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Abstract 

Despite serious research efforts, electromyogra.rn (EMG) based prosthetic 

hands (both commercial variants and research prototypes) are nowhere near 

the original counterparts they intended to replace. EMG based prosthetic 

hands are non-intuitive in the sense that user is required to learn to as­

sociate muscle remnants action to unrelated postures of the prosthesis or 

being limited to few hand postures based on higher number of EMG chan­

nels. Moreover, present prosthesis are non-anthropomorphic in terms of the 

functional geometry. These are some of the main reasons for non-acceptance 

of prostheses by the amputees. Development of a biomimetic hand capable 

of reproducing grasping operations involved during daily living activities 

(dla) based on low channel EMG signals holds promise. This would involve 

recognition of grasp types based on EMG signals and a biomimetic hand 

development inspired by human hand anatomy. 

Therefore, the prime concerns to be addressed in this research involve: a. 

Recognition of six grasp types involved during 70% of dla based on two 

channel EMG signals and b. Development of a biomimetic hand; a five 

fingered extreme upper limb inspired by human hand anatomy capable of 

emulating the grasps based on EMG signals. 
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1 

Introduction 

The development of interfaces that link the human musculoskeletal system with robotic 

devices has been a major area of research within rehabzlztatwn robotzcs. Most of the 

research is focused on restoration of motor and sensory functions to those with de­

generative diseases, injury or amputees. The basic goal is to enhance capability for 

independent living and vocational productivity by restoring the physical functionality 

through use of prosthesis. One of the key focus has been upper limb prostheses for 

people with manipulative disabilities. Bio-slgnals driven prosthetic hands have been 

found to be suitable; wherein control is through conveying human's intention to the 

prosthesis. There are two possible bio-signal based schemes covering the approaches 

for conveying human's intention to the prosthesis. 

• Electroencephalogram (EEG) based approaches 

• Electromyogram (EMG) based approaches 

EEG based approaches are implemented through an interface between the brain and 

the prosthetic hand to be controlled. The activity of the brain is recognized based 

on the EEG signals (5). On successful recognition of brain's activity; the prosthesis 

emulate the amputee's intention through the interface. Due to localization of brain 

activities and multidimensional aspect of the EEG signals, analysis and classificatIOn 

of EEG signals are challenging. Moreover, the appropriate number of channels as well 

as their specific location on the scalp requires IdentificatIOn. Failing to do so results in 

degradation of system performance. In many cases, there is no clear agreement about 

the number and location of necessary channels to collect EEG signals. Using a small 
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1.1 EMG Controlled Prosthesis 

number of channels may cause loss of important mformation. Conversely, including 

more channels for data collection provides redundant information, which could degrade 

the system performance. 

In EMG based approaches, an indirect interface between the brain and the pros­

thetic hand to be controlled is established based on the muscles' activity through EMG 

signals (6) EMG is the electrical mamfestation of the neuromuscular activities and is 

known to reflect the voluntary mtentlOn of the central nervous system (7). Interpreting 

the content of the EMG implies the interpretation of the brain's activity to contract a 

muscle or a group of muscles. EMG based approaches for prosthetic hand control is a 

targeted remnervation as it collects information from specific muscles; responsible for 

specific functIOns 

1.1 EMG Controlled Prosthesis 

The concept of EMG control has emerged essentially as a control paradigm for pros­

thetic hands III which the EMG signals are acqUired from the muscles remnant in the 

amputee's stump. This still have normal innervations (8) and thus subjected to volun­

tary control. It allows amputees intuitively to use the same mental process to effectively 

control their prosthesis. A schematic of EMG controlled prosthetic hand is shown in 

Figure 1.1. 

