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Abstract

Project Code: RSA5980049

Project Title: Recognition of surface electromyography signals from finger
movements

Investigator: Associate Professor Dr. Pornchai Phukpattaranont

E-mail Address: pornchai.p@psu.ac.th

Project Period: 2 years

Abstract:

Electromyography (EMG) in bio-driven system is used as a control signal, for
driving a hand prosthesis or other wearable assistive devices. Processing to get
informative drive signals involves 2 main modules: feature extraction and
classification. We explored 6 feature extraction techniques and 7 classifiers applied
for (1) finger movement recognition and (2) force classification in this research project.
While the 6 feature extraction techniques consist of (1) principal component analysis
(PCA), (2) linear discriminant analysis (LDA), (3) uncorrelated linear discriminant
analysis (ULDA), (4) orthogonal fuzzy neighbourhood discriminant analysis (OFNDA), (5)
spectral regression linear discriminant analysis (SRDA), and (6) spectral regression
extreme learning machine (SRELM), the 7 classifiers are composed of (1) support
vector machine (SVM), (2) linear classifier (LC), (3) Naive Bayes (NB), (4) k-nearest
neighbours (KNN), (5) radial basis function extreme learning machine (RBF-ELM), (6)
adaptive wavelet extreme learming machine (AW-ELM), and (7) neural network (NN).
For finger movement recognition, we classified a 6-channel EMG signal from 14 finger
movements. Results showed that the combination of SRELM and NN yielded the best
classification accuracy of 99%, which was significantly higher than those from the
other combinations tested. For force classification, we classified a 12-channel EMG
signal from 5 force levels. Results showed that the combination of SRELM and NN

also yielded the best classification accuracy of 98%,

Keywords: Electromyography (EMG), feature extraction, classification, Finger

movement, Force level



Contents

CHAPTER 1 INtrodUCHION.....c.cuiiiiiiie e 1
1.1 Research problem and its significance.........c.occvcvcivicvinicnicninn, 1

1.2 LITErature reVIEW.........ccuiuiiiieiiiieicercccce e 3

1.2.1  EMG signal acquisition and pre-processing .......c.coeeeeeceeerereeeeeeneenes 4

1.2.2  EMG pattern reCogNItioN .......cccoveieeeriinrieeeecerseeeeeee e 13

1.2.3 CONtrOL SYSTEM coovieieiee e 18

1.3 ODJECHIVES .ot 19

14 METNOAOLOGY ... 19

1.4.1 Electrode location and experimental setup .....cccovveerriererincnnee. 19

1.4.2  EMG pattern reCogNItioN ... 20

1.5 SCOPE Of IESEAICN .. 22

1.6 Expected DENEFItS ... 22

CHAPTER 2 Flexion EMG data........cccoooiiiiiiceieieiecses e 23
2.1 INEFOAUCTION L.ttt 23
2.2 TREOTY ottt 24
2.2.1 Feature extraction ... 24

2.2.2 Feature ProjeCtion ...t 27

2.2.3 Feature evaluation ... e 28

220 ClasSifiCatioN ..o 29

23 Materials and Methods ..o 30

23,1 EMG data aCquISTION c..ceuriieeeeieee e 30

2.3.2 METNOAS ... e 32

2.4 Results and diSCUSSION ... 34

2.4.1 Characteristics of the projected features........c.ccoeoevvieriierennne. 34

2.4.2  ClassifiCation @CCUIACY .....cireueeeeeeeieee et 36

2.4.3  Performance COMPAriSONS. .......cccuucurueiiurieeiieeiecieeceseieeseieesieseceees 39

2.5 CONCLUSIONS ettt 41

CHAPTER 3 Pinch EMG data ........cooiiiiii e a2
3.1 INEFOAUCTION ..t a2

3.2 Materials and METNOAS ... 42



3.2.1 EMG data aCqUISITION c.c.cueeiicceieieiee e a2

3.2.2  Evaluation of pattern recognition techniques.........cccccooeeuriiennes a7

33 Results and diSCUSSION ...t 52

3.3.1 Feature projection using SRELM method........cccccovierniieniiennnes 52

3.3.2 Feature projection method comparison ..........ccccccvvcrcnicincnnns 59

34 CONCLUSIONS 1.ttt 62

CHAPTER 4 Conclusions and recommendations for future work .......................... 63
4.1 CONCLUSIONS .ttt 63

4.2 Recommendations for future study .......cccocoveeeeeeeeeeeeeeeeeee 64

RETEIEINCES. ...ttt 65



1.1
1.2
13
1.4

15
1.6

1.7
1.8
1.9

1.10

1.12

1.13

2.1

2.2

23

24

2.5

3.1
3.2

LIST OF FIGURES

Individual and combined fingers flexion. ... 2
Finger joint angle for grasping obJeCt [A1] ..o 2
Finger pushing on piano keyboard [A5]. ... 2
Six hand grasp postures: from top left (clockwise) are cylindrical, tip/fine

pinch, hook, palmar, thumb enclosed, and lateral grasps [82]. ......ccccovvvrrrreunenes 2
The procedure of myoelectric CoONtrol SYSTEM. ....coccvieriieree e 3

Examples of EMG signal in time domain (top) and frequency domain

(DOTEOM). oo 5
Summary of number of channels used in acquiring EMG signals. .......ccccccovveuaee. 6
Summary of electrode lOCATIONS. .....c.ccciiieieiiiiieeceee e 7

Forearm muscles positions (a) anterior forearm muscles (b) posterior

fOrearm MUSCLES [18] ...ttt 8
Summary of nuMber of MOVEMENTS. ..o 9
Summary of movement types. (a) individual finger. (b) combined fingers........... 9
Summary of NUMDBEr Of SUDJECES. ... 10
Six different grasping types divided by Schlesinger. [53].....cccccovienieenninnnene 11
The electrode locations on forearm muscles (a) The fourteen finger

MOVEMENTS (D). 1..viiiiiiieiiie e 31
Example of the six-channel EMG signal from thumb flexion (M1)........ccceeue.c... 31
EMG acquisition and analytical method. ..., 33

Scatter plots of the two top ranked projected features when using (a)
SRELM, (b) LDA, (c) ULDA, (d) SRDA, (e) OFNDA, and (f) PCA. ....c.ccccoevvirirvvrvin. 35
RES index of the projected features from different feature projection
TECNINIGUES. .ttt 35
Three hand muscles (a) AP (b) APB () FDI [101] i 43
Two lower forearm muscles (a) FPL (0) EPL [101] .o, 44



LIST OF FIGURES (CONT.)

3.3 (Cross-section of the right forearm indicating approximate electrode
locations. Muscles are as follows: (1) extensor carpi ulnaris (ECU), (2)
extensor digitorum communis (EDC) and extensor digiti minimi (EDM), (3)
extensor carpi radialis longus (ECRL) and extensor carpi radialis brevis
(ECRB), (4) brachioradialis (BR), (5) fexor carpi radialis (FCR), (6) palmaris
longus (PL), (7) fexor digitorum superficialis (FDS), (8) fexor carpi ulnaris
(FCU), and (9) fexor digitorum profundus (FDP) [102]. ..o, 44

3.4 Thumb-index pinch at three wrist postures (a) flexion (b) neutral (c)
EXTENSION L.ttt a5

3.5 Thumb-index pinch on the boxes with five different widths (a) 45 mm (b)
60 mm (c) 75 mm (d) 90 MM () 105 MM v 45

3.6 Flowchart of the eXperiment. ... a7

3.7 Example of EMG signal plots in time domain (left) and frequency domain
(right) before filtering (top) and after filtering (bottom). .....cccveviviivicnicicenes 43

3.8 Example of 12-channel EMG data after filtering. ..., 48

3.9 Example of force data (a) and boxplot of its average (b) obtained from

three times of trial in each posture from 45 mm box width and 10% force

3.10 Example of force data (a) and boxplot of its average (b) obtained using three

times of trial on five different forces from flexion posture and 45 mm box

3.11 Example of force data (a) and boxplot of averaged its average (b) obtained
using three times of trial on five different box widths from flexion posture
ANd 1096 fOICE LEVEL .. 51

3.12 Example of EMG signal from channel 1 in three postures, 45 mm box width,
10% force level and 1°! trial. Top, middle, and bottom panels represent
posture of flexion, neutral and extension, respectively.........cccoovirniennicnines 53

3.13 Boxplot of MAV values in each posture from channel 1 that are averaged

from all box widths, all force levels and all trialS. ..o 53



LIST OF FIGURES (CONT.)

3.14 Scatter plot from MAV features (chl and ch3) (a) and from the feature
projection (SRELM) (b) in posture classification of subject 2, all box widths,
all force levels and all trials. ..o 54
3.15 Example of EMG signal from channel 1 in five forces, flexion posture and 45
MM DOX WIAEN. ottt 55
3.16 Boxplot of MAV value in each force level from channel 1 that are averaged
from all postures all box widths and all trials. ..., 55
3.17 Scatter plot from MAV features (chl and ch3) in force classification, all
postures, all box widths and all trials. ..., 56
3.18 Scatter plot from the feature projection (SRELM) in force classification from
all postures, all box widths and all trials. ... 56
3.19 Example of EMG signal from channel 1 in five box width, flexion posture and
1096 FOrCE LEVEL e 57
3.20 Boxplot of MAV value in each box width from channel 1 that are averaged
from all postures all force levels and all trials. ... 58
3.21 Scatter plot from MAV features (ch1 and ch3) in box width classification from
all postures, all force levels and all trials. ... 58
3.22 Scatter plot from the feature projection (SRELM) in box width classification
from all postures, all force levels and all trials. .......ccoooeviieeinicinieeeee, 58
3.23 RES Index in feature projection method comparing with baseline feature in

posture classification, force classification and box width classification............... 61



LIST OF TABLES

1.1 Summary of simple object shapes linked with the objects used in daily life
and their corresponding rasping TYPES ....c.curueurueieueieiriririnei e 12
1.2 Summary of gaps for future research based on a literature review of feature
extraction, dimensionality reduction, and classification methods............ccccoco...... 21
2.1 Mean and standard deviation of classification accuracies for 14 movements
obtained with various pairs of feature projection (FP) and classifier...................... 36
2.2 Mean and standard deviation of classification accuracies for 14 movements

obtained from the NN classifier with three alternative sizes of the hidden

2.3 Mean and standard deviation (SD) of classification accuracies for 14
movements obtained from the SRELM feature projection and the NN
classifier as the number of available EMG channels is reduced step by step. ....38

2.4 Mean and standard deviation of classification accuracies for movement
reduction obtained from the SRELM feature projection and the NN classifier
using the EMG signals from CH3 and CH6. ..o 40

2.5 Performance comparisons with other techniques from previous publications

sorted with the number of MOVEMENTS. .......oiiiiree e 40
3.1 Summary of electrode placements and manual muscle testing........cccccvveueneee. a4
3.2 List of time domain features used in this StUdY.........ccccoveveieiieiiceeeeeee e 49

3.3 Accuracies from each classifier compared between with and without force
data in subject 1, 2 and 3 using SRELM as feature projection in posture
ClASSITICATION. 1o 54

3.4 Accuracies from each classifier compared between with and without force
data in subject 1, 2 and 3 using SRELM as feature projection in force
ClASSITICATION. 1.ttt 56

3.5 Accuracies from each classifier compared between with and without force
data in 1, 2 and 3 using SRELM as feature projection in box width
ClASSITICATION. 1o 59

3.6 Accuracies performance (%) obtained from the posture classification in

SUDJECE 2. 1ottt ettt ettt e 60



LIST OF TABLES (CONT.)

3.7 Accuracies performance (%) obtained from the force classification in Subject
et bbb bt h ettt b e bttt b et b et bt n et ne 60
3.8 Accuracies performance (%) obtained from the box-width classification in

SUDJECE 2. oottt 61



CHAPTER 1 Introduction

1.1  Research problem and its significance

The loss of finger functions is a major disability that limits everyday
capabilities and interactions [1]. Hence, myoelectric control based devices using
residual muscles, such as the muscles of the shoulder and/or arm, are used for
improving the quality of life for people with physical disabilities [2], [3]. Surface
electromyography (EMG) observes electrical activities of the muscles by detection
with surface electrodes [4]. The EMG signal contains useful information related to
muscular activity, neuromuscular disease, and movements intended [5]. It can be
used for controlling a prosthetic arm or hand, as well as with other devices such as a
wheelchair, a mouse, and a keyboard. This requires that the pattern of an EMG signal
is classified into a predefined class that is matched with the command for controlling

the device [6], [7].

Myoelectric control of active hand prosthesis can be realized in two different
categories, i.e. finger movement based on motion and finger movement based on

object [8]. Details of each category are as follows.

® The first category is classification of the movement of each finger based on
motion consisting of flexion/extension of five individual fingers and combined
2-5 fingers, finger joint angle, and finger force. Figure 1.1, Figure 1.2, and Figure
1.3 show the examples of experiment setup from finger flexion/extension,

finger joint angle, and finger force researches, respectively.

® The second category is classification of the intended grasping (based on
object) consisting of various object shapes (e.g. sphere, cylinder, cone,
pyramid, cube, and parallelepiped), object sizes, and object positions. Figure
1.4 shows the example of six hand grasp postures from the previous

publication [9].

The objective of this study is to classify finger movements using surface EMG
signal measured from hand and forearm muscles to classify the combination of two
different categories of finger movements presented above, which has not been

proposed in literature. In order to improve the performance and response time of the



system, it is necessary to optimize the feature extraction, dimensionality reduction

and classification method.

Figure 1.2 Finger joint angle for grasping object [10].

WYV wv gy

Figure 1.3 Finger pushing on piano keyboard [11].

= - 9

> - &

Figure 1.4 Six hand grasp postures: from top left (clockwise) are cylindrical, tip/fine

pinch, hook, palmar, thumb enclosed, and lateral grasps [9].



1.2  Literature review

Figure 1.5 shows the procedure of myoelectric control system. Myoelectric
control system can be divided into three main modules including EMG signal
acquisition and preprocessing, EMG pattern recognition, and EMG control system [2,

4]. Details of each module are as follows.

EMG signal acquisition and preprocessing can be divided into three sub-
modules including amplifying, filtering, and sampling. Firstly, surface EMG signals are
detected by surface electrodes placed on the skin. To provide the suitable EMG
amplitude for processing, the EMG signal must be amplified by EMG amplifier circuit.
Secondly, the filter is applied for removing noise contaminated with the raw EMG
signals. Finally, the continuous EMG signals are sampled using an analog to digital
convertor. As a result, the EMG signals are already used for processing in the next

module.

EMG pattern recognition can be divided into three sub-modules consisting of
feature extraction, dimensionality reduction and classification method. Firstly, the
feature extraction methods are used to extract the useful information and discard the
un-wanted part of EMG signal. The raw EMG signals can be transformed into feature
sets. Secondly, the high dimension feature vectors should be reduced using
dimensionality reduction techniques before sending them to the next sub-module.

Finally, the patterns of EMG signals for different motions are classified.

r~=——=—==—====--5 === ========= 1

. 1 . I

| EMG signal : i EMG pattern |

e . 1
| acquisition | | recognitiom |, 1

I ~
1 and : : | EMG control :
\ : Preprocessing : Feature extraction : system I
| * I
| . | ! 1 |
X - NI Amplifying 1 N1 [ |
[ro=s : 1] ) : e Prosthetic hand i
] 1 . : : — o I
Al Vo [ L : Dimentionality : ) Pr“f‘"'{‘-“t arm |
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\ Filtering | | | I
| ! 1 1 |
: ! i i '
| I
; I i : e
1 e
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I ! I I

1 I

Figure 1.5 The procedure of myoelectric control system.



In EMG control system module, the control commands produced from the
classification stage are sent to control the devices, such as prosthetic hand, prosthetic
arm, electric wheelchair, electric bed, and assistive devices while also utilized for

other applications including computer games.

The rest of this section presents the details of the procedure of myoelectric
control system based on a literature review of classification of finger movements
using surface EMG signals to indicate the gaps, which will cause further research. The
papers related to the classification of finger movement based on motion can be
separated into 3 groups including finger flexion/extension [12, 13, 14-32], finger joint
angle [10, 33-34, 35-39], and finger force [11, 40-43]. Most publications are from
classification of finger flexion/extension. On the other hand, a few studies have

proposed the classification of finger joint angle and finger force.

In this proposal, all modules of the myoelectric control system have been
proposed for only the classification of finger movement based on motion, since it
requires highly advanced methods more than the classification of finger movement
based on object. Thus, only a review of experiment setup module for the

classification of finger movement based on object is presented.
1.2.1  EMG signal acquisition and pre-processing

Figure 1.6 shows the examples of EMG signal in time domain and frequency
domain. EMG signal represents neuromuscular activity, which can be used to express
movement intent for assistive device control and to detect abnormalities for
ergonomic assessment or neuromuscular diagnosis. In general, the frequency of EMG
signal is between 0 to 500 Hz with the dominant energy being in the 10-150 Hz range
and the amplitude of EMG signal is between 50 pV to 100 mV. Since the amplitude of
EMG signal is very low, an appropriate amplifier and a noise removal filter in a data

acquisition system are needed.
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Figure 1.6 Examples of EMG signal in time domain (top) and frequency domain

(bottom).
1.2.1.1  Data acquisition and experiment setup

1) Finger movement based on motion

® Surface electrode

Surface electrode is used to measure the voltage fluctuations resulting from
ion changes in the muscle fibers. The electrode materials, electrode shape, and inter-
electrode distance (IED) should be reported for surface EMG recording. The Ag/AgCl
electrode is commonly electrode material used for EMG signal detection, which is
robust and has excellent long term stability. Electrode shape is defined as the shape
of the conductive area. The circular electrode is widely used for EMG recording. IED is
defined as the center to center distance between the conductive areas of electrodes.
Since the bipolar electrodes configuration is frequently used for EMG recording, so
the [ED is important. The I[ED of 20 mm is recommended by Surface
ElectroMyoGraphy for the Non-Invasive Assessment of Muscles project (SENIAM
project) [44]. However, for the small muscles, IED should not exceed 1/4 of the
muscle fiber length. In addition, the skin should be cleaned with alcohol for stability

of electrode placement.
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Figure 1.7 Summary of number of channels used in acquiring EMG signals.

® Number of channels and electrode locations

Figure 1.7 shows the summary of number of channels used in acquiring EMG
signals. One, two, three, four, five, six, seven, eight, nine, sixteen, and thirty two
channels were used in the literature. Most researchers used two channels to reduce
computational complexity. In contrast, some studies [20, 45] used thirty two channels
to increase the classification accuracy. In order to reduce the number of channel,
some researchers investigated the optimal electrode placements that yielded high
classification accuracy while maintaining a low computational load and processing

time [1, 12].

Figure 1.8 and Figure 1.9 show the summary of electrode locations and
forearm muscles positions, respectively. The electrode location is one of issue for the
successful identification of motions [47]. From a literature review, there are two ways
to place the electrode locations. Firstly, the electrode location can be exactly placed
on the muscle. Secondly, the electrode location can be placed on the forearm such
as approximately 5 cm from elbow and around the forearm. Flexor digitorum
superficialis (FDS) is the most popular muscle used in a literature. In addition,
Extensor digitorum (ED), Flexor carpi radialis (FCR), flexor carpi ulnaris (FCU),
brachioradialis (BR), palmaris longus (PL), flexor pollicis longus (FPL), and extensor

indicispropius (EP) muscles are usually used.
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Figure 1.8 Summary of electrode locations.

