our future work.

VII. CONCLUSION

In this paper we presented initial study for the classification of
functional motions of hand using low density EMG signal.4
channels of EMG has been used. Noninvasive 8 surface
electrodes were employed for signal acquisition. Nine subjects
were selected for data collection. Subjects were asked to
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perform five motor tasks which were griping of hand, upward,
downward, leftward and rightward motion of hand as shown in
figure 2. Four time domain (TD) features were carefully
selected and used them for extracting required feature set.
Standard support vector machine (SVM) has been used to
classify motions on the basis of feature set. Testing data
accuracy was 90%. This can be further enhanced by extracting
more features and accurate placement of electrodes. Previous
studies had more accuracy than this but they used more
channels. Future work will be targeting more classification
accuracy and developing a prosthesis design which can be
personalized according to the type of amputation.
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