Amputees Remnant 
Muscle 

EMG 
Acquisition 

System 

EMG 
Recognition 

Module 

Prosthetic Hand 
Prototype 

Figure 1.1: SchematIC of EMG controlled ProsthetIC Hand 
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1.1 EMG Controlled Prosthesis 

EMG signals generated from the remnant muscles of the amputee are collected 

through an EMG AcquisItion System. Based on the EMG signals, the type of move­

ment attempted by the user is Identified in the EMG RecogmtlOn Module using signal 

processing and machine learning techniques The information about the Identified 

movement is passed to the Translation Module wherein a control is developed to com­

mand the prosthetIc hand to emulate the IdentIfied movement 

1.1.1 Problems with EMG Controlled Prosthetic Hands 

Although the concept of EMG controlled prosthesis has been known for several decades, 

there remain several issues to be addressed for its successful implementation. Despite 

serious research efforts, EMG based prosthetIc hands (both commercial variants and 

research prototypes) are nowhere near to the original counterparts they intended to 

replace. 

The lack of acceptance stems from an inadequate controllability. EMG based pros­

theses are non-intuitive in the sense that user is required to learn to associate muscle 

remnants action to unrelated postures of the prosthesis or being limited to few hand 

postures based on higher number of EMG channels. Most of the work on EMG based 

prosthesIs control concentrates in EMG based classificatlOn C!f hand movements instead 

of correlated grasping for the control purpose. 

Grasp is the interface between the subject's hand and the object to be handled. 

A single grasp can perform different speCIfic tasks Such as a hook grasp can be used 

for pick and place operation of a mug as well as for pouring water from the mug; i.e. 

grasp are genenc and task are specific 111 nature For an effective extreme upper limb 

prosthesis, EMG based grasp classification holds promIse (9). This thesis focus on the 

six grasp types as shown in Figure 1.2 . 

. Even though classification of EMG sIgnals has been the subject of considerable 

research; recogmtwn has been ezther poor whzle usmg low channel EMG or only for 

a ltmzted set of grasps based on hzgher number of EMG channels. EMG based grasp 

classlficatlOn performancE' depends on type of features (10). Therefore, derivation of a 

feature vector resulting in higher recognition rate of grasp types based on lower number 

of EMG channels is one of the important issues. 

Another important reason for non-acceptance of prosthetic hands by the amputees 

is their non-anthropomorphism. Present prosthesis are far from human hand in terms 
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of the functional geometry i.e the anatomical geometry that effects the functionality of 

the hand (11). Functional geometry can be expressed in terms of static and dynamic 

constraints. Static constraints involve dimensions, weight and joint range motions. The 

dynamic constraints involve linear inter-joint angular relationships in human finger (12). 

1.2 Objectives 

The work presented in this thesis stems from the desire to develop a biomimetic hand 

with EMG based grasp emulation. Although the use of advanced machine learning and 

signal processing techniques have proved useful in EMG based prostheses; higher recog­

nition rate of grasp types based on low number of EMG channels is still a challenge. 

Eventhough multifingered hand prostheses using surface EMG (1), (13) have appeared 

in the market and advanced research prototypes (2), (14), (15), (16) have been devel­

oped; they are far from the human hand in terms of the functional geometry as well 

as controllability. A recognition architecture for grasp types used during daily living 

activities (dla) based on low number of EMG channels along with the development of a 

biomimetic hand emulating the recognized grasps holds promise. The prime objectives 

in this research include: 

• Recognition of'six grasp types (shown in Figure 1.2) involved during 70% of dla 

based ~n two channel EMG signals - derivation of a low dimensional yet informative 

and distinguishing feature vector through exploration of time domain, frequency domain 

and time/ frequency domain feature sets. 

Figure 1.2: Grasp types: a. Power b. Palm-up c. Hook d. Oblique e. Precision and f. 

Pinch. These six grasp types are significant for they are involved in 70% of dla (17) 
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1.3 Thesis Outline 

• Development of a biomimetic hand - a five fingered extreme upper limb inspired 

by human hand anatomy capable of emulating the above grasps based on EMG signals 

through a biomimetic approach satisfying the static and dynamic constraints of the 

human hand 

This thesis, however, does not address the issues for embedment of the control archi­

tecture for the biomimetic hand. The embedment of the EMG acquisition unit, control 

architecture as well as customization of the power supply are not within the purview of 

this thesis. Research is limited to the development of an extreme upper limb prototype 

emulating the grasp types based on EMG signals. To evaluate or compare prosthesis 

based on their conceptual closeness to the human hand, I have also worked on the 

following: 

• Development of an anthropomorphic sImIlarity mdex for evaluation of anthropo­

morphism of the biomimetic hand prototype - evolve a framework for quantification of 

anthropomorphism for prosthetic hands. 