Note: FDS = Flexor digitorum superficialis, ED = Extensor digitorum, FCR = Flexor carpi
radialis, FCU = Flexor carpi ulnaris, BR = Brachioradialis, PL = Palmaris longus, FPL =

Flexor pollicis longus, EP = Extensor indicis propius

In order to acquire EMG signals from hand and finger movements, the
electrodes need to be placed on all the corresponding muscle groups. However,
users typically do not have knowledge about muscle positions. In medical
application, the placement of electrodes on the muscle is time consuming and
requires some levels of expertise. Additionally, some muscles closely locate together,
so it is impossible to acquire the EMG signal from a single muscle [46]. In order to
solve these problems, recent studies [13, 33-34, 40] designed and developed the
multi-channel sensor rings, which can be placed around forearm and wrist, so it is

easy to set up the system.
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Figure 1.9 Forearm muscles positions (a) anterior forearm muscles (b) posterior

forearm muscles [48]
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Figure 1.11 Summary of movement types. (a) individual finger. (b) combined fingers.

Note: Thumb flexion = TF, Index flexion = IF, Middle flexion = MF, Ring flexion = RF,
Little flexion = LF, Thumb extension = TE, Index extension = IE, Middle extension =
ME, Ring extension = RE, Little extension = LE, Hand close = HC, Index-middle-ring-
little flexion = I-M-R-LF, Ring-little flexion = R-LF, middle-ring flexion = M-RF, index-

middle flexion = I-MF, thumb-index flexion = T-IF, index-middle extension = I-ME

® Number of movements and movement types

Figure 1.10 and Figure 1.11 show the summary of number of movements and
the summary of movement types, respectively. Many researchers have proposed the

classification of different finger movement types applied for prosthesis hand control.
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The highest number of movement and the most popular number of movement are
18 [37] and 4 motions, respectively. For individual finger motion, index flexion (IF) and
middle finger flexion (MF) are most popular motions. For combined fingers motion,
ring-little flexion (R-LF) and all fingers flexion or hand close (HC) are most popular

motions.

® Number of subjects

Figure 1.12 shows the summary of number of subjects. The most popular
number of subject is one subject. Since some factors (i.e. gender, age,) affect the
variation of EMG signal between subjects, the system should be evaluated using more

subjects. Healthy subjects participated in the experiment for most studies.
2) Finger movement based on object

The finger movement based on object has been extensively studied and gain
high interest [8-9, 49-63]. The finger movement based on object can be classified
using surface EMG signal or dataglove information. Dataglove resembles a glove worn
on the hand, which is equipped with sensors that detect the hand and finger
gestures. The sensor information can be used as an input for classification of finger
and hand movements. In addition, materials, locations, and number of sensors of the
dataglove depend on manufacturers [64]. However, the classification of finger
movement using dataglove information is suitable to apply with healthy or maybe
disabled users but it is limited to users who do not have a hand. Thus, the system

based on EMG signal is suitable for most trans-radial amputees and healthy users [28].
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Figure 1.12 Summary of number of subjects.
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The objects used in daily life are different in sizes and shapes. The hand and
finger gesture depends on shapes, sizes, and other properties of object, especially
during the reach-to-grasp movement [65] and applying forces to maintain a stable
grasp [66]. Therefore, the finger joint angle, number of fingers and positions finger to
contact point on the object surface should be considered. Moreover, it has different
gestures for grasping the same object. In general, the objects grasping can be divided
into two types consisting of power grasp and precision grasp [67]. A power grasp is
performed using the all fingers and the palm of the hand, such as ball and glass
grasping, whereas a precision grasp is performed using some fingers or fingertips, such
as key and pen grasping. In addition, Schlesinger [68] divided grasping types into six
different gestures including cylindrical, spherical, tip, hook, palmar, and lateral, as can

be seen in Figure 1.13. The example of each grasping type is given below

1) Cylindrical used for grasping a glass and a bottle
2) Spherical used for grasping a ball

(1)
(2)
(3) Tip used for grasping a pen and a pencil
(4) Hook used for grasping a suitcase handle
(5) Palmar used for grasping a book

(6)

6) Lateral used for grasping a key

The summary of basic object shapes linked with the objects used in daily life
and their corresponding grasping types is shown in Table 1.1. Many studies have
proposed the basic object shapes and objects used in daily life. In addition, reach-to-

grasp object at one position or various positions were examined.

Cylindrical Hook Lateral Palmar Spherical Tip

Figure 1.13 Six different grasping types divided by Schlesinger. [69]
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Table 1.1 Summary of simple object shapes linked with the objects used in daily life

and their corresponding grasping types

Shape Object Grasp type
Paper roll, plastic cup, plastic cylinder, sponge,
glue bottle, spray, twine roll, bottle, coke tin, cylindrical
torch, CDs pack, electric adapter plug, dumbbell
Cylinder
Boxes seal tape cylindrical/Palmar
Pen, pencil tip
Suitcase handle hook

Plastic sphere, fabric ball, tennis ball, styrofoam
Sphere spherical
sphere, golf ball, soft rubber ball

Cube Plastic cube palmar

Circular CD lateral

Cigarette pack, card box, paperclips pack, Audio-
Parallelepiped lateral/palmar
cassette case, post-it notes package

Business card, single CD case, pad-per-hole
Rectangular lateral
perfboard

1212 Pre-processing

®  Amplifying

The amplitude of EMG signal is between 50 pV to 100 mV. Thus, it is
necessary to amplify EMG signal amplitude. In order to reject the 50 Hz/60 Hz power
line interference, the difference amplifier is widely used. The suitable amplifier should

have the following properties:

- The common mode rejection ratio and input impedance of amplifier should
be high.

- The gain of amplifier should be set more than 1000 times.

- Frequency responses of amplifier must match frequency spectrum of the

EMG signal.
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® Filtering

The power density function of the EMG signals is between 0 to 500 Hz. Thus,
the movement artifacts (< 20 Hz) and high frequency noises (> 500 Hz) should be
removed. In addition, notch filter 50/60 Hz should be used to eliminate the power

line noise.

® Sampling

After amplifying and filtering, the raw EMG signal is sampled to store in the
computer for digital processing. The minimal acceptable sampling is at least twice the
highest frequency cutoff of the band-pass filter. For example, if a band-pass filter of
10 to 400 Hz was used, the minimal sampling rate should be at least 800 Hz (400 x 2),
as dictated by Nyquist theorem [70].

1.2.2  EMG pattern recognition

To achieve high performance in EMG pattern recognition, two important
factors are considered including computational time and accuracy. Details of each

factor are as follows.

For EMG pattern recognition that must be processed for real-time application,
the system must respond immediately after the input is applied. In order to provide a
real-time application, the EMG signal should be segmented before calculating feature
values. The EMG data segments should be equal or less than 300 ms [2] while the
popular segments are between 200 to 250 ms which contain enough information of
gestures [71]. Although, EMG data segment smaller than 250 ms could reduce
computational time, it leads to the increase in the variation of feature estimation. On
the other hand, EMG data segments larger than 250 ms could decrease the variance
of feature estimation, while it leads to increase the computational load [72]. In
addition, EMG data segmentation can be divided in two types, i.e., disjoint and

overlapped segmentations [71].

To achieve the performance in EMG pattern recognition accuracy, three sub-
modules consisting of feature extraction, dimensionality reduction, and classification

must be optimized [73]. Details of feature extraction, dimensionality reduction, and
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classification method used for classification of finger flexion/extension, finger joint

angle, and finger force from literature review are given as follows.
1.2.2.1 Feature extraction

Feature extraction is important issue to achieve high classification performance
on myoelectric control systems. It is a technique to transform raw EMG data into a
reduced representation set of features. The suitable feature vector should contain
the useful information and remove the unwanted EMG parts and interferences [74].
Features used for EMG signals are categorized by the computational techniques. In
other words, they can be determined in time domain, frequency domain, time and
frequency domain, high-order statistics (HOS), and multiple features, which are the
feature combination of two or more categories. Details of features in each category

are as follows.

Feature extraction methods based on time domain are the most popular in
EMG classification. Time domain features are extracted based on raw EMG time series,
which do not need any transformation, thus they are quick and easy to implement [3,
6]. They indicate the signal energy, duration, and force during activation of the
muscle. Three well-known time domain features are root mean square (RMS), mean
absolute value (MAV) and integrated EMG (IEMG) [6]. From a literature review, RMS,
MAV and IEMG are usually used for classification of finger movement. RMS, MAV, and

IEMG are defined as the following equations:

RMS = iZN:xj
N n=1 (1)
1 N
MAV =W2|xn|
= ()
IEMG =§:|xn| (3)
n=1

where x, represents the n™ EMG amplitude sample and N denotes a length of

analysis data window.
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Naik et al. [27-31] applied independent component analysis (ICA) before
calculating RMS of EMG signal. The accuracy of the classification is approximately 96-
99%. Some studies [35-36] showed that there are high linear relationship between
RMS values and finger joint angle and finger force. Many researchers [11, 16, 22, 24]
used MAV for classification of finger motion and finger force that achieved the
classification accuracy more than 80%. Moreover, time domain features, such as zero
crossing (ZQ), slope sign change SSC), willison amplitude (WAMP), waveform length
(WL), mean absolute value slope (MAVS), and histogram have been proposed for
hand movement classification [3, 6, 75-76]. However, time domain features are
calculated based on the mathematical assumption of signal stationarity. Hence, the
variation of feature estimation may be largely obtained when testing on the EMG
signals measured during dynamic contraction. Additionally, time domain features are
calculated based on EMG amplitude. They should be used for classification in low

noise environments [77].

Feature extraction methods based on frequency domain are usually used to
investigate the fatigue and the recruitment of motor unit of the muscle [6]. The
different contractions level and different motions correspond to different motor unit
recruitments, hence frequency domain features are also used to recognize hand and
finger gestures [78]. Power spectral density (PSD) becomes a major analysis in
frequency domain features. Two characteristic variables of the PSD, mean frequency
(MNF) and median frequency (MDF) are commonly used in EMG classification [6].
There are other characteristic variables, such as peak frequency, mean power, and
total power [77]. Fast Fourier transform (FFT) has been proposed for classification of
four finger motions consisting of thumb flexion, index flexion, middle flexion, and all
fingers flexion that yielded the accuracy more than 80% [14-15]. In addition, FFT can
be used for classification of finger force [10]. However, features in frequency domain
require the computational complexity more than features in time domain. Moreover,
Fourier transform loses time domain information of the signal that leads to lose the
information of signal change over time. Hence, frequency domain features are

suitable for stationary signals [6].

Feature extraction methods based on time and frequency domain, such as,

short-time Fourier transform (STFT), wavelet transform (WT), and wavelet packet



16

transform (WPT) are designed to solve the limitation of time domain and frequency
domain features when testing on the non-stationary signals. Time-frequency features
require the computational complexity of implementations more than features in time
domain and features in frequency domain [79]. However, they cannot be directly
used to extract the EMG signal by themselves [73]. Because, time-frequency features
vector have high dimension, their dimensions should be reduced before classification.
Some studies have proposed time domain features for EMG classification, because
the classification accuracy achieved with time domain features is higher than the
classification accuracy achieved with time-frequency domain features using a linear
discriminant classifier [72, 77]. Moreover, a single time-frequency feature has not been

proposed in previous studies.

Feature extraction methods based on HOS, such as kurtosis, skewness, and
bispectrum have been proposed in recent studies [5, 12, 43, 72-73, 80]. Nazapour et
al. [43] investicated the relationship between finger force and kurtosis and
bicoherence of EMG signals acquired during control computer cursors. Kurtosis and
bicoherence are defined as the following equations:

E{x*}

kurtosis = ————-3
[E{x7}] @)

where x is EMG data and £{.} is the statistical expectation operator.

2
$* =Y [Bic*(w,,w,)|
L (5)

where S is mean bicoherence power and BicX(wy,w,) is the normalized bispectrum of

x at frequency w.

In order to improve the classification accuracy, multiple features have been
proposed. There are many proposed multiple features in previous publication.
Examples include G1 (MAV, WAMP, VAR, and WL), G2 (IEMG, WL, VAR, ZC, SSC, and
WAMP), G3 (WL, RMS, and 4th autoregressive coefficient), G4 (SSC, ZC, WL, HTD and
skewness), G5 (WL and MAV), and G6 (Binary feature, AR11, and DFT). The most

popular multiple features used in finger movement classification is G1 consisting of
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MAV, WAMP, VAR, and WL. Although many studies have proposed the feature
extraction method for myoelectric control system, there is no work which make
quantitative comparison for feature quality. Overall, a high quality feature space

should have the following properties:

1) Maximum class separability: A high quality feature space must achieve high
classification accuracy as possible. There are two ways to evaluate a quality feature
space. Firstly, it is evaluated from classification error rate. It has disadvantage that the
result depends on the classifier types. In order to avoid the disadvantage presented
above, the evaluation by statistical criteria such as the ratio of a Euclidean distance to

a standard deviation index (RES index) is proposed [81].

2) Robustness: The selected feature space should be implemented in a noisy

environment.

3) Complexity: The selected feature should require a low computational
complexity that can be implemented with reasonable hardware and in a real-time

manner.
1.2.2.2  Dimensionality reduction

It is necessary to reduce the dimension of feature vectors for the studies that
used the multiple EMG features or time-frequency domain feature because it would
bring data redundancy and increase the computational time [78]. High dimension of
an original feature vector must be reduced by keeping the most discriminative
information and removing the irrelevant information [72]. There are two main
strategies of dimensionality reduction, i.e., feature projection and feature selection.

Details on literature review of each strategy are as follows.

1) Feature projection: This strategy tries to determine the best combination of
the original features vector to form a new feature set which is generally smaller than
the original one [80]. Principal component analysis (PCA) and linear discriminant
analysis (LDA) are two main methods used for feature projection [6]. From a literature
review, the most popular feature projection method is PCA. However, feature

projection methods, such as combination of PCA and self-organizing feature map
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(SOFM) [82] and nonlinear discriminant analysis (NLDA) [79] have not been proposed

for finger movement classification.

2) Feature selection: This strategy chooses the best subset of the original
feature vector that yield the maximum classification accuracy. Genetic algorithm (GA)
is the most popular feature selection method. However, some methods have not
been proposed for finger movement classification, such as tabu search (TS), simulated
annealing (SA), particle swarm optimization (PSO) and ant colony optimization (ACO)

[83].
1.2.2.3 Classification method

It is necessary to distinguish different categories of the features sets using a
classifier before sending them to the control system. Thus, it is important to select
the suitable classifier which is able to cope with varying patterns and prevent over
fitting. In addition, it must be fast enough to implement for real-time constraints [84].
There are several techniques applied for EMG classification and neural network (NN) is

becoming one of the most useful method [61].

Many studies used back-propagation neural network (BPNN) for classification of
finger flexion and extension that yield the accuracy from 80 to 90% [14-17, 20-21].
Naik et al. used BPNN to identify hand and finger gestures and achieved relatively
high classification accuracy (96-99%) [27-31]. NN was mostly used for classification of
finger joint angle. In addition, NN was used to classify EMG signal acquired during
pressing piano. Support vector machine (SVM) and K-nearest neighbor (KNN) are also
popularly used. SVM and KNN were applied to distinguish EMG signals from finger
flexion and extension [12, 47, 24-25, 32, 37]. KNN was used for classification of finger
pushing [41]. Recently, LDA was used to classify finger flexion. In addition, some
classifiers have not been proposed for classification finger movement, such as log-
linearized Gaussian mixture network (LL-GMN), probabilistic NN (PNN), fuzzy mean
max NN (FMMNN), and radial basis function artificial NN (RBFNN), hidden Markov

model, and Bayes classifier.

1.2.3  Control system
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The output commands produced in the classification are fed to this stage for
control the devices, such as prosthetic devices and assistive robot. In order to
improve performance of the control system, post-processing should be performed.
Majority voting is applied as a post-processing to manage excessive classified output
regarding continuous segmentation. It can improve the quality of system and make a
smooth and reliable of class decisions [6, 85]. In addition, the feedback may need to

improve the quality of system [6].
1.3  Objectives

® To develop the experimental setup and the algorithm for classifying

surface electromyography signals from finger movements.
1.4  Methodology

The classification of finger movement based on a literature review indicates

the gaps for future research as the details presented below.
1.4.1  Electrode location and experimental setup

Three novel methods of electrode placement and experimental setup will be

carried out. Details on each method are as follows.
1.4.1.1  Finger flexion/extension

The novel method of electrode placement for finger flexion/extension will be
designed. The new design will use the multi-channel sensor rings with unequal
distance of placement for each electrode. In other words, each electrode in the ring
will be placed as closely as possible to the corresponding muscle so that the
maximum EMG signal to noise ratio will be obtained. For example, six bipolar
electrodes are placed around the forearm on FCR, PL, FCU, extensor carpi radialis
longus (ECRL), ED, and extensor carpi ulnaris (ECU) muscles and four bipolar
electrodes are placed around the wrist on FPL, FDS, abductor pollicis longus (ABL),
and extensor pollicis brevis (EPB) muscles. This method is capable of combining the
easiness of use from multi-channel sensor rings with EMG signal quality from the

exact placement of the electrode on the muscle. In addition, EMG signals from all
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possible finger flexion/extension (14 cases) will be acquired so that we can have
completed analysis of EMG signals from finger flexion/extension movement in all

aspects.
1.4.1.2  Finger force

The literature has mainly proposed the classification of finger
flexion/extension and finger joint angle, whereas a few studies classified the finger
force. Thus, another study direction is to collect the EMG signal acquired during
individual and combined finger flexion and/or finger force. To achieve better
understanding on correlation between force and EMG signals from various muscles,
the novel experimental setup for finger force movement will be conducted to obtain
surface EMG and force data during thump-index pinch on five different boxes: 45, 60,
75, 90, and 105 mm, three wrist postures: neutral, flexion, and extension, and five
force levels: 10, 30, 50, 70, and 100% of maximum voluntary contraction. Twelve
channels of EMG signals will be recorded from 3 muscle regions on the right arm

including hand muscles, lower and upper forearm muscles for analysis.
1.4.2 EMG pattern recognition

EMG pattern recognition can be divided into three stages consisting of feature
extraction, dimensionality reduction, and classification. The study directions for EMG

pattern recognition are presented below.

- The first study direction is to examine feature extraction, dimensionality reduction,
and classification methods that have not been proposed in literature, as can be

summarized in
Table 1.2.

- The second study direction is to investigate the optimal feature extraction,
dimensionality reduction, and classification methods used for finger movement

recognition.
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Table 1.2 Summary of gaps for future research based on a literature review of feature

extraction, dimensionality reduction, and classification methods.

Procedure Literature review Study direction

- Single time domain features:

MAV, [EMG, RMS, and HOS - Time domain features: MAV,
- Single frequency domain IEMG, RMS, HOS, WL, WAMP,
features: FFT VAR, SSC, ZC, MAVS, and AR
Feature - Multiple features: - Frequency domain features:
extraction MAV+WAMP+VAR+WL, FFT, MNF, and MDF
[EMG+WL+VAR+ZC+SSC+WAMP, - Time and frequency features:
WL+RMS+AR4, SSC+ZC, STFT and wavelet transform

WL+HTD+skewness, WL+MAV, and | - Novel set of multiple features
binary feature+AR11+ DFT

- Feature projections: PCA, LDA,
Dimensionalit | - Feature projections: PCA and LDA SOFM, and NLDA

y reduction - Feature selections: GA - Feature selections: GA, TS, SA,
PSO, and ACO
- Classifiers: NN, KNN, SVM,
- Classifiers: NN, KNN, SVM, and LDA, HMM, GMM, LL-GMN,
Classification
LDA PNN, RBFNN, and Bayes

classifier
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1.5 Scope of research

® The experimental setup and the algorithm for classifying EMG signals will
be developed from the following movements: Finger flexion/extension,

finger force, and finger movement based on object.