1.3 Thesis Outline 

The remainder of this thesis is divided into six chapters and the content of each is 

summarised below in order to simplify the reading. 

Chapter 2: Background and Literature Review 

Prior to presenting the development of a biomimetic hand with EMG based grasp em­

ulation and its evaluation, it is useful to have a historical perspective. This chapter 

provides the basic concepts of EMG signals and the literature review on the major 

components of this thesis: (a) EMG signals and ItS features for classlficatlOn of hand 

gestures and grasp types, (b) human hand including its characteristics durmg grasping 

operations (c) commercially available prosthetic hands and research prototypes and (d) 

EMG based control for prosthetic hand operations. 

Chapter 3: EMG based Grasps Recognition: Initial Results 

This chapter begms by discussing the materials and methods followed for acquisition 

of EMG signals The imtial results on grasp classlficatlOn are presented. Three grasps 

classlficatlOn archItecture developed for recogmtlOn of six grasp types are descnbed. 

Entropy as a measure to find the closeness of a mother wavelet function coefficients 

with the grasp- types is reported. Also sum of wavelet decomposition coeffiCIents has 
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1.3 Thesis Outline 

been established as a primal feature for grasp recognition. 

Chapter 4: EMG based Grasps Recognition: Results with Statistical Anal­

ysis 

Following the initial work on EMG based grasp recognition for six grasp types reported 

in chapter 3, this chapter proposes grasp recognition architecture-IV. The focus is on 

the derivation of a low dimensional yet informative and distinguishing feature set to 

significantly increase the performance of grasp types recognition based on lower number 

of EMG channels. A recognition rate of 97.5% is reported using principal components 

of discrete wavelet transform based EMG features. The recognition rate obtained is 

comparable to that reported in literature and better in terms of number of grasp types 

vis-a-vis number of EMG channels. The experimental results are statistically evaluated 

through analysIs of variance and Sheffe's post hoc test. 

Chapter 5: A Biomimetic Hand: Prototype 1.0 

Development of a biomimetic hand: Prototype 1.0 inspired by human hand anatomy 

is described in this chapter. A comparison of Prototype 1.0 vis-a-vis the human hand 

is presented. The kinematiC, static and dynamic analysis of Prototype 1.0 satisfying 

the dynamic constraints of human hand is presented. This chapter also presents a two 

layered control architecture comprising of superior hand control (SHC) and local hand 

control (LHC) for the developed prototype. The SHC is to perceive the type of grasps 

attempted by the user based on the results reported in Chapter 4. The LHC is for 

emulating the identified grasp type into Prototype 1.0. 

Chapter 6: Characteristics of Prototype 1.0 and A BSI 

In this chapter, the performance requirements of the prostheses and Prototype 1.0 based 

on the research in prosthetic hands and their clinical use are set forth. A framework 

for quantification of anthropomorphism leadmg to a biomimetic similarity index (BSI) 

for prosthetic hands is proposed. Prototype 1.0 has been compared with five fairly 

established prosthetic hands with reference to human hand through the BSI. 

Chapter 7: Conclusions and Future Work 

It summarize the work presented in Chapter 2 through Chapter 6 with the concluding 

remarks. The issues to be encountered for further development of Prototype 1.0 are 

mentioned leading to future orientation of this research. 
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2 

Background and Literature 

Review 

2.1 Introduction 

A long standing goal in Rehabthtatwn Robottcs is the development of anthropomorphic 

artificial appendages that can be used as biological counterparts. Although tremendous 

technological progress has been made since the days of the wooden peg leg; contem­

porary orthoses and prostheses can not be used during daily living activities (dla) (4). 

However, last four decades have shown continuous advancement in anthropomorphic 

artificial limbs leading to improvements in the quality of life for the physically chal­

lenged. 

The driving issue tor realization of multifingered hand prostheses is to mimic human 

hand capabilities. Although commercial versions of prosthetic hands including bio­

signals controlled ones have appeared in the market, there still exists a gap between 

the current state of art and prostheses that can emulate human hand grasping. This 

chapter covers a basic introduction to electromyogram (EMG) signals, which provides 

an useful non-invasive measure of ongoing muscle activity and have been used for 

controlling robotic prosthesis (18,19). The chapter also review the classification of hand 

gestures and grasp types based on EMG signals. Commercially available prosthetic 

hands and research prototypes are reviewed. Human hand including its characteristics 
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2.2 Electrical Signals from Muscle - Electromyogram 

during grasping operations is discussed for completeness. Finally EMG based control 

for prosthetic hand operations are discussed. In addition, the chapter highlight the 

shortcomings of the currently available prosthetic h'iill.ds that this resem:ch aims to 

overcome. 

2.2 Electrical Signals from Muscle - Electromyogram 

EMG signal is the graphical representation of the electrical activity of muscles. It is the 

electrical manifestation of neuromuscular signals associated with muscle contraction. 

Surface EMG (sEMG) is the non-invasive electrical recording of muscle activity from 

the surface. EMG signal, an accurate and computationally efficient means of classifying 

muscle activity have increasingly gained attention for resem:ch in prosthesis control (18, 

20,21,22,23). The use of advanced machine learning and signal processing techniques 

have proved useful in EMG application to control prostheses; which otherwise presented 

a challenge due to the complexity of the EMG signal. 

2.2.1 Origin of EMG Signals 

EMG represents the current generated by the ionic flow across the membrane of the 

muscle fibers that propagates through the intervening tissues to reach the detection 

surface. Muscles fibers are innervated in groups called motor units, which activate on 

===::::::;:::====== = I-Jl­
====f:);.======= 2 + 

DctcctlOn Sire 
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/ 
Muscle Fiber 

Figure 2.1: SuperpOSition of MUAP to form EMG signals 
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2.2 Electrical Signals from Muscle - Electromyogram 

achi~ving neural signals from nervous system and generate a motor unit action poten­

tIal (MUAP) The actIvatiOn of MUAP from the central nervous system is repeated 

continuously for as long as the muscle is required to generate force or action. These 

MUAP from the concurrently active motor units superimpose to form the EMG signal. 

A schematic representation of the genesis of a MUAP is presented in Figure 2.1. 

2.2.2 Characteristics of EMG Signal 

EMG signal is stochastic in nature. The amplitude of the EMG signal ranges from 0 to 

10 m V and dommant energy is limited to the 0 to 500 Hz frequency range (24). EMG 

signals are often affected by external and internal sources of noises. The EMG signal 

acquired from the surface needs to be preprocessed for accurate recording, display and 

analysis. 

2.2.2.1 Noises in EMG Signals 

Three main sources from where noise may emanate are: 

Inherent noise. The electronic components used in the detection and recording of 

EMG signals generates electrical noise. This noise has frequency components that 
, 

range from 0 Hz to several thousand Hz which cannot be eliminated. It can only be 

reduced by using high quality electronic components, intelhgent circuit design and con­

struction techniques. 

Ambient noise: This noise originates from sources of electromagnetic radiation, such 

as radio and television transmission, electrical-power wires, fluorescent lamps etc. The 

surfaces of our bodIes are constantly exposed to electromagnetic radiation and it is 

impossIble to aVOid this exposure. The dominant concern for the ambient noise arises 

from the 50 Hz (or 60 Hz) radiation from power sources. 