1.6 Expected benefits

The recognition of EMG signals from finger movements is very challenging
because the strength of muscle contraction from the electrodes is quite weak. In
addition, the problem will be more difficult if the EMG signal from each pair of
electrode is the combination from multiple active muscles. Therefore, the
understanding of basic knowledge on EMG signals from finger movements resulting
from this research is very important because it may open an opportunity for
developing a practical and efficient EMG-based human computer interface system.
The potential applications include upper limb prosthesis control, game control, and

rehabilitation system.



23

CHAPTER 2 Flexion EMG data

2.1 Introduction

Fligge et al. reported that myoelectric control of active hand prosthesis can
be realized in two different fashions [8]. While one is based on a movement such as
finger flexion/extension and finger joint angle, the other is based on an object, such
as for grasping objects with different shapes, sizes, and positions [8]. The classification
based on the movement requires a more complicated algorithm than that based on
the object, because it has to classify the movement of each finger in each of its
movement directions. Moreover, an accurate prediction algorithm for the movement
of each finger is highly required by marketed prosthetic hands. In previous studies [12,
14-16, 24, 86-87], no more than 10 movements were proposed in a finger movement
classification system. In order to obtain a multifunctional myoelectric control system,
we classify 14 finger movements involving individual and combined finger flexion, in

this paper.

To achieve high classification rate, the algorithms for feature extraction,
dimensionality reduction, and classification should be optimized [73]. In the literature,
we found that the classification rate was below 90% when a single feature was used.
The classification accuracy from mean absolute value (MAV) was 85-89% [16, 24]. The
feature based on fast Fourier transform was employed for analyzing EMG patterns in
[15] and [14]. Uchida et al. [15] reported that the classification accuracy with the
feature based on power spectral density was 86%. In addition, in hand movement
classification, performance of many features both in time and frequency domains
were evaluated by Phinyomark et al. [77, 88]. They found that most classification

accuracies were 80-90%.

Multiple features have been proposed by combining time domain, frequency
domain, and/or statistical features to improve the classification rate. Multiple features
can have redundancy and add to the computational complexity of classification.
Therefore, various dimensionality reduction techniques were proposed to reduce the
redundancy and computational complexity [80]. There are two main strategies of

dimensionality reduction, i.e., feature projection and feature selection. While feature
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projection tries to determine the best combinations of the original features to form a
new feature set, feature selection chooses the best subset of the original feature set.
Previous studies applied various feature projection methods in EMG classification
including principal component analysis (PCA) [45], [89], linear discriminant analysis
(LDA) [12], [90], uncorrelated linear discriminant analysis (ULDA) [88], orthogonal fuzzy
neighborhood discriminant analysis (OFNDA) [91], and spectral regression linear
discriminant analysis (SRDA) [92]. Classification accuracies greater than 90% were

reported.

Our previous study [87] proposed a new feature projection, namely spectral
regression extreme learning machine (SRELM), and evaluated its performance along
with other feature projection techniques, including SRDA, ULDA, OFNDA, and PCA.
Moreover, in [87] five classifiers including adaptive wavelet ELM (AW-ELM) [93], radial
basis function ELM (RBF-ELM), support vector machine (SVM), k-nearest neighbors
(KNN), and linear classifier (LC) were evaluated for their performances in classifying
two channels of EMG signals from 10 hand and finger movements. We reported that
SRELM gave the best performance. Moreover, we found that the classification
accuracy depended on the classifier. In other words, while SREML provided the best
performance when the KNN classifier was used, ULDA gave the best performance with
the SVM classifier. These results indicated that the pairing of a feature projection
technique with a type of classifier affects the classification accuracy. Therefore,
another effective classifier, neural network (NN), which was not used in [87], was

investigated in this current study.

2.2 Theory
2.2.1 Feature extraction

Feature extraction is a technique to transform EMG data into a reduced
representation of features, which are usually extracted from EMG in the time domain
and/or the frequency domain [6]. Recent studies have proposed further features
based on statistical methods. In this paper, we used Hudgins’s feature set: MAV [2-3,
26, 86, 891, waveform length (WL) [2-3, 20, 25-26, 87], zero crossing (ZQ) [2-3, 12, 26,
88], and slope sign change (SSC) [2-3, 12, 26, 87], which are popular time domain
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features used in previous studies. In addition, we also used the fourth order
autoregressive coefficient (AR) for representing information on the prediction model
[32, 86-87, 89], mean frequency (MNF) for representing information on the power
spectral density [75, 771, kurtosis (KURT) for representing information on peakedness
of distribution [86], and skewness (SKW) for representing information on the symmetry
of distribution in the EMG signal [12, 87]. The total number of features used in this

paper is 11. The detailed mathematical definition of each feature is as follows.

(1) Mean absolute value (MAV) represents the signal energy, which is
frequently used for detecting the onset of an EMG signal. MAV feature is the average

of absolute value of transformed EMG signal. It can be defined as [2]
1 N
MAV=WZ|xi| (1)
i=l

where x; is the amplitude of the EMG signal at sample i and N is the length of the
EMG signal.

(2) Waveform length (WL) is the cumulative length of the EMG waveform over
the segment, and is indicative of the complexity of the EMG signal. It can be

expressed as [2]
WL = Z| Xi =% | (2)

(3) Zero crossing (ZC) is the number of times that the EMG signal amplitude
crosses zero. In other words, it is the number of times that the signal amplitude
changes its sign. A threshold must be set to reduce the noise (i.e., threshold was set

to 10 V). It can be defined as [2]

ZC :i[f(xi ><Xi+l)(\|xi _Xi+l 210] (3)

F(x) = 1, ifx<0 @
B 0, otherwise

(4) Slope sign change (SSC) is the number of times that the slope of the EMG

signal changes sign. It is defined as [2]
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N

SSC = Z[s{(xi =X )% =%, ) O X =% 2 100X =X, | 2 10}} (5)
i=2
] L x>0 ©
(%)= 0, otherwise

(5) Autoregressive coefficient (AR) describes each sample of the EMG signal as
a linear combination of the previous sample plus a white noise error term, which can

be defined as [32]
X =Y ax. , +w (7)
where g, is the coefficient in the AR model. P is the order of the AR model and w; is

white noise or error sequence. In this paper, P is set to four.

(6) Mean frequency (MNF) is the average frequency. It is defined as the sum of
product of power spectrum and frequency divided by the total spectrum intensity,

which can be expressed as [77]

M M
MNF =) f P, lej 8)
j=

i=1

where f; is the frequency of spectrum at frequency bin j. P;is the EMG power

spectrum at frequency bin j and M is the number of bins.

(7) Kurtosis (KURT) is a classical higher-order statistical characteristic indicating
non-Gaussianity, and is used to quantify the peakedness of a distribution. It is the

fourth-order cumulant of the data, which can be defined as [86]

KURT =

1 1 ’
s (ke o

where y; represents the ith normalized EMG amplitude, which has zero mean and unit
variance. N denotes the total number of the normalized EMG samples. Kurtosis can

be either positive or negative.
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(8) Skewness (SKW) is a measure used for characterizing the degree of
asymmetry of the distribution of a random variable y. It is the third-order cumulant of

the data, which can be defined as [12]

SKW=ﬁZi“1(yi —7)3/ (\/ézﬁl(yi —7)2J (10)

2.2.2  Feature projection

Six feature projection techniques are evaluated in this paper including PCA,
LDA, ULDA, OFNDA, SRDA, and SRELM. It should be noted that the number of
reduced features from each feature projection technique except PCA was set 13,
matching the total number of movements minus one. The number of reduced

features from PCA was 14. The brief details on each technique are as follows.

® PCA tries to find a set of orthogonal basis vectors that captures maximum
information from the original dimensions. PCA decomposes the covariance
structure of the original dimensions by calculating the eigenvalues and
eigenvectors of the data. The components, ie., eigenvalues and
eigenvectors, are ranked according to their variance to the principal axes

ranging from the highest contribution to the lowest.

® | DA tries to find an optimal transformation vector by maximizing the ratio
of the between-class distance to the within-class distance, so that the

maximum class discrimination is achieved.

® ULDA is an extension of classical LDA, such that the features in the
transformed space are uncorrelated, so the redundancy in the
transformed space could be reduced. The objective of ULDA is to find the

optimal discriminant vectors.

® OFNDA minimizes the distances within the classes and maximizes the
distances between the centers of different classes, while taking into
account the contribution of the samples to the different classes and to
efficiently overcome the singularity problems of classical LDA by

employing the QR-decomposition.
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® SRDA combines the spectral analysis of the graph matrix and regression
techniques, and is essentially developed from LC [94]. A set of linear

regression problems is solved to obtain the transformation vectors.

® SRELM was proposed in our previous study [87]. It is integrated from
extreme learning machine (ELM) and spectral regression (SR), which
utilizes the obtained eigenvector to project the hidden layer output to
the output layer. The hidden layer weights are determined randomly. The
output weight is computed using SR. There are two parameters in
optimizing SRELM performance: number of hidden nodes and alpha. In
order to evaluate the optimal parameters in this paper, the number of
hidden nodes was varied from 100 to 1,500 nodes with an increment of

100 nodes and alpha was varied from 1 to 20 with an increment of 1.

2.2.3 Feature evaluation

In this paper, we applied the statistical criteria, namely, the ratio of a
Euclidean distance to a standard deviation (RES) index, to evaluate class separation
performance of the projected feature obtained from each feature projection
technique. The advantage of the RES index is that its result is independent of any
classifier. The RES index can be defined as [81]

RES index = (11)

2| 3|

ED is the distance between coordinates of a pair of clusters p and g in n-

dimensional Euclidean space, which can be defined as

—_— 2 R & —p —4., —P —d,
ED=———— - -
K(K—l);qgr]\/(ml m;)” +(mz —my) (12)

where m is the average value of feature. p and g are indexes representing the

movements. K is the total number of movements. (1 < k < K, K = 14)

o is dispersion of clusters p and g, which can be expressed as
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where s is a standard deviation of a feature and / is the length of feature vector (1 </
<l, | = 13 or 14). The RES index increases when the class separation performance of

EMG features increases.

2.2.4 Classification

Seven classifiers are tested and compared in this paper, i.e., SVM, LC, NB, KNN,
RBF-ELM, AW-ELM, and NN. Brief details of each classifier and its corresponding

parameters used are as follows.

® SVM uses a discriminant hyperplane to separate the classes. SVM aims to find
the optimal hyperplane that maximizes the margins between the points of
different classes. The margins are the distances between the hyperplane and
the nearest training points. In this study, SVYM type was C-support vector
classification. Kernel type was radial basis function. Gamma in kernel function

was set to 1/number of features and cost was set to 1.

® | C was implemented using a simple max gate function as a classification rule
[95]. It is assumed that the vector of feature variables has multivariate normal

distribution with mean vector and commmon covariance matrix.

® NB classifier aims to reach the best hypothesis through a given training
dataset. Bayes theorem provides a way to calculate the probability of a
hypothesis based on its prior probability of both the data found and the total
data.

® KNN is a process to assign a feature vector to a class according to the k
training samples, which are the nearest neighbors to the test sample.
Subsequently, it is classified to the category that has the largest category
probability [95]. In this paper, k was set to 14.

® RBF-ELM is a variant of ELM classifier, which is single layer feed-forward
network with radial basis function. It employs randomized method to initialize

the centers and widths of RBF kernels and the output weights of RBF network
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are calculated analytically [96]. In order to select the optimal parameter, the

kernel parameter was varied and tested at 0.1, 0.5, 1, 5, 10, 15, and 20.

® AW-ELM proposed by Anam and Al-Jumaily [93] is the combination of ELM
with wavelet neural network. It utilizes a wavelet function as the activation
function in the hidden node. The function is adjusted according to changes in
the input. In order to select the optimal parameter, the number of hidden

nodes was varied from 25 to 500 nodes with an increment of 25 nodes

® NN is a multilayer perceptron, which is composed of several layers: one input
layer, one or several hidden layers and output layers. Each neuron in each
layer is connected with the output of the previous one. In this paper, we
designed three layered feed-forward back-propagation neural networks
consisting of input layer, tan-sigmoid hidden layer and linear output layer
[76]. The number of neurons in hidden layer was 10, 20, or 30, with the best

alternative selected for obtaining maximal accuracy.
2.3  Materials and methods
2.3.1 EMG data acquisition

Figure 2.1 shows the electrode placements on 6 forearm muscles used for
EMG data acquisition. While the first group of muscles, namely, extensor carpi ulnaris
(CH6), extensor carpi radialis longus (CH5), and extensor digitorum (CH4), are located
on the posterior compartment of the forearm to perform extension at the fingers, the
second group of muscles, namely, flexor carpi ulnaris (CH3), palmaris longus (CH2),
and flexor carpi radialis (CH1) are located on the anterior compartment of the
forearm to produce flexion at the fingers. EMG signals from all muscles were recorded
using bipolar disposable Ag/AgCl electrodes (H124SG, Kendel ARBO) with an inter-
electrode distance of 20 mm. All EMG data were recorded by a commercial EMG
measurement system (Mobi6-6b, TMS International B.V.). The EMG signals were
amplified with a gain factor of 19.5 and the bandwidth was from 20 Hz to 500 Hz,
while the sampling rate was 1024 Hz.
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CH6: Extensor carpi ulnaris L_,.

CH4: Extensor digitorum

CHS5: Extensor carpi radialis longus

CHI1: Flexor carpi radialis

CH2: Palmaris longus

CH3: Flexor carpi ulnaris
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Figure 2.1 The electrode locations on forearm muscles (a) The fourteen finger

movements (b).
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Figure 2.2 Example of the six-channel EMG signal from thumb flexion (M1).

Ten able-bodied subjects participated in the experiment. Each subject

performed 14 different finger movements as shown in Figure 2.1 (Right) consisting of
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thumb flexion (M1), index flexion (M2), middle flexion (M3), ring flexion (M4), little
flexion (M5), hand close (M6), index-middle-ring-little flexion (M7), middle-ring-little
flexion (M8), ring-little fingers flexion (M9), middle-ring flexion (M10), index-middle-ring
flexion (M11), thumb-little flexion (M12), thumb-ring-little flexion (M13), and thumb-
middle-ring-little flexion (M14). Each movement was recorded for 5 s in duration for
each trial and was repeated for 5 times. Figure 2.2 shows an example of EMG signals

obtained from six muscles during thumb flexion (M1).

2.3.2 Methods

Figure 2.3 shows the method for evaluating feature projection techniques and
classifiers used in recognizing the EMG signals from finger movements in this research.
After 6 channels of EMG signals from 14 hand and finger movements were acquired,
they were processed using the analytical method consisting of 5 steps, i.e., (1) Data
collection and segmentation, (2) Feature extraction, (3) Feature projection (FP), (4)
Performance evaluation with RES index, and (5) Performance evaluation with

classifiers. The details on each analytical step are as follows.

Step 1) Segmentation: In this step, EMG data with a length of 5120 samples
was segmented by the disjoint windowing technique with a window length of 256
samples (250 ms) resulting in 20 segmented EMG data for each trail of each EMG

channel.

Step 2) Feature extraction: In this step, the eleven features described in
Section 2.2.1 including MAV, WL, ZC, SSC, MNF, L-KURT, SKW, and 4 coefficients from
AR were calculated for each EMG segment. The total EMG feature data had 1,400
rows (20 segments x 5 trials x 14 movements) and 66 columns (11 features x 6

channels).

Step 3) Feature projection: In this step, the six feature projection techniques
described in Section 2.2.2 including SRLEM, LDA, ULDA, OFNDA, SRDA, and PCA were
applied to the features extracted in Step 2). As a result, the total number of features,
which was 66 from Step 2), was reduced to 14 for PCA and 13 for the others in this
step.
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Step 4) Performance evaluation with RES index: In this step, the
performance on class separation ability of the projected features resulting from Step

3) was evaluated with the RES index.

Step 5) Performance evaluation with classifiers: In this step, the projected
features from Step 3) were used as the inputs of 7 classifiers, which were briefly
described in Section 2.2.4. The performance (classification accuracy) using the

projected features resulting from Step 3) was evaluated and compared.

EMG

!

Collect and segment
6 channels of EMG from
14 finger movements

Extract 11 features from each
EMG segment

v
Apply 6 feature projections
to reduce features

v
Evaluate the projected feature
with RES index

'

Evaluate the projected feature
with 7 classifiers

'

Evaluation results

Figure 2.3 EMG acquisition and analytical method.

Note that, the projected features were classified with a 10-fold cross-
validation. In other words, the projected features were randomly partitioned into 10

subsets. The classifier training was performed using 9 subsets and the remaining
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subset was used for classifier testing. This process was repeated 10 times such that
each of the 10 subsets was used as the testing data. Finally, the performance of each
pairing of the projected feature with the classifier was evaluated and compared using

mean and standard deviation of classification accuracies.
2.4 Results and discussion
2.4.1  Characteristics of the projected features

Figure 2.4 shows as an example the scatter plot between two projected
features from each feature projection technique. The result shows that the projected
features by SRELM provided better separation than those from other feature
projection techniques, while the projected features from LDA, ULDA, OFNDA, and
SRDA are quite overlapped. In addition, PCA provided projected features that had the

worst performance in separating finger movements.

Figure 2.5 shows the RES index calculated from projected features by each
feature projection technique. The RES index of projected features by SRELM is higher
than that of other feature projection techniques. In other words, SRELM provides the
projected features that have the best performance in separating finger movements.
The RES indexes of projected features from SRDA, OFNDA, LDA, and ULDA are quite
similar, while the projected features from PCA give the lowest RES index. We can
clearly see that the RES index of projected features in Figure 2.5 is consistent with the

scatter plot of projected features in Figure 2.4.
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2.4.2  Classification accuracy

Table 2.1 presents the classification accuracy using various feature projection
techniques paired with different classifiers. While the best classification accuracies
from LC, KNN, AW-ELM, and NN are obtained with the projected features from SRELM,
the best classification accuracies from SVM and RBF-ELM are obtained with the
projected feature from SRDA. However, for each feature projection technique, we can
observe that NN with 10 nodes in the hidden layer provides the highest classification
accuracy. Moreover, the combination of SRELM and NN gives the maximum

classification accuracy at 99.09%.

Anam and Al-Jumaily [87] reported that SRELM is an extreme learning machine
(ELM) for supervised feature projection with consideration of the class label. The aim
of the training is to produce output that is very close to the output target. In other
words, the training tries to minimize the error between the actual output and target.
As a result, the projected features from SRELM show better performance in separating
fourteen finger movements than those from other feature projections. In addition,
LDA considers also class label in the projection step (i.e., supervised feature
projection) and ULDA is developed to solve the limitation of LDA by producing a set
of uncorrelated discriminant features employing the singular value decomposition
[90]. In contrast, as Chu et al. [97] reported the PCA does not consider the class
labels in the projection process (i.e., it performs unsupervised feature projection).
Therefore, the output is another representation of the features and its performance is

lower than with other feature projection techniques.

Table 2.1 Mean and standard deviation of classification accuracies for 14 movements

obtained with various pairs of feature projection (FP) and classifier.