Motion artifacts: There are two main sources of motion artefact: one from the 

interfacing layers between the detection surface of the electrode and the skin; the other 

from movement of the cable connecting the electrode to the amphfier The electncal 

signals of both noise sources have most of their energy in the frequency range from 0 

to 20 Hz. 
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2.2.3 EMG signal Acquisition 

It is important to use an EMG acquisition unit that provides minimal distortion and 

highest signal to noise ratio (SNR) (25). A good acquisition of the EMG signal is a 

prerequisite for good signal processing. EMG signal is easily affected by undesired signal 

that come from different sources. In addition, for surface electrode instrumentation, 

complicating issues may arise due to its coupling with skin. Concerns such as impedance 

of the skin, its superficial oil content and the density of its dead cell layers are to name 

a few. 

2.2.3.1 Requirements of EMG Acquisition 

The following characteristics are important for achieving the requirements during EMG 

acquisition. 

Electrode stability: When an electrode is placed on the site of EMG acquisition, 

the detection surfaces come in contact with the electrolytes in the electrode. A chem­

ical reaction takes place which requires some time to stabilize. This reaction should 

remain stable during EMG acquisition and should not change if the electrical charac­

teristics of the skin change for sweating or humidity. 

Input impedance: The source impedance at the interface of the skin and EMG elec­

trode ranges from several thousand ohms to several megohms for dry skin. To prevent 

attenuation and distortion of the acquired signal due to the effects of source impedance, 

the input impedance of the dIfferential amplifier should be as large as possible. 

Differential Amplification: In order to eliminate the noise signal, a differential 

amplification is required. The signal is detected at two sites; electronic circuitry sub­

tracts the two signals and then amplifies the difference. Any signal that is common to 

both detectlOn sItes will be removed and signals that are different at the two sites will 

be amplified Signals that onginate far away from the detection sites will appear as a 

common signal, whereas signals in the immediate vicinity of the detection surfaces will 

be different and consequently will be amplified Thus, relatively distant noise signals 

will be removed and relatively local EMG signals will be amplified. The accuracy with 
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of the functional geometry i.e t he anatomical geometry t hat effects the functionality of 

the hand (11 ) . Functional geometry can be expressed in terms of static and dynamic 

constraints. Static constraints involve dimensions, weight and joint range motions . T he 

dynamic constraints involve linear inter-joint angular relationships in human finger (12). 

1.2 Objectives 

The work presented in this thesis stems from the desire to develop a biomimetic hand 

wi th EMG based grasp emulation. Although t he use of advanced machine learning and 

signal processing techniques have proved useful in EMG based prostheses ; higher recog­

nition ra te of gr asp types based on low number of EMG channels is still a challenge. 

Eventhough multifingered hano prostheses using smface EMG (I) , (13) have appeared 

in the market and advanced research prototyp es (2) , (14) , (15), (16) h ave b een devel­

oped ; they are far from the human hand in terms of the functional geometry as well 

as controllability. A recognition architecture for gr asp types used during daily living 

activities (dla ) based on low number of EMG channels along with the development of a 

biomimetic hand emulating the recognized grasps holds promise. The prime objectives 

in this research include: 

• Recognition of six grasp types (shown in Figure 1.2) involved during 70% of dla 

based on two channel EMG signals - deri vation of a low dimensional yet informative 

and distinguishing feature vector through exploration of time domain, frequency domain 

and time/ frequency domain featme sets . 

c 

e f 

Figure 1.2: Grasp types : a. Power b. P alm-up c. Hook d . Oblique e. Precis ion alld f. 

Pin ch. These s ix grasp types a re s ig ni ficall t for t hey a re in volved in 70% of d la (17) 
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conductive medium, they have a higher inherent noise level. Also, these electrodes 

do not have long term reliability because their dielectric properties are susceptible to 

change with the presence of perspiration. For these reasons, they have not yet found 

a slgmficant place in electromyography. Figure 2 2 (b) shows an active surface electrode. 

Needle Electrodes: The most common invasive electrode is the needle electrode. 

The concentric needle electrode is the most common. This monopolar configuration 

contains one insulated wire in the cannula. The tip of the wire is bare and acts as a 

detection surface The bipolar configuration contains a second wire in the cannula and 

provides a second detection surface. The two main advantages of the needle electrode 

are: 

• It has relatively small pickup area enabling the electrode to detect individual 

MUAPs during relatively low force contractions . 

• The electrodes may be conveniently repositioned within the muscle so that the 

signal quality may be improved. Figure 2.2 (c) shows a needle electrode. 

2.3 EMG Features and Classifiers 

2.3.1 EMG Features 

Features are the characteristic pattern representation of a signal with reduced dimen­

sionality. The goal of feature extraction is to find a small number of features that are 

particularly most distinguishing and informative. EMG features are studied in time 

domain (TD) , frequency domain (FD) and time/ frequency domain (TFD) . TD rep­

resentation is the representation of the signal characteristics versus time. TD features 

identifies the attributes of the signal that characteri7.e its temporal structure. The 

representation of the signal characteristics versus frequency is the FD representation. 

Frequency spectrum of any signal indicates what frequencies exist in that signal. TFD 

features provides the information about both temporal and spectral characteristics of 

the signal. For classification of EMG signals, a variety of features has been considered; 

each feature individually as well as a number of features (in groups) in TD, FD and 

TFD (25, 26). 
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2.3 EMG Features and Classifiers 

TD features based on EMG signal amplitude are the first features considered (27). 

Their direct extraction without the need for mathematical transformation makes these 

features the best choice from a computational perspective. Typical TD features are: 

mean absolute value (MAV) (27, 28), integrated absolute value (IAV) (29), variance 

(VAR) (28,30), mean absolute value slope (MAVS) (27), Willison amplitude (WAMP) 

(30), zero crossing (ZC) (27), slope sign changes (SSC) (31), waveform length (WL) 

(31) and EMG histogram (32). 

Square integral methods were among the first to be introduced for features extrac­

tion of the EMG signals in TD. This represents the energy of the signal as temporal 

characteristics. However the energy in EMG signal is usually not evenly distributed. 

The variation of energy upon time actually contains the most important attribution for 

muscles movements. A higher degree of muscle activity usually recruits more motors 

units and consequently release more MUAP to be detected as EMG. 

For instance, a burst of energy in EMG signal produces an intense muscle contrac­

tion and fast motion causing the EMG signal to cross a threshold value. This makes the 

TD features more suitable than FD features for real time control of prosthetic hands 

for opening and closing operations (33). Moreover the FD features are much more 

expensive than TD approaches in terms of computational time (34). The RMS of the 

EMG signal was also used to represent features for EMG classification. Ajiboye and 

Weir (35) calculated the RMS of each EMG channel using a 64 sample window to de­

termine the signal envelop. Four subjects: two healthy and two amputees was used for 

real time analysis. EMG pattern belonging to three different classes were successfully 

discriminated and the overall classification accuracy ranged from 94-99%. 

On the other hand, the work done by Shenoy et al. (36) demonstrated the effective­

ness of the RMS of the steady state EMG signals in classifying between many classes 

of the arm movements. Two experiments were done by Shenoy's group. In the first 

experiment, the group explored the current classification based paradigms for myoelec­

tric control to obtain high accuracy (92-98%) on an eight claBs off-line classification 

problem. In the second experiment, an on-line control system for a four degrees of 

freedom (DoF) robot was implemented giving a classification accuracy of more than 

90%. This shows that TD features have capability for real time control of prosthetic 
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hands with lower DoF. Although pattern recognition using TD features were successful 

to some extent, however it is argued in literature that pattern recognition results using 

TD features may not provide high success rate (37). 

2.3.1.2 Frequency Domain Features 

Frequency domain (FD) features include power spectrum (PS) , mean and median of 

signal frequencies (FMN , FMD ) (38), frequency ratio (FR) (25) etc. A fundamental 

concept in the study of signals is the notion of the frequency content of a signal, i.e. 

the contribution of each specific frequency in the signal. The need for the study of the 

frequency contents of signals emerged due to the fact that the information that can not 

be readily seen in the TD can be seen in the FD. FD features are more reliable and 

accurate than TD features (39). 