FP SVM LC NB KNN RBF-ELM AW-ELM NN

SRELM 929+44  93.6+4.0 90.0+4.6  93.0#4.1 93.2+39  92.1+4.3  99.1+0.8
LDA 93.3+3.9 924+37  90.4+4.4  923+44 93.3+4.1 91.1+4.6 95.5+2.7
ULDA 93.0+£3.9 92.3+3.8 90.0+4.3 92.2+4.5 93.1+4.1 90.8+5.0 95.6+£2.8
SRDA 93.743.6  92.1+£3.9 89.8+4.4 93.0+3.7  93.9#35  92.1+4.2 95.1+3.1
OFNDA 93.1+4.0 92.3+3.8 90.3+4.2 92.1+4.3 93.3£3.9 90.8+4.7 95.6+£2.8
PCA 84.0+6.9 83.2+6.5 72.6+7.3 79.5+7.8 81.9+8.3 755+7.7 85.6+6.6
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Table 2.2 presents the classification accuracies for 14 movements obtained
from the NN classifier with different numbers of nodes in hidden layer, i.e. 10, 20, or
30 neurons. When we increase the number of neurons in hidden layer from 10 to 20
and to 30, the classification accuracy changes slightly for each feature projection
technique. Results show that 20 neurons in hidden layer gives the best accuracy at
99.57% among all combinations of feature projection techniques and classifiers,

when the projected features from SRELM are used.

Table 2.3 presents classification accuracies with channel reduction. The
subset of channels was optimized by considering the classification accuracies
obtained from all combinations of each channel set. Firstly, all possible
combinations of five channels out of the six totals were trialled for classification.
Only the set of five channels providing the highest classification accuracy was
selected. Secondly, all possible combinations of four channels out of the five total
from the first step, were trialled for classification. For instance, the accuracies from
all combinations of five channels are shown in the second row to the seventh row in
Table 2.3. We can see that the combination of CH2, CH3, CH4, CH5, and CH6
provides the highest classification accuracy, so this channel set was selected as the
best combination of five channels. Then, all possible combinations of four channels
out of the five selected channels from the first step were trialled. As a result, the
combination of CH2, CH3, CH5, and CH6 provides the best classification accuracy and
it was chosen as the optimal set of four channels. The procedure was repeated for
three, two and one channels, respectively. The results show that the classification
accuracy decreases from 99.57 to 58.95% when the number of channels decreases
from 6 to 1. Results show that to obtain a high classification accuracy, EMG signals
from the muscles located on the anterior and posterior compartments of the
forearm are needed. For example, the maximum classification accuracy from two
EMG channels at 85.38% can be obtained from the combination of flexor carpi
radialis (CH3) and extensor carpi ulnaris (CH6), which are located on the anterior and

posterior compartments of the forearm, respectively.
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Table 2.2 Mean and standard deviation of classification accuracies for 14 movements

obtained from the NN classifier with three alternative sizes of the hidden layer.

FP 10 neurons 20 neurons 30 neurons
SRELM 99.09+0.83 99.57+0.42 99.54+0.46
LDA 95.51+2.74 96.61+2.45 96.84+2.25
ULDA 95.58+2.82 96.68+2.34 96.83+2.21
SRDA 95.12+3.08 96.37+2.33 96.49+2.40
OFNDA 95.59+2.76 96.47+2.56 96.86+2.25
PCA 85.59+6.58 87.87+6.21 88.47+6.01

Table 2.3 Mean and standard deviation (SD) of classification accuracies for 14

movements obtained from the SRELM feature projection and the NN classifier as the

number of available EMG channels is reduced step by step.

Channel combination Mean+SD Note
CH1-CH2-CH3-CH4-CH5-CH6 99.57+0.52 6 channels
CH2-CH3-CH4-CH5-CHé6 99.24+0.51 Remove CH1
CH1-CH2-CH3-CH4-CH5 98.71+1.12
CH1-CH2-CH3-CH4-CH6 98.90+0.90
CH1-CH2-CH3-CH5-CH6 99.05+1.00
CH1-CH2-CH4-CH5-CH6 98.90+1.60
CH1-CH3-CH4-CH5-CH6 98.86+1.31
CH2-CH3-CH5-CH6 97.95+1.52 Remove CH1 and CH4
CH2-CH3-CH4-CH5 97.33+1.70
CH2-CH3-CH4-CH6 97.90+1.06
CH2-CH4-CH5-CH6 96.95+2.24
CH3-CH4-CH5-CH6 97.90+1.29
CH3-CH5-CH6 93.71+3.94 Remove CH1, CH4, and CH2
CH2-CH3-CH5 93.38+2.68
CH2-CH3-CH6 92.81+£3.79
CH2-CH5-CH6 92.90+3.32
CH3-CHé6 85.38+4.55 Remove CH1, CH4, CH2, and CH5
CH3-CH5 84.76+4.92
CH5-CH6 80.19+5.67
CH3 58.95+8.49 Remove CH1, CH4, CH2, CH5, and CH6
CH6 56.24+9.45
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Table 2.4 presents classification accuracies from movement reduction using 2
channels of EMG signals, namely, CH3 and CH6, which selection was guided by Table
2.3. The subset of finger movements was optimized by considering classification
accuracy of each movement. All EMG signals from 14 finger movements were firstly
classified, and then the classification accuracy was individually investigated for each
movement from the confusion matrix [98]. The movement providing the lowest
classification accuracy was removed from the movement set. The procedure was
repeated until the number of movements decreased to two movements. The results
show that the classification accuracy increases from 87.14 to 100% when the number
of movements decreases from 14 to 10 movements. Increasing the number of
movements increases the complexity of classification, resulting in decreased

classification accuracy.

2.4.3 Performance comparisons

Table 2.5 presents the performance comparisons of the proposed method
with those from previous publications. When a single feature is used, such as MAV
[16] and fast Fourier transform [15] in classifying EMG signals from 8 and movements,
respectively, the feature projection is necessary. The classification accuracies are in
the range of 85%-86%. The classifier used in this group is NN. When the number of
movements increases to 10 {A}, [12, 25-26, 32, 87, 89], and {B} the number of features
increases for providing more information to a classifier and feature projection is
needed for reducing the dimension of a feature vector. The accuracy of our proposed
technique for classification of 10 movements from 2-channel EMG signals achieves
100% {A}. Note that, in [87], the features were extracted from two EMG channels plus
one channel formed from summation of the two channels. Moreover, Bayesian fusion
was applied as a post processing in [12]. Comparison between {A} and [87] indicates
that the classifier has a significant effect on the classification accuracy. Another way to
increase classification accuracy is to increase in the number of EMG channels as
shown in [26, 32, 45, 89], and {B}. Results show that our proposed technique give

good accuracy of for classifying 14 movements from 4-channel EMG signals at 99.60%.
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Table 2.4 Mean and standard deviation of classification accuracies for movement

reduction obtained from the SRELM feature projection and the NN classifier using the

EMG signals from CH3 and CHé.

# Mean+SD Movement removal
movements

14 87.14+4.92 -

13 99.08+0.68 M7

12 99.28+0.59 M7 and M13

11 99.94+0.19 M7, M13, and M6

10 100.00+0.00 M7, M13, M6, and M14

Table 2.5 Performance comparisons with other techniques from previous publications

sorted with the number of movements.

H#TF Acc.
Ref. #Ch #M Features FP Classifiers
(%)
{B} 6 14 a™-order AR, MAV, WL, ZC, 66 SRELM NN 99.60
SSC, MNF, KURT, SKW
[89] 6 15 6"-order AR, RMS, WL, ZC, 66 OFNDA LDA 98.25
IEMG, SSC
[32] 4 15 4"-order AR, WL, RMS 28 - SVM 97.60
[45] 32 12 WL 32 PCA NN 94.30
[26] 7 11 I[EMG, WL, VAR, ZC, SSC, 42 - NN 93.90
WAMP
{A} 2 10 a"-order AR, MAV, WL, ZC, 22 SRELM NN 100.00
SSC, MNF, KURT, SKW
21 2 10 7™-order AR, SSC, ZC, WL, LDA SVM ~92 00
HTD, SKW
871 2+1 10 6"-order AR, MAV, ZC, WL, 42 SRELM AW-ELM 86.73
SSC, SKW, HTD
[15] 2 5 FFET 8 - NN 86.00
[16] 2 8 MAV 2 - NN 85.10

#Ch: The number of channels, #M: The number of movements, #TF: The total number of features

extracted, FP: Feature projection, Acc: Accuracy, VAR: variance of EMG, FFT: fast Fourier transform,

HTD: Hjorth time domain,
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2.5 Conclusions

In the study of flexion EMG data, the system for classifying 14 finger
movements, involving individual and combined finger flexion observed by 6 channels
of EMG signals is proposed. Six feature projection techniques were evaluated
including principal component analysis (PCA), linear discriminant analysis (LDA),
uncorrelated linear discriminant analysis (ULDA), orthogonal fuzzy neighborhood
discriminant analysis (OFNDA), spectral regression linear discriminant analysis (SRDA),
and spectral regression extreme learning machine (SRELM). The results show that the
projected features from SRELM give the best performance in terms of feature
separation among these feature projection techniques. In addition, the best feature
separation ability obtained with SRELM was confirmed by a quantitative measure,
namely the RES index. Subsequently, seven classifiers were validated, namely,
support vector machine (SVM), linear classifier (LC), Naive Bayes (NB), k-nearest
neighbors (KNN), radial basis function extreme learning machine (RBF-ELM), adaptive
wavelet extreme learning machine (AW-ELM), and neural network (NN). The results
show that NN provides the best performance in separating 6-channel EMG signals to
identify 14 finger movements. Classification accuracy of up to 99% was reached when

using SRELM and NN in combination.
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CHAPTER 3 Pinch EMG data

3.1 Introduction

The study of pinch EMG data is rationally structured into four sections

involving this introduction section and other sections as follows:

Section of materials and methods presents in detail of EMG data and
evaluation of pattern recognition techniques, which are applied to this study. It
directs the two main outlines: (1) EMG data acquisition is described, such as posture
testing, electrode placements, measurement system, and experimental procedure (2)
the evaluation of pattern recognition techniques is explained including the step of

experiment and the applied methods.

Section of results and discussion presents from the experiments explained in
previous section. They can be divided into two outlines following the experiments.
Firstly, the results from feature projection using SRELM method are shown. The effect
of force data is presented. The performance results of seven classifiers, namely DT,
LDA, QDA, SVM, KNN, Naive Bayes, and NN, are also compared. Then, six feature
projection methods, namely PCA, LDA, ULDA, OFNDA, SRDA, and SRELM, are

compared and discussed.

Section of conclusion reviews the methods and experiments and summarizes

the achievements of the study.

3.2 Materials and methods
3.2.1  EMG data acquisition

The experiment was conducted to obtain surface EMG and force data during
thump-index pinch on five different boxes: 45, 60, 75, 90, and 105 mm width, in three
wrist postures: neutral, flexion, and extension. The electrode placements of hand,
lower forearm, and upper forearm muscles are shown in Figure 3.1, Figure 3.2, and
Figure 3.3. Twelve channels of EMG signals were recorded from 3 muscle regions on
the right arm including hand muscles, lower and upper forearm muscles as shown in

Table 3.1. EMG signals from 3 hand muscles consisting of adductor pollicis (AP),
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abductor pollicis brevis (APB), and first dorsal interosseous (FDI), were collected from
bipolar Ag/AgCl electrodes (EL254S, BIOPAC) at an inter-electrode distance 10 mm.
Two muscles from lower forearm: flexor pollicis longus (FPL) and extensor pollicis
longus (EPL) were recorded from bipolar Ag/AgCl electrodes (H124SG, Kendel ARBO)
at an inter-electrode distance 20 mm. Seven pair of electrodes were placed around
upper forearm without specific muscle positions at approximately one third of the
forearm length from the head of the ulna. The distances between adjacent
electrodes (d) were approximately equal. For each subject, d was calculated from the
distance around the forearm circumference divided by seven (Total number of
electrodes). The first pair of electrode was placed at a distance of d/2 from ulnar.
EMG data were acquired using the same electrode configuration as lower forearm
muscles.

All EMG data were acquired by a commercial EMG measurement system
(MP150, BIOPAC system). The EMG signals were amplified with a gain of 1000 times
and bandwidths of 10 Hz to 500 Hz. EMG data were sampled at a rate of 1000 Hz.
Force sensor (KISTLER 9017B) was used to measure force data during thumb-index
pinch. Force data were recorded synchronously with EMG data by BIOPAC MP150

acquisition system and were sampled at a rate of 1000 Hz.
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Figure 3.1 Three hand muscles (a) AP (b) APB (c) FDI [99]



Figure 3.3 Cross-section of the right forearm indicating approximate electrode

locations. Muscles are as follows: (1) extensor carpi ulnaris (ECU), (2) extensor

Channel 7 Channel 6
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Channel 12
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digitorum communis (EDC) and extensor digiti minimi (EDM), (3) extensor carpi radialis

longus (ECRL) and extensor carpi radialis brevis (ECRB), (4) brachioradialis (BR), (5) fexor

carpi radialis (FCR), (6) palmaris longus (PL), (7) fexor digitorum superficialis (FDS), (8)

fexor carpi ulnaris (FCU), and (9) fexor digitorum profundus (FDP) [100].

Table 3.1 Summary of electrode placements and manual muscle testing

FCU, FDP

Number of | Muscle or related muscle | Manual muscle
Location
channel channels testing
Hand 3 AP, APB, FDI AP, APB, FDI
Lower forearm 2 FPL, EPL FPL, EPL
ECU, EDC, EDM, ECRL,
Upper forearm 7 ECRB, BR, FCR, PL, FDS, -
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Figure 3.4 Thumb-index pinch at three wrist postures (a) flexion (b) neutral (c)

extension

Figure 3.5 Thumb-index pinch on the boxes with five different widths (a) 45 mm (b)
60 mm (c) 75 mm (d) 90 mm (e) 105 mm
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Figure 3.4 shows thumb-index pinch on object at three wrist postures: flexion,
neutral, and extension. Figure 3.5 shows thumb-index pinch on the boxes with five
different widths: 45, 60, 75, 90, and 105 mm. The experimental procedure can be
described by following:

(1) Maximal voluntary contractions (MVCs) of five specific muscles: AP, APB,
FDI, FPL, and EPL were obtained using manual muscle testing as described by Kendall
et al. [101]. The subjects were asked to maintain MVCs with duration of 3 s and
repeat three times. For each subject, a total of 15 data sets were collected (5

muscles x 3 trials).

(2) The maximal pinch force (F.) was performed. The subjects seated in a
chair with the elbow flexed at 90° and the lower forearm resting in the horizontal
plane. The subjects were asked to pinch the object with maximal force with 3 s in
duration. The maximum contraction was repeated 3 times with at least 30 s of rest
between the trials for each wrist posture and object width. The order of wrist
posture/object width combinations was randomized. For each subject, a total of 45

data sets were collected (3 wrist postures x 5 object width x 3 trials).

(3) The subjects performed 4 static levels of contraction: 10, 30, 50, and 70%
Frax for 4 s in duration and repeat the contraction 3 times. The order of wrist posture
and object width combinations was randomized. For each subject, a total of 180 data

sets were collected (3 wrist postures x 5 object widths x 4 force levels x 3 trials).

In addition, 21 anthropometric variables: (1) body mass, (2) standing height,
(3) hand length, (4) hand breadth, (5) bicep circumference, (6) shoulder breadth, (7)
forearm circumference, (8) wrist circumference, (9) elbow circumference, (10) hand
circumference, (11) max hand circumference, (12) hand width, (13) elbow-fingertip
length, (14) shoulder-elbow length, (15) thumb length, (16) index finger length, (17)
index finger circumference (metacarpophalangeal joint, MCP), (18) index finger
circumference (proximal interphalangeal joint, PIP), (19) index finger circumference
(distal interphalangeal joint, DIP), (20) thumb circumference (MCP), and (21) thumb
circumference (interphalangeal joint, IP), were measured from the right arm of all

subjects.
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3.2.2  Evaluation of pattern recognition techniques

Figure 3.6 showed the flowchart of the experiment starting with the filtered
EMG signal and force signal by notch filter. The comparison between before and after
signal filtering was shown in Figure 3.7 and examples of filtered EMG in each channel
were shown in Figure 3.8. Then, the filtered EMG was segmented using a 250-ms
analysis window with 50% overlapping, so 14 segments were prepared for next step,
feature extraction. In this study, 12 features in time domain were extracted from
each segment and each channel of EMG. The names and equations of each method
were presented in Table 3.2. In total, 156 columns (12 features x (12 channels + 1
force data)) and 3,150 rows (14 segments x 3 trials x 3 postures x 5 force levels x 5

box widths) were obtained for each feature extraction method.

EMG signal & Force data
'
Notch filter
]
Overlap segmentation
.
Feature extraction
'
Feature normalization
v
Feature projection

!

Classification using 7 classifiers

Figure 3.6 Flowchart of the experiment.
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Figure 3.7 Example of EMG signal plots in time domain (left) and frequency domain
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Figure 3.8 Example of 12-channel EMG data after filtering.
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Feature name

Equation

1) Difference Absolute = ,
DASDV =, |[——>" (X, —X)
Standard Deviation N-113
Value
2) Log Detector ﬁileg(\xm
LOG=¢e *
e N
3) Modified Mean MAVI :izwi ™
Absolute Value 1 N5
W 1, if 0.25N <i<0.75N
e 0.5, otherwise
ore N
4)  Modified Mean MAV? :izwi ™
Absolute Value 2 N3
1, if 0.25N <i<0.75N
w, =4 4i/N, elseifi<0.25N
4(i—N)/N, otherwise
N
5) Mean Absolute MAV — iz| X |
Value (MAV) N5
6) Maximum  Fractal {m}
K . . N -1
Length (MFL) X(m+ik)=X(Mm+@{-DK) |=———s—
g le|( )= X (m-+( ))I[N_m}k
— |
L (k)=
n(K) "
7) Root Mean Square N
- RMS = /iz X
N =
. N
8) Third Temporal 39TM = izxf
Moment N5
N
9) Forth Temporal APTM = szf
Moment N 5
. N
10) Fifth Temporal STV = LZX,S
Moment N5
. N
11) Variance of EMG VAR = Nl 1 X.2
— 1=l

12) Waveform Length
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Figure 3.9 to Figure 3.11 shows examples of averaged EMG and boxplot of
averaged force data of three times of trial from subject 2 in a) and b), respectively.
Figure 3.9 represents them in each posture estimated from 45 mm box width and
10% force level. Figure 3.10 appears the EMG and force data in force classification
obtained from flexion posture and 45 mm box width. Figure 3.11 shows them in each

box width of flexion posture and 10% force level.
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0 0.5 1 15 2 Flexion Neutral Extension
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(a) (b)
Figure 3.9 Example of force data (a) and boxplot of its average (b) obtained from

three times of trial in each posture from 45 mm box width and 10% force level.
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Figure 3.10 Example of force data (a) and boxplot of its average (b) obtained using
three times of trial on five different forces from flexion posture and 45 mm box

width.
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Figure 3.11 Example of force data (a) and boxplot of averaged its average (b) obtained

using three times of trial on five different box widths from flexion posture and 10%

force level.