One of the well known techniques for discovering the frequency content of signals 

is Fourier series for periodic signals and Fourier transform for aperiodic signals. The 

basic idea behind Fourier analysis in general is to generate the frequency content by 

decomposition of the original signal into weighted orthogonal components given by 

sinusoids of specific magnitude and phases. The relative weights of the frequency com­

ponent composing the signal are considered as a major factor in determining the shape 

of the signal. The magnitudes of the different frequency components are considered as 

features when Fourier transform is employed in the feature extraction process (40). 

Many experiments exist within the literature in which the authors utilized Fourier 

transform for feature extraction from the EMG signals. Nishikawa et al. (41) developed 

a discrimination system using a Neural Network (NN) for EMG control prosthesis. 

The NN was used in the system to learn the relation between the power spectrum of 

EMG signal analyzed by fast Fourier transform (FFT) and the movement desired by 

the amputee. It was shown that the discrimination system with the NN was able to 

discriminate seven hand movements from the EMG signals with the probability of 61 %. 

In another attempt, Matsumura et al. (42) proposed a system to classify EMG signals 

into seven categories of movements by employing the FFT for feature extractipn with 

the analysis window length of 256 msec and an increment of 128 msec. The classifier 

used was a back propagation NN with an average accuracy rate of 71.67%. 

Although this approach is still being used in EMG control, but it is noticed that in 

general the classification results when employing the FFT based features are low. An 
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example include the work presented by Matsumura et al. (42) in which the authors 

claimed that they presented an effective approach for EMG classification by using FFT 

and back propagation NN, while achieving a maximum accuracy of 87.5-89.5% which 

is still far from optimal. This can be justified by the fact that it is well established 

in literature that the FFT is a powerful tool to discover the frequency spectrum of a 

certain class of signals i.e. stationary signals. On the other hand, the FFT is not the 

optimum tool to be used with non stationary signals such as the EMG as it is unable 

to localize the observed frequency components in time. 

2.3.1.3 Time/ Frequency Domain Features 

TD feature of a signal indicates only the temporal characteristics. FD feature indicates 

the spectral characteristics of the signal. TFD features are localized in both time and 

frequency domain. Some of the methods used in TFD are short time Fourier transform 

(STFT) , wavelet transform (WT) and wavelet packet transform (WPT) . In STFT, 

the EMG signal is mapped into frequency components that present within an interval 

of time. A suitable window size must be determined as small window will give good 

time resolution but poor frequency resolution and vice versa. The partitioning ratio 

of the STFT is fixed once specified, each cell has an identical aspect ratio. Further, 

STFT analysis does not lead to high recognition rate of hand gestures based on EMG 

(43). WT gives good frequency resolution and poor time resolution for low frequencies; 

whereas, poor frequency resolution and good time resolution for high frequencies (44). 

In EMG signals, high frequency component exist for short duration of time whereas 

low frequency component exist for longer time (45). Therefore, WT features arc bet­

ter suited for EMG signal analysis. Wavelets forming a continuous wavelet transform 

(CWT) are subject to the uncertainty principle of Fourier analysis (46). In contrast, 

dIscrete wavC'let transform (DWT) prOVIdes suffiCIent information for analysis and syn­

thesis of the origmal signal, with a significant reduction in the computation time (47). 

WPT is the generalization of the WT method that allows the best adapted analysis of 

the signal and cause long processing time as compared to WT (48, 49). Table 2.1 sum­

marizes some of the methods used for feature extraction and EMG based on pattern 

recognition for upper-limb prosthesis control. 
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Table 2.1: Typical EMG Recognition for Prosthesis Control 

Classifier Features EMG Pattern 

Recognition Rate 

Bayes (18) Zero Variance 91% 

Non Linear Discriminant Coefficient of AR Model 99% 

Function (50) 

Fuzzy System (51) FFT Results 80-90% 

Neural Network (52) MA V, Zero Crossing 70-90% 

Mehalanobis Function (53) Envelope Amplitude 90% 

Fuzzy System (8) Zero Crossing 90% 

Absolute Value slope 

Linear Discriminant Auto/Cross Coorelation 96% 

Analysis (49) Short Time Fourier Transform 96.5% 

Wavelet Decomposition 97-98% 

Wavelet packet Transform 98% 

Neural Network (54) Harmonic Wavelet Packet 95% 

Transform 

However, the percentage obtained by each study is subjective. It depends upon 

the number of control channels used and the number of movements to be recognized. 