Then, each column of feature values was normalized using the min-max
normalization method, resulting in the range of value from -1 to 1 before entering to
the feature projection step. The dimension of EMG features was reduced using six
methods of feature projection described in Section 2.2.2 including SRLEM, LDA, ULDA,
OFNDA, SRDA, and PCA. Finally, reduced features set were classified using 7 classifiers,
namely decision tree (DT), linear discriminant analysis (LDA), quadratic discriminant
analysis (QDA), support vector machine (SVM), k-nearest neighbour (KNN), Naive Bayes
and neural network (NN). The parameters in all classifiers were defined as default. For
example, the DT was no pruning and purity binary splitting criterion, the LDA and QDA
were no regularization, the SVM was defined the radial basis function as the kernel
function, the number of k in KNN classifier was randomly selected based accuracy,
the Naive Bayes was 10 bins and the architecture of NN was the feed-forward network
and trained by the Levenberg-Marquardt, the number of neurons in one hidden layer
was compared between 10, 20 and 30, and the number of iterations to train was 50.
The 10-fold cross-validation was applied for the performance evaluation from each

classifier during the training.
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The evaluation of pattern recognition techniques is divided into 2
experiments. Both of them focus on the step after feature extraction which is

reduction of the complexity and time of processing called feature projection.
1) Feature projection using SRELM method

In this experiment, the SRELM method is applied to the data to test the
performance of feature projection step and to compare between with and without
force data in the classification. However, the data estimated from three subjects are

tested in this study.

2) Feature projection comparison

In this experiment, six feature projection techniques are used with the
extracted feature data of subject 2. The comparison performance obtained from
seven classifiers is studied. Moreover, the different number of neurons in hidden layer

of neural network classifier (10, 20, 30 neurons) are compared.
3.3 Results and discussion

The results can be divided into 3 patterns of classification including postures,
force levels and box widths. The postures are grouped into 3 types: flexion, neutral
and extension. The force levels are grouped into 5 classes: 10, 30, 50, 70, 100 percent
of the maximum force. The box widths are divided into 5 groups including 45, 60, 75,

90, 105 mm.
3.3.1 Feature projection using SRELM method

Figure 3.12 shows the EMG signal from channel 1 in each posture at 45 mm
box width and 10% force level. The EMG in flexion posture gives the highest
amplitude, whereas the neutral posture is the lowest. Figure 3.13 shows the boxplot
of averaged MAV values in each posture from all box widths and all force levels. It is
found that their mean values are comparable. However, the SRELM projection
method is able to classify them as shown in Figure 3.14. Figure 3.14 (a) shows scatter
plots of normal MAV feature from 2 channels, whereas Figure 3.14 (b) shows scatter
plot after using SRELM method. The results show that the SRELM is clearly classified

three postures. Table 3.3 shows the accuracies from SRELM method and each
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classifier compared between with and without force data in subject 1, 2 and 3. They
show that the accuracies obtained from force data is slightly increased from them
without force data in all subjects. Although the accuracies obtained from QDA, KNN
and NN are higher accuracy than others, the accuracies are quite high (>95%) in all

classifiers.
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Figure 3.12 Example of EMG signal from channel 1 in three postures, 45 mm box
width, 10% force level and 1* trial. Top, middle, and bottom panels represent

posture of flexion, neutral and extension, respectively.
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Figure 3.13 Boxplot of MAV values in each posture from channel 1 that are averaged

from all box widths, all force levels and all trials.
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Figure 3.14 Scatter plot from MAV features (ch1 and ch3) (a) and from the feature

projection (SRELM) (b) in posture classification of subject 2, all box widths, all force

levels and all trials.

Table 3.3 Accuracies from each classifier compared between with and without force

data in subject 1, 2 and 3 using SRELM as feature projection in posture classification.

Subject 1 Subject 2 Subject 3
Classifiers
With With Without With
Without force data Without force data
force data force data | force data | force data

DT 98.06+0.71 97.37+0.98 99.75+0.33 | 99.43+0.42| 96.28+1.27 93.40+1.97
LDA 98.86+0.54 98.22+0.60 99.84+0.34 | 99.71+0.32| 97.91+0.49 97.30+0.54
QDA 99.02+0.48 98.51+0.45 99.97+0.10| 99.90+0.15| 98.34+0.78 97.30+0.69
SVM 98.73+0.75 97.78+0.85 99.71+0.48 | 99.52+0.46 | 98.09+0.65 97.60+0.76
KNN 98.79+0.59 98.38+0.51 99.94+0.13| 99.94+0.13| 98.14+0.68 97.50+0.72
Naive Bayes | 98.03+0.94 97.27+1.05 99.37+0.63| 99.40+0.51| 97.42+0.94 96.80+0.70
NN 98.83+0.50 98.19+0.67 99.94+0.13| 99.90+0.15| 97.88+0.81 97.60+0.81

Figure 3.15 shows the EMG signal from channel 1 in

each force level at flexion

posture and 45 mm box width. The amplitude of EMG is consistent with the level of

force. In other words, a higher force level means the higher amplitude. Figure 3.16

shows the boxplot of averaged MAV values in each force level from all postures and

all box widths. The boxplot shows that their mean values are separated. Moreover,

the scatter plots of MAV values from 2 channels and from SRELM method are shown

in Figure 3.17 and Figure 3.18, respectively. The scatter plot from MAV feature is quite

clear despite the fact that the force level of 70 has some overlap with force level of

50 and 100. The scatter plot obtained from SRELM method is shown in 6 panels
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because the type resulted from the method is reduced from 5 to 4. They show that
the force levels are separated with some overlap like Figure 3.17. However, the
accuracies are high when used with the classifiers as shown in Table 3.4. It is also the
comparison between with and without force data. The results show that both are

slightly different with the higher found in force data like in posture classification.
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Figure 3.15 Example of EMG signal from channel 1 in five forces, flexion posture and

45 mm box width.

0.9
0.8F
0.7 1
0.6 1

05

Amplitude(V)

s | -
04 | -+ ) | 1
. | i_ L
03} ; L - .
0.2 | I == ol 1
£, = 4
R i 1
F10 F30 F50 F70 F100

Figure 3.16 Boxplot of MAV value in each force level from channel 1 that are

averaged from all postures all box widths and all trials.
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Figure 3.17 Scatter plot from MAV features (ch1 and ch3) in force classification, all

postures, all box widths and all trials.
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Figure 3.18 Scatter plot from the feature projection (SRELM) in force classification

from all postures,

all box widths and all trials.

Table 3.4 Accuracies from each classifier compared between with and without force

data in subject 1, 2 and 3 using SRELM as feature projection in force classification.

Subject 1 Subject 2 Subject 3
Classifiers
With With With Without
Without force data Without force data
force data force data force data | force data
DT 96.95+1.11 93.65+1.12 96.98+0.94 96.35+0.89 97.46+1.34| 91.40+1.17
LDA 98.38+0.71 95.87+1.06 98.25+0.71 98.00+0.86 99.17+043 | 93.40+1.58
QDA 98.25+0.81 95.59+1.33 98.10+0.76 97.84+1.22 99.37+0.42| 93.11+1.28
SVM 95.90+1.04 94.79+1.25 97.11+0.57 96.35+1.13 97.75+0.94| 92.41+1.26
KNN 98.22+0.72 96.16+1.06 98.25+0.74 97.43+1.08 99.33+0.35| 93.84+1.15
Naive Bayes | 97.30+0.78 95.43+1.15 96.63+0.71 96.00+0.98 97.84+0.79| 91.52+1.62
NN 98.67+0.82 96.73+1.04 98.41+0.65 97.68+0.70 99.17+0.45| 93.90+1.51
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Figure 3.19 shows the EMG signal from channel 1 in each box width at flexion
posture and 10% force level and Figure 3.20 shows the boxplot of averaged MAV
values in each box width from all postures and all force levels. The boxplot indicates
that their mean values are not different and not significant in each box width. Figure
3.21 shows the scatter plots of MAV values from 2 channels that are quite difficult to
separate each group. Figure 3.22 shows the scatter plots from SRELM method in 6
panels. They show that the box width separation is better than that before entering
the process. Table 3.5 represents the accuracies obtained from each classifier that
the best accuracy is from KNN classifier. However, they are high in all classifiers,

especially when obtaining with force data.
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Figure 3.19 Example of EMG signal from channel 1 in five box width, flexion posture

and 10% force level.
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Figure 3.20 Boxplot of MAV value in each box width from channel 1 that are averaged

from all postures all force levels and all trials.
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Figure 3.21 Scatter plot from MAV features (ch1 and ch3) in box width classification

from all postures, all force levels and all trials.
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Figure 3.22 Scatter plot from the feature projection (SRELM) in box width classification

from all postures, all force levels and all trials.
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Table 3.5 Accuracies from each classifier compared between with and without force

data in 1, 2 and 3 using SRELM as feature projection in box width classification.

Subject 1 Subject 2 Subject 3
Classifiers
With With Without force data With Without
Without force data
force data force data force data | force data
DT 91.43+2.01 88.10+1.69 91.33+1.96 90.67+1.51 96.51+1.76| 94.79+1.53
LDA 94.92+1.03 92.19+1.38 94.76+1.63 94.79+1.67 98.60+0.51| 96.87+0.84
QDA 94.95+1.26 92.32+1.23 95.40+1.41 95.05+1.53 98.73+0.73| 97.11+0.61
SVM 94.13+1.27 91.97+1.23 94.16+1.99 94.48+1.53 98.44+0.80| 96.19+1.22
KNN 94.95+1.15 92.76+1.62 95.87+1.50 95.49+1.14 98.92+0.67| 97.08+0.96
Naive Bayes | 93.84+1.30 90.67+1.86 92.98+1.78 93.75+1.40 98.32+0.52| 95.56+1.19
NN 94.86+1.25 92.73+1.38 94.86+1.58 94.95+1.02 98.70+0.66 | 97.02+0.58

3.3.2  Feature projection method comparison

The accuracies obtained from the methods of feature projection and
classifiers in classifying postures, force levels, and box widths are shown in Table 3.6,
Table 3.7, and Table 3.8, respectively. The highest accuracy in each feature projection
method is given in bold typeface and that in each classifier is given in slanted

typeface. The best of all in the classification is filled in yellow shading.

In posture classification (Table 3.6), most high accuracies are from QDA
classifier that works together with the feature projection of SRELM, ULDA and FNPAQR
method. They give the accuracies at 99.97%, 99.81%, and 100%, respectively. The
highest accuracy in each classifier is found in different methods of feature projection.
However, all classifiers give the high performance in all feature projection methods,

except in PCA, that is only found in KNN classifier (94.10%).

In force classification (Table 3.7), most high accuracies are from KNN classifier
that works together with the feature projection of LDA, PCA and SRDA method. They
give the accuracies at 96.38%, 98.10%, and 95.75%, respectively. All highest
accuracies in each classifier are from SRELM method that the best (98.41%) is found
in NN classifier with 10 neurons. However, all classifiers give the high performance in

all feature projection methods.
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Table 3.6 Accuracies performance (%) obtained from the posture classification in

Subject 2.

SRELM LDA PCA SRDA ULDA FNPAQR
DT 99.75+0.33 | 99.75+0.20 | 89.68+1.30 | 99.75+0.25| 99.49+0.37 | 99.68+0.30
LDA 99.84+0.34 | 99.7120.38 | 81.05+1.94 | 99.43+0.54 | 99.62+0.29 | 99.84+0.22

QDA 99.97+0.10 | 99.81+0.31 | 79.27+1.70 | 99.81+0.31 | 99.81+0.27|  100.00
SVM 99.71+0.48 | 99.68+0.30 | 88.41+£6.79 | 99.30+0.75| 99.46+0.40 | 99.68+0.40
KNN 99.94+0.13 | 99.87+0.22 | 94.10+1.13| 99.87+0.16 | 99.75+0.25 | 99.94+0.13
Naive Bayes | 99.37+0.63 | 99.75+0.39 | 72.16x3.73| 98.79+0.73 | 99.71+0.23 | 99.71+0.32
NN (10) 99.94+0.13 | 99.68+0.42 | 87.49+1.65| 99.84+0.22 | 99.75+0.25 | 99.97+0.10
NN (20) 99.90+0.21 | 99.87+0.22 | 87.97+2.36 | 99.90+0.15| 99.78+0.26 | 99.94+0.13
NN (30) 99.90+0.15 | 99.87+0.16 | 87.27+2.32| 99.87+0.16 | 99.68+0.30 | 99.97+0.10

Table 3.7 Accuracies performance (%) obtained from the force

classification in Subject

2.
SRELM LDA PCA SRDA ULDA FNPAQR

DT 96.98+0.94 | 94.79+1.70 | 92.44+1.87 | 91.43+1.70 | 95.21+1.01 | 95.11+151
LDA 98.25+0.71 | 95.24+1.22 | 87.40+1.30 | 93.37+1.42 | 95.71+0.97 | 96.06+1.47
QDA 98.10+0.76 | 95.40+1.04 | 91.46+1.11 | 94.29+1.20 | 96.22+0.94 | 96.19+0.81
SVM 97.11+0.57 | 93.71+1.41 | 96.48+1.13 | 91.94+1.20 | 91.68+1.00 | 91.94+2.25
KNN 98.25+0.74 | 96.38+0.94 | 98.10+£0.76 | 95.75+1.10 | 95.84+0.83 | 95.40+1.39
Naive Bayes | 96.63+0.71 | 93.33+2.11 | 81.81+1.61 | 90.67+1.03 | 95.46+0.75 | 95.56+1.19
NN (10) 98.41+£0.65 | 96.13+1.55 | 94.06+1.41 | 95.14+0.81 | 96.41+0.91 | 96.44+1.22
NN (20) 98.41+0.71 | 94.25+6.19 | 9556+0.88 | 95.11+£1.19 | 96.51+1.16 | 96.51+1.00
NN (30) 98.32+0.76 | 96.03+1.72 | 95.08+1.59 | 95.27+1.03 | 96.48+0.78 | 96.98+1.13

In force classification (Table 3.8), most high accuracies are from KNN classifier

that works together with the feature projection of LDA, PCA, SRDA, and FNPAQR
method. They give the accuracies at 90.83%, 91.59%, 87.87%, and 90.35%,

respectively. All highest accuracies in each classifier are from SRELM method that the

best (97.27%) is found in NN classifier with 30 neurons in hidden layer. However, all

classifiers give the high performance in all feature projection methods.
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Table 3.8 Accuracies performance (%) obtained from the box-width classification in

Subject 2.

SRELM LDA PCA SRDA ULDA FNPAQR
DT 91.33+1.96 | 84.29+2.41 | 77.05+2.41 | 79.87+2.30 | 85.05+2.18 | 84.22+2.47
LDA 94.76+1.63 88+2.01 31.33+3.08 | 81.27+1.63 90+1.55 89.78+1.58

QDA 95.39+1.41 88+2.36 35.24+298 | 82.92+1.21 | 89.56+1.45 90+1.32
SVM 94.15+1.99 | 84.73+3.08 | 86.98+2.87 | 79.37+2.29 | 87.90+1.72| 87.87+1.40
KNN 95.87+1.50 | 90.83+2.07| 91.59+2.00| 87.87+1.80| 89.84+1.82 | 90.35+1.48
Naive Bayes | 92.98+1.78 | 86.06+1.61 | 34.06+2.84 | 79.90+2.17 | 87.81+1.99 | 88.19+1.21
NN (10) 97.24+1.17 | 87.87+6.35| 60.63+3.95| 84.95+1.66 90.1+2.01 90.06+1.67
NN (20) 97.05+1.44 | 88.89+1.90 | 71.59+4.33 | 86.98+1.37 | 91.43+1.11| 88.89+1.90
NN (30) 97.27+1.38 | 88.57+6.09 | 76.83+5.18 | 86.51+1.67 | 90.16+0.90 | 88.57+6.09

Figure 3.23 shows the RES index calculated from projected features by each

feature projection method. The RES index of projected features by PCA is lower than
that of other feature projection techniques in all classifications. Conversely, the
SRELM is the highest RES index except in force classification that the baseline and
LDA give the better results. The RES indexes of projected features from SRDA, ULDA,
and FNPAQR are extremely similar. Moreover, the results showed that the
classification of five box widths gives the lowest value in all feature projection
methods. In other words, the box width classification is more difficult to categorize

than other classifications.
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Figure 3.23 RES Index in feature projection method comparing with baseline feature in

posture classification, force classification and box width classification.
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3.4 Conclusions

In the study of pinch EMG data, the system for three classifications including
postures, force levels and box widths observed by 12 channels of EMG signals and
force signal is proposed. Twelve time domain features are extracted from data. Six
feature projection techniques are evaluated like in flexion data. Firstly, the effect of
force data from the force sensor is also studied by comparing results between with
and without force data in the classifications by using the SRELM technique for
projecting the features. Then, the performances obtained from seven classifiers are
compared. The result of the effect of force data shows that the performance from
EMG with force data can slightly increase that from only EMG data. The results from
the comparison of feature projection methods show that the SRELM gives the best
performance in force and box width classifications. However, the RES index obtained
from SRELM show that is the best feature separation ability in posture and box width
classification and is less than the results from baseline and LDA in force classification.
The results of classifier comparison show that KNN provides the valuable
performance in force and box width classification, especially when using with the
feature projection of LDA, PCA, and SRDA. Nevertheless, the best accuracy is from NN
when working together with SRELM in force and box width classification, whereas the
classification accuracy of up to 100% is from the combination of QDA classifier and

FNPAQR feature projection in posture classification.
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CHAPTER 4 Conclusions and recommendations for future work

4.1 Conclusions

In this study, six feature projection techniques were evaluated including PCA,
LDA, ULDA, OFNDA, SRDA, and SRELM. Seven classifiers were validated, namely, SVM,
LC, NB, KNN, RBF-ELM, AW-ELM, and NN.

In flexion EMG data, the system for classifying 14 finger movements, involving
individual and combined finger flexion observed by 6 channels of EMG signals is
proposed. The results of feature projection comparison show that the projected
features from SRELM give the best performance in terms of feature separation among
these feature projection techniques. The results of classifier comparison show that NN
provides the best performance in separating 6-channel EMG signals to identify 14
finger movements. Classification accuracy of up to 99% was reached when using

SRELM and NN in combination.

In pinch EMG data, the system for three classifications including postures,
force levels and box widths observed by 12 channels of EMG signals and force signal
is proposed. The results from the comparison of feature projection methods show
that the SRELM gives the best performance in force and box width classifications.
However, the RES index obtained from SRELM show that is the best feature
separation ability in posture and box width classification and is less than the results
from baseline and LDA in force classification. The results of classifier comparison
show that KNN provides the valuable performance in force and box width
classification, especially when using with the feature projection of LDA, PCA, and
SRDA. Nevertheless, the best accuracy is from NN when working together with SRELM
in force and box width classification, whereas the classification accuracy of up to
100% is from the combination of QDA classifier and FNPAQR feature projection in
posture classification. However, the effect of force data from the force sensor is also
studied by comparing results between with and without force data in the
classifications by using the SRELM technique for projecting the features. The result of
the effect of force data shows that the performance from EMG with force data can

slightly increase that from only EMG data.
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In summary, the classification accuracies are quite high when using the feature
projection methods with the optimal classifiers. Moreover, the processing time of
using feature projection is less than using all features and all EMG channels to be

input of classifiers.
4.2 Recommendations for future study

In the future, the other algorithms in pattern recognition, e.g., other features
of time domain and frequency domain, or feature selection technique, or combining
the classifier, will be applied to improve the performance of the EMG classification.
Moreover, the posture, force level, and box width classifications will be concluded to

predict the data immediately.
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Abstract

Electromyography (EMG) in bio-driven system is used as a control signal, for driving a hand
prosthesis or other wearable assistive devices. Processing to get informative drive signals involves
three main modules: preprocessing, dimensionality reduction, and classification. This paper proposes
a system for classifying a 6-channel EMG signal from 14 finger movements. A feature vector of 66
elements was determined from the 6-channel EMG signal for each finger movement. Subsequently,
various feature extraction techniques and classifiers were tested and evaluated. We compared the
performance of 6 feature extraction techniques, namely principal component analysis (PCA), linear
discriminant analysis (LDA), uncorrelated linear discriminant analysis (ULDA), orthogonal fuzzy
neighborhood discriminant analysis (OFNDA), spectral regression linear discriminant analysis
(SRDA), and spectral regression extreme learning machine (SRELM). In addition, we also evaluated
the performance of 7 classifiers consisting of support vector machine (SVM), linear classifier (LC),
Naive Bayes (NB), k-nearest neighbors (KNN), radial basis function extreme learning machine (RBF-
ELM), adaptive wavelet extreme learning machine (AW-ELM), and neural network (NN). The results
showed that the combination of SRELM as the feature extraction technique and NN as the classifier
yielded the best classification accuracy of 99%, which was significantly higher than those from the

other combinations tested.

Keywords: Electromyography (EMG), feature extraction, dimensionality reduction, finger

movement classification, EMG pattern recognition.
1. Introduction

The loss of finger functions is a major disability that limits everyday capabilities and
interactions [1]. Hence, myoelectric control based devices using residual muscles, such as the muscles
of the shoulder and/or arm, are used for improving the quality of life for people with physical
disabilities [2, 3]. Surface electromyography (EMG) observes electrical activities of the muscles by
detection with surface electrodes [4]. The EMG signal contains useful information related to muscular
activity, neuromuscular disease, and movements intended [5]. It can be used for controlling a
prosthetic arm or hand, as well as with other devices such as a wheelchair, a mouse, and a keyboard.
This requires that the pattern of an EMG signal is classified into a predefined class that is matched

with the command for controlling the device [6, 7].

A finger movement classification system consists of 3 main modules, namely, preprocessing,
dimensionality reduction, and classification. In preprocessing module, a D-dimensional vector of
numerical features is generated from each segment of EMG data. Then, to increase the classification

accuracy and decrease the computational complexity, the dimensionality reduction techniques are
2
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applied in the second module. As a result, a d-dimensional vector is obtained. Note that, the
dimension of the reduced feature vector is smaller than the dimension of the original feature vector (d
< D). Finally, the reduced feature vector is used as an input of a classifier for finger movement

classification in the last module.

When the number of movements to be classified was small, the dimensionality reduction was
not applied because the dimension of the original feature vector was also not high. Classification of 8
finger movements was proposed in [8] using mean absolute value (MAV) and the spectra from Gabor
transform as feature values. The number of EMG channels was 2 resulting in the dimension of the
feature vector 16. The classification accuracy was 85.10%. Uchida et al. [9] reported that the
classification accuracy of 5 finger movements with the feature values based on fast Fourier transform
(FFT) was 86% when the feature vector with dimension 20 (10 FFT coefficients x 2-channel EMG)

was used.

When the number of movements to be classified increases, the number of elements in the
feature vector increases to improve the classification accuracy. The high-dimensional feature vector
has been proposed by combining time domain, frequency domain, and/or statistical feature values.
However, the increase in the dimension of feature vector can introduce redundancy and add to the
computational complexity of classification. Therefore, various dimensionality reduction techniques
were proposed to reduce the redundancy and computational complexity [10]. There are two main
strategies of dimensionality reduction, i.e., feature extraction and feature selection. While feature
extraction tries to determine the best combinations of the original feature vectors to form a new
feature vector with smaller dimension, feature selection chooses the best subset of elements from the
original feature vector. Previous studies applied various feature extraction methods in EMG
classification including principal component analysis (PCA) [11, 12], linear discriminant analysis
(LDA) [13, 14], uncorrelated linear discriminant analysis (ULDA) [15], orthogonal fuzzy
neighborhood discriminant analysis (OFNDA) [16], and spectral regression linear discriminant
analysis (SRDA) [17].

Our previous study [18] proposed a new feature extraction, namely spectral regression
extreme learning machine (SRELM), and evaluated its performance along with other feature
extraction techniques, including SRDA, ULDA, OFNDA, and PCA. Moreover, in [18] five classifiers
including adaptive wavelet ELM (AW-ELM), radial basis function ELM (RBF-ELM), support vector
machine (SVM), k-nearest neighbors (KNN), and linear classifier (LC) were evaluated for their
performances in classifying two channels of EMG signals from 10 hand and finger movements. We
reported that SRELM gave the best performance. Moreover, we found that the classification accuracy
depended on the classifier. In other words, while SREML provided the best performance when the

3
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KNN classifier was used, ULDA gave the best performance with the SVM classifier. These results
indicated that the pairing of a feature extraction technique with a type of classifier affects the
classification accuracy. Therefore, another effective classifier, neural network (NN), which was not

used in [18], was investigated in this current study.

2. Theory
2.1 Preprocessing methods

In the preprocessing methods, we transform segments of EMG data into an original feature
vector. Feature values, which are elements of the original feature vector, are usually determined from
the EMG data in the time domain and/or the frequency domain [6]. Recent studies have proposed
further feature values based on statistical methods. In this paper, we used Hudgins’s feature set [2, 3,
19]: MAYV, waveform length (WL), zero crossing (ZC), and slope sign change (SSC), which are
popular time domain features used in previous studies. In addition, we also used the fourth order
autoregressive coefficient (AR) for representing information on the prediction model [12, 20], mean
frequency (MNF) for representing information on the power spectral density [21], kurtosis (KURT)
for representing information on peakedness of distribution [22], and skewness (SKW) for representing
information on the symmetry of distribution in the EMG signal [13]. As a result, the original feature
vector of 11 elements from each segment of EMG data per EMG channel consists of (1) MAV, (2)
WL, (3) ZC, (4) SSC (5)-(8) Four AR coefficients, (9) MNF, (10) KURT, and (11) SKW. The

detailed mathematical definition of each feature is as follows.

(1) MAV represents the signal energy, which is frequently used for detecting the onset of an

EMG signal. MAYV feature is the average of absolute value of the EMG signal. It can be defined as [2]
1 N

MAV =53 %1, )
i=1

where x; is the amplitude of the EMG signal at sample i and N is the length of the EMG signal.

(2) WL is the cumulative length of the EMG waveform over the segment, and is indicative of

the complexity of the EMG signal. It can be expressed as [2]

N-1
WL=>| X, =X |. )

i=1
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(3) ZC is the number of times that the EMG signal amplitude crosses zero. In other words, it
is the number of times that the signal amplitude changes its sign. A threshold must be set to reduce the

noise (i.e., threshold was set to 10 uV). It can be defined as [2]

N-1
ZC:Z[f(xi><xi+1)m|xi —xi+1|210], @)
i=1
F(x) = 1 ifx<0 .
| 0, otherwise’ 4)
(4) SSC is the number of times that the slope of the EMG signal changes sign. It is defined as
2]
N
SSC =3[ s{(x =X )X =X} Al ~ | 2100 — x| 210} ], ©
i=2
S(X) = 1, ifx>0 i
| 0, otherwise (6)

(5) AR describes each sample of the EMG signal as a linear combination of the previous

sample plus a white noise error term, which can be defined as [20]

P
X, :Z;apxi_pwvi, )
p=

where a, is the coefficient in the AR model. P is the order of the AR model and w; is white noise or
error sequence. In this paper, P is set to four. As a result, the number of feature values from the AR

model is 4.

(6) MNF is the average frequency. It is defined as the sum of product of power spectrum and

frequency divided by the total spectrum intensity, which can be expressed as [21]
M M
MNF=>fP. />'P,, 8)
j=1 j=1

where fj is the frequency of spectrum at frequency bin j. Pjis the EMG power spectrum at frequency

bin j and M is the number of bins.
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(7) KURT is a classical higher-order statistical characteristic indicating hon-Gaussianity, and
is used to quantify the peakedness of a distribution. It is the fourth-order cumulant of the data, which
can be defined as [22]

1N 4 /(1N 2
KURT = {Wzil Yi (NZ” Yi j -3, ©))
where y; represents the ith normalized EMG amplitude, which has zero mean and unit variance. N

denotes the total number of the normalized EMG samples. Kurtosis can be either positive or negative.

(8) SKW is a measure used for characterizing the degree of asymmetry of the distribution of a

random variable y. It is the third-order cumulant of the data, which can be defined as [13]

SKW:%Z:‘I(M_)—/)S/(\/;ZiNl(yi —7)2] . (10)

2.2 Feature extraction

Six feature extraction techniques are evaluated in this paper including PCA, LDA, ULDA,
OFNDA, SRDA, and SRELM. It should be noted that the dimension of the reduced feature vector
from each feature extraction technique except PCA was 13, matching the total number of movements
minus one. On the other hand, the dimension of the reduced feature vector from PCA was 14. The

brief details on each technique are as follows.

e PCA tries to find a set of orthogonal basis vectors that captures maximum information from
the original dimensions. PCA decomposes the covariance structure of the original dimensions
by calculating the eigenvalues and eigenvectors of the data. The components, i.e., eigenvalues
and eigenvectors, are ranked according to their variance to the principal axes ranging from the

highest contribution to the lowest.

o LDA tries to find an optimal transformation vector by maximizing the ratio of the between-
class distance to the within-class distance, so that the maximum class discrimination is

achieved.

e ULDA is an extension of classical LDA, such that the features in the transformed space are
uncorrelated, so the redundancy in the transformed space could be reduced. The objective of

ULDA is to find the optimal discriminant vectors.
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o OFNDA minimizes the distances within the classes and maximizes the distances between the
centers of different classes, while taking into account the contribution of the samples to the
different classes and to efficiently overcome the singularity problems of classical LDA by

employing the QR-decomposition.

e SRDA combines the spectral analysis of the graph matrix and regression techniques, and is
essentially developed from LC [23]. A set of linear regression problems is solved to obtain

the transformation vectors.

e SRELM was proposed in our previous study [18]. It is integrated from extreme learning
machine (ELM) and spectral regression (SR), which utilizes the obtained eigenvector to
project the hidden layer output to the output layer. The hidden layer weights are determined
randomly. The output weight is computed using SR. There are two parameters in optimizing
SRELM performance: number of hidden nodes and alpha. In order to evaluate the optimal
parameters in this paper, the number of hidden nodes was varied from 100 to 1,500 nodes

with an increment of 100 nodes and alpha was varied from 1 to 20 with an increment of 1.
2.3 Feature evaluation

In this paper, we applied the statistical criteria, namely, the ratio of a Euclidean distance to a
standard deviation (RES) index, to evaluate class separation performance of the reduced feature
vector obtained from each feature extraction technique. The advantage of the RES index is that its
result is independent of any classifier. The RES index can be defined as [24]

_D

(o}

I'I'I

RES index = (11)

ED is the distance between coordinates of a pair of clusters p and g in n-dimensional

Euclidean space, which can be defined as

ED K(K l)pzqzil\/(ml m)? +(mz —m3)?, (12)

where m is the average value of feature. p and g are indexes representing the movements. K is the total

number of movements. (1 < k < K, K=14)

o is dispersion of clusters p and g, which can be expressed as
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= ZK: Sik » (13)

- |
o, =
IK =

where s is a standard deviation of a feature and | is the length of feature vector (1 <i<l, | =13 or 14).

The RES index increases when the class separation performance of EMG features increases.
2.4 Classification

Seven classifiers are tested and compared in this paper, i.e., SVM, LC, NB, KNN, RBF-ELM,
AW-ELM, and NN. Brief details of each classifier and its corresponding parameters used are as

follows.

e SVM uses a discriminant hyperplane to separate the classes [25]. SVM aims to find the
optimal hyperplane that maximizes the margins between the points of different classes. The
margins are the distances between the hyperplane and the nearest training points. In this
study, SVM type was C-support vector classification. Kernel type was radial basis function.

Gamma in kernel function was set to 1/number of features and cost was set to 1.

e LC was implemented using a simple max gate function as a classification rule [26]. It is
assumed that the feature vectors have multivariate normal distribution with mean vector and

common covariance matrix.

o NB classifier aims to reach the best hypothesis through a given training data set [27]. Bayes
theorem provides a way to calculate the probability of a hypothesis based on its prior
probability of both the data found and the total data. NB often performs well although

independence assumptions between data are violated.

e KNN is a process to assign a new feature vector to a class in all available cases using a
similarity measure such as distance functions [26]. After the distances between the feature
vector and all the training samples are determined, the new case is assigned to the class with
the largest probability. In other words, it is classified by a majority vote of its k neighbors. In

this paper, k was set to 14.

e RBF-ELM is a variant of ELM classifier, which is single layer feed-forward network with
radial basis function [28]. It employs randomized method to initialize the centers and widths
of RBF kernels and the output weights of RBF network are calculated analytically. In order to
select the optimal parameters, a grid search method was used. From the step sizes at 0.1, 0.5,

1, 5, 10, 15, and 20, we can obtain 49 combinations of cost and kernel parameters under test.



221
222

223
224
225
226
227

228
229
230
231
232
233
234
235
236

237

238

239
240
241
242
243
244
245
246
247
248
249

250
251
252

Apr. 2,2018 04Manuscript_Phukpattaranont

The optimal parameters were selected from the combination that gave the maximum

accuracy.

o AW-ELM proposed by Anam and Al-Jumaily [29] is the combination of ELM with wavelet
neural network. It utilizes a wavelet function as the activation function in the hidden node.
The function is adjusted according to changes in the input. In order to select the optimal
parameter, the number of hidden nodes was varied from 25 to 500 nodes with an increment of
25 nodes

o NN is a multilayer perceptron, which is composed of several layers: one input layer, one or
several hidden layers and one output layer [30]. Each neuron in each layer is connected with
the output of the previous one. In this paper, we designed three layered feed-forward back-
propagation neural networks consisting of input layer, tan-sigmoid hidden layer and linear
output layer. The number of neurons in input layer was either 13 for PCA or 14 for other
feature extraction techniques. The number of neurons in hidden layer was 10, 20, or 30, with
the best alternative selected for obtaining maximal accuracy. The number of neurons in output
layer was 14, i.e., one neuron per movement type. In addition, NN was trained using scaled

gradient descent algorithm.
3. Materials and methods
3.1 EMG data acquisition and experimental setup

A commercial EMG measurement system (Mobi6-6b, TMS International B.V.) with built-in
band-pass filter (20-500 Hz) and amplifier with a gain factor of 19.5 was used for recoding EMG
signals at a sampling rate of 1024 Hz. The EMG signals from 6 forearm muscles were recorded using
12 pairs of bipolar disposable Ag/AgCl electrodes (H124SG, Kendel ARBO) with an inter-electrode
distance of 20 mm. In addition, a Ag/AgCl electrode was placed on the wrist to provide a common
ground reference. Fig. 1 (Left) shows the electrode placements on the 6 forearm muscles used for
EMG data acquisition. While the first group of muscles, namely, extensor carpi ulnaris (CH6),
extensor carpi radialis longus (CH5), and extensor digitorum (CH4), are located on the posterior
compartment of the forearm to perform extension at the fingers, the second group of muscles, namely,
flexor carpi ulnaris (CH3), palmaris longus (CH2), and flexor carpi radialis (CH1) are located on the

anterior compartment of the forearm to produce flexion at the fingers.

Ten able-bodied subjects (7 males and 3 females) with ages ranging from 20 to 23 years
participated in the experiments. Each subject performed 14 different finger movements in a ramdom

sequence for a trial consisting of thumb flexion (M1), index flexion (M2), middle flexion (M3), ring
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flexion (M4), little flexion (M5), hand close (M6), index-middle-ring-little flexion (M7), middle-ring-
little flexion (M8), ring-little fingers flexion (M9), middle-ring flexion (M10), index-middle-ring
flexion (M11), thumb-little flexion (M12), thumb-ring-little flexion (M13), and thumb-middle-ring-
little flexion (M14), as shown in Fig. 1 (Right). Within the trial, the beginning of each movement
activity is triggered by an auditory clue. Following the clue, the subject performed the movement and
held the contraction for 5 s in duration until a rest cue was given. A one-minute period rest state was
taken between each movement in the trial. The trial was repeated five times with a ten-minute period

rest state. As a result, each movement was performed 5 times.

Fig. 2 shows an example of EMG signals obtained from six muscles during thumb flexion
(M1). The EMG signals with 5 s in duration (5,120 samples) from CH1 to CH6 were shown in the top
to bottom rows, respectively. The differences in amplitudes of EMG signals from different muscles
are clearly seen. While the amplitudes of EMG signals from CH6 are largest, the amplitudes of EMG

signals from CH1 are smallest.

3.2 Methods

Fig. 3 shows the method for evaluating feature extraction techniques and classifiers used in
recognizing the EMG signals from finger movements in this paper. After 6 channels of EMG signals
from 14 hand and finger movements were acquired, they were processed using the analytical method
consisting of 5 steps, i.e., (1) Segmentation, (2) Feature generation, (3) Feature extraction, (4)
Performance evaluation with RES index, and (5) Performance evaluation with classifiers. The details

on each step are as follows.

Step 1) Segmentation: In this step, the collected EMG data with a length of 5120 samples
was segmented by the disjoint windowing technique with a window length of 256 samples (250 ms)

resulting in 20 segmented EMG data for each EMG channel of each movement.

Step 2) Feature generation: In this step, the eleven feature values described in Section 2.1
including MAV, WL, ZC, SSC, MNF, KURT, SKW, and 4 coefficients from AR were calculated for
each EMG segment. The feature values from 6 EMG channels were formed as an original feature
vector. As a result, the dimension of the original feature vector was 66 for each movement (11 feature

values per EMG channel x 6 EMG channels).

Step 3) Feature extraction: In this step, the six feature extraction techniques described in
Section 2.2 including PCA, LDA, ULDA, OFNDA, SRDA, and SRELM were applied to the original

10
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feature vector in Step 2). As a result, the dimension of the original feature vector, which was 66 from
Step 2), was reduced to 14 for PCA and 13 for the others in this step.

Step 4) Performance evaluation with RES index: In this step, the performance on class
separation ability of all reduced feature vectors from each feature extraction technique resulting from
Step 3) was evaluated with the RES index described in Section 2.3. As a result, six RES index from 6

feature extraction techniques were obtained and compared.

Step 5) Performance evaluation with classifiers: In this step, all reduced feature vectors
from each feature extraction technique in Step 3) were used as the inputs of 7 classifiers, which were
briefly described in Section 2.4. Therefore, there are 42 combinations of the reduced feature vector
with the classifier under test. The performance based on classification accuracy from each

combination was evaluated and compared.

Note that, the reduced feature vectors were classified with a 10-fold cross-validation. In other
words, the reduced feature vectors were randomly partitioned into 10 subsets. The classifier training
was performed using 9 subsets and the remaining subset was used for classifier testing. This process
was repeated 10 times such that each of the 10 subsets was used as the testing data. Finally, the
performance of each pairing of the reduced feature vector with the classifier was evaluated and
compared using mean and standard deviation of classification accuracies. The classification accuracy

can be expressed as

Number of correct classifications
classification accuracy = * 100% .
¥ Totzl number of finger movements under test % (14)

4. Results
4.1 Characteristics of the reduced feature vectors

Fig. 4 shows as an example the scatter plot between the first two elements of the reduced
feature vectors from each feature extraction technique. The result shows that the first two elements of
the reduced feature vectors by SRELM provided better separation than those from other feature
extraction techniques, while the first two elements of the reduced feature vectors from LDA, ULDA,
OFNDA, and SRDA are quite overlapped. In addition, PCA provided results that had the worst

performance in separating finger movements.

Fig. 5 shows the RES index calculated from all reduced feature vectors by each feature

extraction technique. The RES index of reduced feature vectors by SRELM is higher than that of
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other feature extraction techniques. In other words, SRELM provides the reduced feature vectors that
have the best performance in separating finger movements. The RES indexes of reduced feature
vectors from SRDA, OFNDA, LDA, and ULDA are quite similar, while the reduced feature vectors
from PCA give the lowest RES index. We can clearly see that the RES index of reduced feature

vectors in Fig. 5 is consistent with the scatter plot of reduced feature vectors in Fig. 4.
4.2 Classification accuracy

Table | presents the classification accuracy using various feature extraction techniques paired
with different classifiers. While the best classification accuracies from LC, KNN, AW-ELM, and NN
are obtained with the reduced feature vectors from SRELM, the best classification accuracies from
SVM and RBF-ELM are obtained with the reduced feature vectors from SRDA. However, for each
feature extraction technigque, we can observe that NN with 10 nodes in the hidden layer provides the
highest classification accuracy. Moreover, the combination of SRELM and NN gives the maximum

classification accuracy at 99.09%.

Table Il presents the classification accuracies for 14 movements obtained from the NN
classifier with different numbers of nodes in hidden layer, i.e. 10, 20, or 30 neurons. When we
increase the number of neurons in hidden layer from 10 to 20 and to 30, the classification accuracy
changes slightly for each feature extraction technique. Results show that 20 neurons in hidden layer
gives the best accuracy at 99.57% among all combinations of feature extraction techniques and

classifiers, when the reduced feature vectors from SRELM are used.

Table Il presents classification accuracies with channel reduction. The subset of channels
was optimized by considering the classification accuracies obtained from all combinations of each
channel set. Firstly, all possible combinations of five channels out of the six total were trialed for
classification. Only the set of five channels providing the highest classification accuracy was selected.
Secondly, all possible combinations of four channels out of the five total from the first step, were
trialed for classification. For instance, the accuracies from all combinations of five channels are
shown in the second row to the seventh row in Table I1l. We can see that the combination of CH2,
CH3, CH4, CH5, and CHG6 provides the highest classification accuracy, so this channel set was
selected as the best combination of five channels. Then, all possible combinations of four channels out
of the five selected channels from the first step were trialed. As a result, the combination of CH2,
CH3, CH5, and CH6 provides the best classification accuracy and it was chosen as the optimal set of
four channels. The procedure was repeated for three, two and one channels, respectively. The results
show that the classification accuracy decreases from 99.57 to 58.95% when the number of channels

decreases from 6 to 1. Moreover, to obtain a high classification accuracy, EMG signals from the

12
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muscles located on the anterior and posterior compartments of the forearm are needed. For example,
the maximum classification accuracy from two EMG channels at 85.38% can be obtained from the
combination of flexor carpi radialis (CH3) and extensor carpi ulnaris (CH6), which are located on the

anterior and posterior compartments of the forearm, respectively.

Table 1V presents classification accuracies from movement reduction using 2 channels of
EMG signals, namely, CH3 and CH6. The selection of these two EMG channels was guided by Table
I1l. The subset of finger movements was optimized by considering classification accuracy of each
movement. All EMG signals from 14 finger movements were firstly classified, and then the
classification accuracy was individually investigated for each movement from the confusion matrix
[32]. The movement providing the lowest classification accuracy was removed from the movement
set. The procedure was repeated until the number of movements decreased to two movements. The
results show that the classification accuracy increases from 85.38% to 100% when the number of
movements decreases from 14 to 10 movements. In other words, the reduction in the number of

movements decreases the complexity of classification, resulting in better classification accuracy.
5. Discussion

Results of the scatter plot shown in Fig. 4 and the RES index shown in Fig. 5 show that the
reduced feature vectors from SRELM provides the best performance in separating finger movements.
Anam and Al-Jumaily [18] reported that SRELM is an extreme learning machine (ELM) for
supervised feature extraction with consideration of the class label. The aim of the training is to
produce output that is very close to the output target. In other words, the training tries to minimize the
error between the actual output and target. As a result, the reduced feature vectors from SRELM show
better performance in separating fourteen finger movements than those from other feature extractions.
In addition, LDA considers also class label in the extraction step (i.e., supervised feature extraction)
and ULDA is developed to solve the limitation of LDA by producing a set of uncorrelated
discriminant features employing the singular value decomposition [14]. In contrast, as Chu et al. [31]
reported the PCA does not consider the class labels in the extraction process (i.e., it performs
unsupervised feature extraction). Therefore, the output is another representation of the reduced feature

vectors and its performance is lower than with other feature extraction techniques.

Table V presents the performance comparisons of the proposed method with those from
previous publications. The classification performance can be divided into two groups. In the first
group, the number of EMG channels used is 2 [8, 9, 13, 18, A]. The dimensions of feature vectors
from [8] and [9] are 16 and 20, respectively. The classifier used in is NN. The classification accuracy

is 85%-86%. It is important to note that there is no application of feature extraction for classifying
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movements from both individual and combined fingers in [8] and [9]. This may be the cause of poor
classification accuracy. However, feature extraction is applied for reducing a dimension of the feature
vector in [13, 18, A]. The classification accuracy of the proposed technique for classifying 10
movements from 2-channel EMG signals achieves 100% [A] compared to 86.72% and 92.00% in [18]
and [13], respectively. Note that, in [18], the feature vectors were generated from two EMG channels
plus one channel formed from summation of the two channels. Moreover, Bayesian fusion was
applied as a post processing in [13]. Comparison between [A] and [18] indicates that the pairing of a
feature extraction technique with a type of classifier affects classification accuracy. Another way to
increase classification accuracy when the number of movement increases is to increase in the number
of EMG channels as shown in [11-12, 19-20, B]. Results show that the proposed technique achieves
good accuracy in classifying 14 movements from 6-channel EMG signals at 99.57% [B]. The results
of this study clearly illustrate that using high dimensional feature vectors with feature extraction could

improve the classification performance.
6. Conclusions

This paper proposed a system for classifying 14 finger movements, involving individual and
combined finger flexion observed by 6 channels of EMG signals. Six feature extraction techniques
were evaluated including principal component analysis (PCA), linear discriminant analysis (LDA),
uncorrelated linear discriminant analysis (ULDA), orthogonal fuzzy neighborhood discriminant
analysis (OFNDA), spectral regression linear discriminant analysis (SRDA), and spectral regression
extreme learning machine (SRELM). The results show that the reduced feature vectors from SRELM
give the best performance in terms of feature separation among these feature extraction techniques. In
addition, the best feature separation ability obtained with SRELM was confirmed by a quantitative
measure, namely the RES index. Subsequently, seven classifiers were validated, namely, support
vector machine (SVM), linear classifier (LC), Naive Bayes (NB), k-nearest neighbors (KNN), radial
basis function extreme learning machine (RBF-ELM), adaptive wavelet extreme learning machine
(AW-ELM), and neural network (NN). The results show that NN provides the best performance in
separating 6-channel EMG signals to identify 14 finger movements. Classification accuracy of up to

99% was reached when using SRELM and NN in combination.
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2 Fig. 1. Left: The electrode locations on forearm muscles. Right: The fourteen finger movements.
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1 Table | Mean and standard deviation of classification accuracies for 14 movements obtained with

2 various pairs of feature extraction (FE) and classifier.

FE SVM LC NB KNN RBF-ELM  AW-ELM NN
SRELM  92.92+4.35 93.64+4.00 90.04+4.57 93.04+4.09 93.24+3.88 92.12+4.34 99.09+0.83
LDA 93.30£3.91 92.42+3.69 90.39+4.41 92.29+4.37 93.33+4.11 91.08+4.55 95.51+2.74
ULDA 93.01£3.97 92.34+3.77 90.01+4.30 92.15+4.46 93.12+4.06 90.76+4.98 95.58+2.82
SRDA 93.70+3.55 92.13+3.89 89.81+4.39 93.01+3.65 93.89+3.54 92.07+4.17 95.12+3.08
OFNDA  93.09+3.98 92.31+3.84 90.30+4.21 92.06+4.30 93.31+3.90 90.84+4.68 95.59+2.76
PCA 83.96+6.93 83.23+6.46 72.61+7.26 79.51+7.76 81.91+8.27 75.46+7.67 85.59+6.58
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Table 11 Mean and standard deviation of classification accuracies for 14 movements obtained from

the NN classifier with three alternative sizes of the hidden layer.

FE 10 neurons 20 neurons 30 neurons
SRELM 99.09+0.83 99.57+0.42 99.54+0.46
LDA 95.51+2.74 96.61+2.45 96.84+2.25
ULDA 95.58+2.82 96.68+2.34 96.83+2.21
SRDA 95.12+3.08 96.37+2.33  96.49+2.40
OFNDA  95.59+2.76 96.47+2.56 96.86+2.25
PCA 85.50+6.58 87.87+6.21 88.47+6.01
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Table 111 Mean and standard deviation (SD) of classification accuracies for 14 movements obtained

from the SRELM feature extraction and the NN classifier as the number of available EMG channels is

reduced step by step.

Channel combination MeanxSD Note
CH1-CH2-CH3-CH4-CH5-CH®6 99.57+0.52 6 channels
CH2-CH3-CH4-CH5-CH6 99.24+0.51 Remove CH1
CH1-CH2-CH3-CH4-CH5 98.71+1.12
CH1-CH2-CH3-CH4-CH6 98.90+0.90
CH1-CH2-CH3-CH5-CH6 99.05+1.00
CH1-CH2-CH4-CH5-CH6 98.90£1.60
CH1-CH3-CH4-CH5-CH6 98.86+1.31
CH2-CH3-CH5-CH6 97.95+1.52 Remove CH1 and CH4
CH2-CH3-CH4-CH5 97.33%1.70
CH2-CH3-CH4-CH6 97.90£1.06
CH2-CH4-CH5-CH6 96.95+2.24
CH3-CH4-CH5-CH6 97.90£1.29
CH3-CH5-CH6 93.71+3.94 Remove CH1, CH4, and CH2
CH2-CH3-CH5 93.38+2.68
CH2-CH3-CH6 92.81+3.79
CH2-CH5-CH6 92.90£3.32
CH3-CH6 85.38+4.55 Remove CH1, CH4, CH2, and CH5
CH3-CH5 84.76x4.92
CH5-CH6 80.1945.67
CH3 58.95+8.49 Remove CH1, CH4, CH2, CH5, and CH6
CH6 56.24+9.45
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Table 1V Mean and standard deviation of classification accuracies for movement reduction obtained
from the SRELM feature extraction and the NN classifier using the EMG signals from CH3 and CH6.

# movements MeanzSD Movement removal
14 85.38+4.55 -
13 99.08+0.68 M7
12 99.28+0.59 M7 and M13
11 99.94+0.19 M7, M13, and M6
10 100.00+0.00 M7, M13, M6, and M14
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Table V Performance comparisons with other techniques from previous publications.

Ref. #M  #Ch  Features in each EMG channel #DF FE Classifiers Acc. (%)

[8] 8 2  MAV, SGT 16 - NN 85.10

[9] 5 2 FFT 20 - NN 86.00

[13] 10 2 7"-order AR, SSC, ZC, WL, 28 LDA SVM ~92.00
SKW, HTD

[18] 10 2+1 6M-order AR, SSC, ZC, WL, 42 SRELM AW-ELM 86.73
SKW, MAV, HTD

[A] 10 2 4™order AR, SSC, ZC, WL, 22 SRELM NN 100.00
SKW, MAV, MNF, KURT

[11] 12 32 WL 32 PCA NN 94.30

[12] 15 6  6%-order AR, RMS, WL, ZC, 66 OFNDA LDA 98.25
IEMG, SSC

[19] 11 7 IEMG, WL, VAR, ZC, SSC, 42 - NN 93.90
WAMP

[20] 15 4 4%-order AR, WL, RMS 24 - SVM 97.60

[B] 14 6  4"-order AR, MAV, WL, ZC, 66 SRELM NN 99.57

SSC, MNF, KURT, SKW

#M: The number of movements, #Ch: The number of EMG channels used, #DF: The dimension of the
feature vector before applying feature extraction, FE: Feature extraction, Acc: Accuracy, SGT: the
spectra from Gabor transform, FFT: fast Fourier transform, HTD: Hjorth time domain, IEMG:
Integrated EMG, VAR: Variance of EMG, RMS: Root mean square, [A]: The proposed method when
using 2-EMG channels for classifying 10 finger movements, [B]: The proposed method when using 6-

EMG channels for classifying 14 finger movements.
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Abstract

Pattern recognition in myoelectric control of upper-limb prosthetic devices is important to restore functions of an amputee. In this
study, we classify 5 force levels of thumb-index pinch in 3 wrist postures and 5 object lengths using the surface electromyography
(SEMG), which can be applied in proportional myoelectric control. Twelve channels of SEMG from muscles in 3 regions, i.e., hand, low-
er forearm, and upper forearm were recorded. Twelve traditional time-domain features were determined from each SEMG segment. Then,
the optimal feature subset was obtained by the sequential forward floating selection (SFFS) method. Seven classifiers consisting of linear
and non-linear classifiers were compared. Results show that k-nearest neighbor can outperform other classifiers with the average classifi-
cation error 1%. However, the error from the muscles in upper forearm region only is about 10%. These muscles can be used in the pros-
thetic design for the wrist disarticulation amputee and the transradial amputee.

Keywords: EMG signal processing; Pinch; Classification; Prosthetic devices; SFFS; K-nearest neighbor; Neural network; Proportional myoelectric control

1. Introduction

Recently, the loss of hand or finger is a major disability of
human that limits the capabilities and interactions in daily life
of a person. The myoelectric control using the residual mus-
cles, the arm or the shoulder, is used to help amputees for
improving their quality of life. The surface electromyography
(SEMG) signal is widely applied to control prosthetic devices
[1]. However, there are many limitations about a small fixed
set of gestures. The motions cannot be freely controlled by
users’ intentions. Therefore, the more natural, creative and
intuitive motions in hand gesture recognition should be devel-
oped. However, identifying force level and/or motions in hand
gestures remains a difficult task.

Kamavuako et al. [2] studied the correlation between force
profiles and single-channel intramuscular EMG (iEMG). The
correlation coefficient between the iEMG and force was ap-
proximately 0.9, which was quite similar to that from the
SEMG and force. He et al. [3] proposed the novel features
based on discrete Fourier transform to classify 9 grasp and
wrist motions under 3 muscle contraction levels (20%, 50%,
and 80% of maximal voluntary contraction) with linear dis-
criminant analysis (LDA). Results showed that the proposed
features provided better classification accuracy compared to

that from the traditional time-domain features because of their
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robust property, which can be against varying contraction
levels. In [4], well-known time-domain features from SEMG,
such as root mean square (RMS), mean absolute value (MAV),
were used as the inputs of time-delayed artificial neural net-
work to predict forearm muscle forces during the extension
and flexion wrist movements in real time.

In [5], a novel set of features based on Fourier transform re-
lations, the Parseval's theorem, and power spectrum moments,
which was able to be against force variation, was developed. It
was used to classify 6 motions including different grip and
finger movements under 3 force levels (low, moderate, high).
Four classifiers including LDA, Naive Bayes (NB), random
forest, and k-nearest neighbor (KNN) were compared. Results
showed that the proposed set of features could improve the
classification performance (6%-8%) in comparison to other
methods of feature extraction and LDA gave the best perfor-
mance compared to other classifiers.

Celadon et al. [6] estimated force profiles and force levels
from individual finger movements (flexion and extension)
using high density SEMG. RMS was used as the feature.
Three methods including LDA, common spatial patterns pro-
portional estimator (CSP-PE), and thresholding algorithm
were evaluated and compared. Results showed that the per-
formance from the CSP-PE is the best when the number of
electrodes was less than 24. However, for higher resolution of
the recording, the performance from CSP-PE was comparable
to that from LDA.

*
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Effective features are essential in pattern recognition for
myoelectric control. Dimensionality reduction is usually ap-
plied when the number of channels used to record SEMG sig-
nals is large to reduce redundancy and increase relevance of
the features [7-14]. Adewuyi et al. [7] studied 5 SEMG feature
sets for classifying 4 hand motions in different wrist positions
from 16 non-amputees and 4 partial-hand amputees. Results
showed that the feature subset from LDA combined with a
feature selection algorithm based on the sequential forward
searching (SFS) method gave the lowest classification error.
However, the main drawback of SFS method is the nesting
effect [15], i.e., inability to remove the added feature.

In this paper, the sequential forward floating selection
(SFFS), which is a suboptimal search strategy to solve the
nesting effect [16], is applied to select the optimal feature
subset for classification of 5 force levels. Twelve channels of
SEMG signals from the muscles in 3 upper-limb regions in-
cluding region of hand (RH), region of lower forearm (RLF)
and region of upper forearm (RUF), were recorded from
thumb-index pinch with 3 wrist postures, 5 length objects, and
5 force levels. The classification errors from the muscles in
RH, RLF, and RUF would be evaluated and compared so that
the muscles can be appropriately chosen and used.

2. Materials and Methods
2.1 EMG data acquisition

Twelve channels of SEMG signals were recorded from 3
regions on the right arm including RH, RLF and RUF as
shown in Fig. 1. The list of related muscles in each region is
shown in Table 1. The muscles in RH, RLF, and RUF are
shown in Fig. 2, Fig. 3, and Fig. 4, respectively. Details of
muscles in each region are as follows.

RH: The sEMG data from 3 muscles in RH consisting of
the adductor pollicis (AP), the abductor pollicis brevis (APB),
and the first dorsal interosseous (FDI) were collected from
bipolar Ag/AgCI electrodes (EL254S, BIOPAC) at an inter-
electrode distance 10 mm.

RLF: The sEMG data from 2 muscles in RLF including the
flexor pollicis longus (FPL) and the extensor pollicis longus
(EPL) were recorded using bipolar Ag/AgCl electrodes
(H124SG, Kendel ARBO) at an inter-electrode distance 20
mm.

RUF: Seven pair of electrodes were placed in RUF without
specific muscle positions at approximately one third of the
forearm length from the head of the ulna. The type and con-
figuration of electrodes used were the same as in RLF. The
distances between adjacent electrodes (d) were approximately
equal. For each subject, d was calculated from the distance
around the forearm circumference divided by seven. The first

pair of electrode was placed at a distance of d/2 from the ulnar.

Table 1. List of related muscles in each region.

Regions Channels Muscles
RH 3 AP, APB, FDI (cl-c3)
RLF 2 FPL, EPL (c4-c5)
ECU, EDC, EDM, ECRL,
RUF 7 ECRB, BR, FCR, PL, FDS,

FCU, FDP (c6-c12)

r Region of Hand (RH)

+ Region of Lower Forearm (RLF)

+ Region of Upper Forearm (RUF)

Fig. 1. Three regions of the forearm used in SEMG data acquisition.

\7l { A A\

b ) - J
~ FDI
AP . "APB §

Fig. 2. Three muscles in RH including the AP (left), the APB (Middle),
and the FDI (right).

7 . Channel 11

m" D,
i

Channel 7 Channel 6

Fig. 4. Cross-section of the RUF indicating approximate electrode loca-
tions.
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All SEMG data were acquired by a commercial measure-
ment system (MP150, BIOPAC system). A band-pass filter of
10 Hz to 500 Hz and an amplifier gain of 1000 times were set.
The SEMG data were sampled at a rate of 1000 Hz. Force data
were measured using a force sensor (KISTLER 9017B) and
recorded synchronously with sSEMG data by the BIOPAC
MP150 acquisition system with a sample rate of 1000 Hz.

Ten healthy subjects (6 males and 4 females) participated in
this study. Mean and standard deviation of subjects’ age were
29.9 + 6.9 years. They were asked to maintain 5 object lengths
(i.e., 45, 60, 75, 90, and 105 mm as shown in Fig. 5) with
thumb-index pinch at 3 wrist postures (i.e., flexion, neutral,
and extension as shown in Fig. 6). For each length and each
wrist posture, they performed 5 levels of contraction force: 10,
30, 50, 70, and 100% of maximal pinch force. The order of
posture combinations was randomized. The SEMG from each
contraction was recorded for an 8 s duration and repeated 3
times. For each subject, a total of 225 data sets were collected
(3 wrist postures x 5 object lengths x 5 force levels x 3 trials).

In experiment, the subjects seated in a chair with the elbow
flexed at 90° and the lower forearm resting in the horizontal
plane (i.e., rest state). They were asked to pinch force from the
rest state to the specific force level (which produces an SEMG
ramp period), and then maintained the force with static con-
traction for 4 s in duration (which produces an SEMG steady-
state period), and released the force (which also produces an
SEMG ramp period) to the rest state. The SEMG signals in the
steady-state period from time 3 s to 5 s were further used in
force classification. Figure 7 shows an example of the SEMG
signals obtained from the AP muscle (c1) with the wrist flex-
ion posture used in force classification.

(d) ®
Fig. 5. Thumb-index pinch on the boxes with 5 lengths (a) 45 mm (b) 60
mm (c) 75 mm (d) 90 mm (e) 105 mm.

NN [ a1
Fig. 6. Thumb-index pinch at 3 wrist postures, flexion (left), neutral (mid-
dle), and extension (right).
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Fig. 7. Example of the SEMG signals from the AP muscles (c1) with wrist flexion posture in 5 force levels (column) and 5 object lengths (row).
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2.2 Methods

Figure 8 shows the proposed method for force classification
from thumb-index pinch using SEMG consisting of 3 stages,
i.e., (1) Preprocessing, (2) Feature selection, (3) Classification.
The details on each analytical stage are as follows.

1) Preprocessing

There are 4 main steps in preprocessing. The first step is
noise removal using a notch filter. Then, the filtered SEMG
with the length of 2 s (3-5 s) is segmented using the 256 ms
analysis window with 50% overlap [17]. As a result, fourteen
SEMG segments are obtained for each SEMG channel. Next,
in the feature calculation step, twelve frequently used time-
domain features described in Table 2 are determined from
each SEMG segment. In total, the feature vector with dimen-
sion 144 (12 features per channel x 12 channels) is obtained
for each force level of each subject. Finally, the values from
each channel and feature pair in all force levels are normalized
so that their values are in the range of -1 to 1.

Table 2. List of time domain features used in this study.

EMG data

Preprocessing

Notch filter

Feature calculation

Feature normalization

l

Overlap segmentation |
[ .

|

1
Feature selection using SFFS

i
Classification of force levels using 7

classifiers
v

Evaluation results

Fig. 8. Method for force classification from thumb-index pinch using
SEMG.

Feature name Equation Feature name Equation
f1: Difference Absolute _ | 2 _
Standard Deviation Value | DASDV = Z (xn+1 _x,,) f7: Root Mean Square (RMS) RMS =
(DASDV) N—1 ,=
() '3
f2: Log Detector —> tog(|x, f8: Third Temporal Moment | 3
(LOG) N (TM3) ™3 = an
LOG=e " N =
1 N
MAVI=—> w |x, LN
4
. N =1 T™M4=|— Y x
f3: Modified MAV 1 f9: Forth Temporal Moment N oo "
(MAV1) 1, if0.25N <n<0.75N (TM4)
Wﬂ = .
0.5, otherwise
. N
1 N f10: Fifth Temporal Moment | 5
MAV2=—Yw |x (TMS5) T™MS=|—2 ¥,
N = n|"n anl
n=1
f4: Modified MAV 2 .
(MAV2) 1, if0.25N<n<0.75N N
o VAR=—)x
w, =<4n/N, eclscif n<0.25N f11: Variance (VAR) N—1,—
4(n—N)/N, otherwise
f5: Mean Absolute Value LS 5
(-MAV) MAV =— Z X, f12: Waveform Length (WL) WL = z] ‘xn'ﬂ —xn‘
n=l n=
N—m
k N—
f6: Maximum Fractal znz[ \x(m-l—nk)—x(m-l—(n—l).k)\ _—
N—m
Length (MFL) [18] |: :|k
k
MFL = , (m=1,2,....k)

itial time, respectively.

where N denotes the window length, x, is the nth EMG sample within current window. In MFL, k = 128 and m integers represent time interval and in
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2) Feature selection

To reduce the computational complexity and processing
time, a smaller dimension of features can be obtained by fea-
ture selection techniques. Given a set of feature Y, the method
will select a smaller subset of feature X that performs the best
performance for the criterion function, J(X). Normally, a sub-
set X < Y can be found by

J(Y)= max J(X), )

where f is the desired number of selected features. However,
the exhaustive search is exponential and impractical for even
moderate values of Y [19]. In this study, the feature selection
using the correlation forward selection based on SFFS method
is used. The SFFS proposed by Pudil et al [16] is defined by
floating up and down during the search. It starts from the emp-
ty set that evaluates all possible single-feature expansions of
the current subset.

The SFFS was applied to select the optimal feature subset
from each feature vector for force classification. To find the
optimum distance for SFFS, six criteria were tested including
(1) inter-intra distance (inin), (2) sum of estimated Mahalano-
bis distances (mahas), (3) minimum of estimated Mahalanobis
distances (maham), (4) sum of squared Euclidean distances
(eucls), (5) minimum of squared Euclidean distances (euclm),
and (6) 1-nearest neighbor. Figure 9 shows an example of

normalized distances as a function of feature subset dimension.

Results show that 1-nearest neighbor is able to reach the max-
imum distance at the feature dimension of 10, which is faster
than other criteria. Therefore, the feature subset obtained from
1-nearest neighbor is used as the input of classifiers in the next
stage.

3) Classification

In this study, seven classifiers, namely DT, LDA, quadratic
discriminant analysis (QDA), SVM, KNN, NB, and NN were
tested and compared. For each subject, the cross-validation
was applied for the performance evaluation of each classifier.
The 10-fold cross validation was used. In other words, data
were divided into 10 subsets. In each round, one of them was
testing data, while others were training data. In total, ten clas-
sification errors were obtained with different subsets of testing
data. The performance from each classifier was measured by
means and standard deviation of classification errors from 10
subjects. Brief descriptions and the parameters used for each
classifier are described as follows.

a. DT classifier is based on hierarchy. Its model is con-
structed in the form of tree structure including node, branch
and leaf. Nodes are the features, branches are the possible
outcome of the test, and leaves are the class labels. The DT
structure is constructed based on a top-down technique by
starting with selection of the best feature to be a root node and
then picking branches to the leaves at each step [20]. In this
study, the splitting criterion was defined as purity and pruning
was not used.

—+—euclm —m—cucls
inin maham
—+—mahas —=&— 1-nearest neighbor
1 -
0.9 4
© 0.8 4
23
507
=z
= 0.6
T 05
204
E 0.3
=]
Z 02

1 23 456 7 8 910111213 14 1516 17 18 19 20
Feature dimension

Fig. 9. Example of normalized distances as a function of feature subset
dimension.

b. LDA classifier is a linear and binary supervised algo-
rithm that considers a probability distribution between two
classes to assign the class of unknown data. In multi-class
classification problem, a one versus all approach is applied
to this binary classifier. The aim of LDA is to solve the
following problem:

y:a)TX+a)0. 2

Vector x is the feature vector. Vectorswand @, are identi-
fied by spreading interclass means and reducing interclass
variance [21]. In this study, LDA was computed without regu-
larization. Because of no manually specified internal parame-
ters in this classifier, the trial-and-error approach using cross-
validation of training set was applied.

c. QDA produces a quadratic line for separation of two
classes based on their Gaussian densities with unequal vari-
ances [22]. The purpose is to calculate the decision boundary
as denoted in:

T T
y=x oxt+o xtao). ?3)

Parameter tuning of QDA in this study was the same as
LDA.

d. SVM is a supervised algorithm proposed by Vapnik [23].
The general concept of SVM is to operate a discriminant hy-
per-plane to separate the classes of data set, especially in non-
linearly separable problems [24]. It aims to find the optimal
hyper-plane that maximizes the margins between the data set.
In this study, the radial basis function was selected as the ker-
nel function because the feature dimension was not large. The
cost parameter was 1.0 and the kernel parameter (y) was 1/n (n
is the dimension of feature vector from SFFS). Moreover,
multiple SVM was set for multi-class problem using one-
against-rest approach.

e. KNN classifier known as the lazy learning algorithm is
simple and efficient in machine learning [25]. Its process starts
with calculations of distances between testing data and train-
ing data. The distance values among the test sample to other
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samples would be measured by various methods such as Eu-
clidean distance and Minkowski distance. Then, they are sort-
ed in descending order and the class of testing data is desig-
nated by the majority vote among the k largest distances. The
selecting of k value is very important. If k is too small, the
algorithm is sensitive to noise. On the other hand, if it is too
large, the nearest neighbor may include points from other
classes. In this study, the Euclidean distance was used and the
number of the nearest neighbors, k, was optimized based on
the leave-one-out error on dataset.

f. NB classifier is a simple probabilistic classifier based on
Bayes rule. It aims to reach the best hypothesis through a giv-
en training data set. Bayes theorem provides a way to calcu-
late the probability of a hypothesis based on its prior probabil-
ity of both the data found and the total data [26]. The main
advantage of this classifier is that it only needs mean and
standard deviation of the features to estimate the parameters
for classification. In this study, the number of bins 49 was
used to find the class based maximum posterior probability.

g. NN classifier is a common nonlinear classifier that is the
multilayer perceptron learning a mapping between inputs and
outputs. In this study, the architecture of NN was the feed-
forward network consisting of one input layer, one hidden
layer and one output layer. The number of neurons in the input
layer is same as the number of features selected by SFFS,
whereas the number of neurons in the output layer is equal to
the number of classes, which is 5 force levels. The number of
neurons in the hidden layer under this study is 10, 20, and 30.
The training algorithm was the Levenberg-Marquardt. A hy-
perbolic tangent sigmoid function was used as the transfer
function in all layers. The maximum error during the training
was defined as 0.02/m (m is the size of training data).

3. Results

3.1 Feature selection

Figure 10 (Top) shows the average and standard deviation
of probability of feature selection in percent by SFFS accumu-
lated from 10 subjects. The most frequently selected features
are f1 (DASDV) and f6 (MFL) at approximately 16%. On the
other hand, f10 (TM5) is the least frequently chosen feature

S. Jitaree & P. Phukpattaranont / Journal of Mechanical Science and Technology 00 (2010) 0000~0000

(1.9%). The average and standard deviation of probability of
the selected channels in percent are shown in Fig. 10 (Bottom).
Two most frequently selected channels are ¢3 in RH and c12
in RUF, whereas the EPL muscle (c5) in RLF is scanty in
selection.

Table 3 shows the number of selections in each feature and
channel pair accumulated from 10 subjects. The flcl and flc4
are the highest frequently selected pairs (5 subjects). On the
other hand, while the 3 lowest frequently selected features are
f4, 9, and f10 (the number of selections < 5), the 5 lowest
frequently selected channels are ¢5, ¢8, ¢9, c10, and c11 (the
number of selections < 15). These results agree with the aver-
age and standard deviation of probability of feature selection
and channel selection shown in Fig. 10.

Probability of Selection by SFFS

18.0

16.0 =
14.0

12.40 —
10.0 .
5.0
6.0 i 1
40 +———

Probability of Selection by SFIS

2.0 . =

0.0

cl ¢2 3 e4 e3 b 7 8 % cllcllicl2
Fig. 10. Probability of selection in percent by SFFS accumulated from
10 subjects. (Top) Features. (Bottom) Channels.

Table 3. The number of selections in each feature and channel pair accumulated from 10 subjects.

Channel 1 f2 3 f4 5 {6 7 8 f9 f10 f11 12 Sum
cl 5 2 0 1 1 4 1 0 2 1 1 2 20
c2 4 2 2 1 2 4 2 1 1 0 0 1 20
c3 1 4 3 0 3 4 0 0 o0 0 4 2 21
c4 5 4 2 0 1 2 1 2 0 1 0 1 19
c5 2 2 1 1 1 3 0 0 0 0 0 3 13
c6 3 2 0 1 2 3 1 1 0 1 2 3 19
c7 3 3 1 0 1 2 2 2 0 0 0 3 17
c8 1 2 2 0 1 3 1 0 1 0 0 4 15
c9 2 2 1 1 2 2 1 2 0 0 0 2 15

c10 2 3 0 0 3 2 1 0 0 0 1 2 14
cl1 2 1 1 0 2 1 2 1 0 0 0 4 14
c12 4 2 2 0 2 4 1 0 1 1 0 4 21
Sum 34 29 15 5 21 34 13 9 5 4 8 31 208
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Table 4 and Table 5 show the number of selected features
and the number of selected channels from each subject, re-
spectively. While the features selected in all subjects are f1

and 6, the channels selected in all subjects are c2, ¢6, and c12.

Subject 2 is the only one who does not have selected channels
in RFL. Subject 9 and subject 10 have the maximum (44
pairs) and minimum (6 pairs) number of feature and channel
pairs selected by SFFS, respectively.

3.2 Classification

Figure 11 shows the classification errors averaged from 10
subjects from all feature inputs (dark) compared with those
from SFFS feature inputs (gray). The errors from the all fea-
ture inputs are comparable to those from the SFFS feature
inputs in all classifiers except for LDA and SVM. The errors
from DT, LDA, QDA, and NB classifiers are greater than
10%. In SVM, the classification error from the SFFS inputs
reaches 13%, which is almost 3 times greater than the errors
from all feature inputs. The KNN classifier gives the best per-
formance at 0.8% for all feature inputs and 0.2% for SFFS
feature inputs. NN classifiers perform better when the number
of neurons in the hidden layer increases from 10, to 20 and 30
at the expense of computational complexity. The errors from
NN-30 with all and SFFS feature inputs are 2.5% and 3%,
respectively. These results indicate that the feature set selected
from SFFS can be used as the inputs of KNN and NN classifi-
ers for classification of force levels.

Figure 12 shows the classification errors categorized by 5
muscle regions when the SFFS features are used as the inputs
Table 4. The number of selected features from each subject.

1261

of LDA, KNN, and NN-30. While KNN and NN-30 are used
in comparisons because they give high classification perfor-
mance, LDA is chosen because it is widely used in previous
studies of SEMG classification. Results show that the mini-
mum errors are obtained when all muscle regions are used.
The errors increase when only some muscle regions are used.
For example, in KNN classifier, the error from RLF+RUF
(c4-c12) increases to 6.9% compared to that from
RH+RLF+RUF (c1-c12), which is only 0.2%. Moreover,
when considering only a single muscle region, RUF gives
better performance than the others.
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Fig. 11. Classification errors averaged from 10 subjects from all feature
inputs (dark) compared with those from SFFS feature inputs (gray).

Subject | 1 f2 f3 f4 f5 f6 f7 f8 f9 fl0 fl1 f12 | Sum
sj1 3 4 4 2 4 1 1 1 0 0 1 0 21
sj2 12 1 0 1 1 2 0 O 0 0 2 10
sj3 4 2 0 0 0 3 0 0 O 0 0 2 11
sj4 3 7 2 2 2 5 4 2 2 1 1 6 37
sj5 4 1 1 0 2 2 2 3 O 0 1 3 19
sj6 7 1 1 0 2 3 0 0 O 0 0 0 14
sj7 1 5 0 0 2 6 1 0 O 0 1 2 18
sj8 1 2 1 0 0O 6 0 1 3 3 2 9 28
sj9 8 5 5 1 8 4 3 2 0 0 2 6 44

sj10 2 0 0 0O 0 3 0 0 o 0 0 1 6
Sum 34 29 15 5 21 34 13 9 5 4 8 31 | 208
Table 5. The number of selected channels from each subject.

Subject f c1 ¢c2 c¢3ic4d c¢5ic6 c7 c8 c¢9 cl0 cll <cl2 | Sum
sj1 0 4 2 2 2 1 2 3 2 1 0 2 21
sj2 1 1 0 0 0 1 1 1 1 0 3 1 10
sj3 1 1 1 0 1 1 1 1 2 1 0 1 11
sj4 5 3 13 22 3 3 5 3 3 4 37
sj5 1 3 2 2 1 2 2 0 1 1 1 3 19
sj6 12 1:1 o0:2 1 1 O 2 1 2 14
sj7 1 1 3;1 22 1 1 1 1 1 3 18
sj8 5 3 4 4 1 2 1 1 1 1 2 3 28
sj9 4 1 66 3!5 5 4 2 4 3 1 44

sj10 1 1 140 141 0 0 O 0 0 1 6
Sum 20 20 214119 13:19 17 15 15 14 14 21 208
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Fig. 12. Classification errors categorized by 5 muscle regions when the
SFFS features are used as the inputs of LDA, KNN, and NN-30.

4. Discussion

Results from SFFS indicate that some features and channels
are not necessary for force classification. The features f1, 6,
and f12, which are DASDV, MFL, and WL, respectively, are
useful for classifying force levels. They would be applied to
the real-time EMG recognition system as a single feature.
Instead of using RMS [6], [27] or MAV [28], which is used as
the single feature in previous studies, the use of one among 3
features, i.e., DASDV, MFL, and WL, may provide better
accuracy.

In channel selection, the muscles in RH are more important
than other groups because they are directly responsible for
thumb-index pinch, especially the AP muscle (c1) [29]. In
RLF, the FPL muscle (c4) is more important than the EPL
muscle (c5) causing from the adduction effect [29]. Although
there is no specific muscle position in RUF, the electrode
placements of ¢9 and ¢10 could be removed. However, ¢12 in
RUF is the most frequently selected channel meaning that it
should be included in the prosthetic design applications.

As shown in Fig. 12, when comparing classification errors
among 3 muscle regions, i.e. RH, RLF, and RUF, results indi-
cate that the muscles in RUF provide lower errors than the
muscles in other regions. Although the muscles in RLF were
usually found in SEMG classifications of finger movements in
previous studies [5], [22], [30], [31], they gave the highest
errors in this study. However, when using the muscles in RLF
combined with the muscles in RUF, the classification errors
slightly decrease. Therefore, the muscles in RLF and RUF are
helpful for prosthetic design applications, especially in the
wrist disarticulation amputee and the transradial amputee.

5. Conclusions

This paper presents the selection of SEMG channels and
features for the classification of force levels in thumb-index
pinch, which can be applied in proportional myoelectric con-
trol. The SEMG data were recorded from 3 muscle regions (12
channels) of 10 non-amputee subjects when they performed 5
force levels of thumb-index pinch with 3 wrist positions (flex-
ion, neutral, extension) and 5 object lengths (45, 60, 75, 90,

105 mm). Twelve traditional time-domain features were ex-
tracted. The SFFS was applied for searching the best subset of
channels and features that yielded the lowest classification
error. Each force level signal was trained and classified using
7 classifiers including DT, LDA, QDA, SVM, NB, KNN, and
NN. Results show that KNN and NN can give higher perfor-
mance than others. The group of muscles and feature set se-
lected by SFFS method can perform to comparable the set of
all muscle channels and features. Three features consisting of
DASDV, MFL, and WL are primarily selected in the classifi-
cation. The most frequently selected group of muscles is RH,
especially the AP muscle. However, the combination of RLF
and RUF can perform high performance. This is helpful for
prosthetic design applications, especially in the wrist disarticu-
lation amputee and transradial amputee.
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