Englehart et al. (48, 49) investigated four channel sEMG signal in classifying four 

types of upper limb motion by using the TFD method. In comparison with Hudgins 

et al. (27) that used two sEMG channel in discriminating four types of upper limb 

motion, a lower classification rate was obtained. Even though Ajiboye and Weir (35) 

also used four surface EMG channels in their study but they have a lower classification 

accuracy compared to the work of Englehart et al. (48, 49). This is possibly due to 

the feature used to extract the information from the EMG signal that might be not 

accurate enough in giving the best information. 

2.3.2 EMG Classifiers 

For controlling a prosthetic hand with EMG signals, the user must produce different 

muscle activitIes that will bc identified by a systcm and then translated into commands. 

In most of the cases, this identification is accomplished through a classification algo-

16 



2.3 EMG Features and Classifiers 

rithm i. e. a classifier that estimates the class of data as represented by a feature 

vector representing the original signal in reduced dimensionality. Several classification 

algorithms were employed for recognition of EMG signals (8, 20, 25, 55, 56). This sec­

tion reVIew the most popular classihcation algorithms for EMG recognition and their 

important properties are highlighted. 

Several pattern recognition algorithms have been used over the past decades to 

correctly classify desired limb motions (8, 20, 25, 55, 56). Lee and Saridis (57) had 

constructed a proof of concept on EMG signal pattern recognition system for real­

time control of a prosthetic arm. Early approaches in this a.rea involved simple single 

channel signal identification and included work by Graupe (58) for EMG classification 

using an autoregressive model with reasonable success. Park and Lee (28) presented 

a fuzzy based decision making system to classify six distinct. mot.ions: elbow flexion 

and extension, wrist pronation and supination and in and out humeral rotation for 

six subjects. Englerhart et al. (48) compared FD and TD methods to preprocess 

E~IG signals and introduced WPT with satisfactory results. Englerhart ct al. (49) 

applied combination of wavelet packet and principal component analysis (peA) to 

('xtract suitable features from myoelectric signals to classify six classes of hand motions. 

Identification of limb motion based on EMG signals have been attempted through 

various methods including multilayer NN (49), self-organized maps (59) and fuzzy logic 

(FL) (20). 

2.3.2.1 Linear Discriminant Analysis (LDA) 

The aim of LDA (also known as FIsher's LDA) is to find the hyper-planes that separate 

the data representing different classes (60, 61). LDA assumes normal distribution of 

the data with equal covariance matrices. The separating hyper-plane is obtained by 

seeking the projection that maximizes the distance between the means of the classes 

and minimizes the mter-class varIance. LDA classification rule is to assign an object to 

the group with highest conditional probability (i. e. Baye's rule) (18). LDA classifier 

is derived as the minimum error classifier for normally distributed classes with equal 

covariance matrices. Assuming each group belonging to a certain class has multivariate 

normal distribution and all groups have the same covariance matrix, one get what is 
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called a linear discriminant analysis formula that is given by: 

-1 -1 1" T" T g,(x) = log[P(w,)] - 2IL' ~ IL, + IL, ~ x = WlO + w, X 

where g, represent a set of linear functions, g, :, ~ = 1,2, ... , c for a c class problem, 

P( w,) is the probability of class, w,' IL, is the mean of class ~ and ~ represent its 

covariance matrix. Assuming all class covariance matrices are the same i. e. ~ = ~,. 

wlO ... and W, ... are the coefficient of the linear discriminant function g,. 

LDA is one of the simplest linear classifier. However, It is optimum only for data nor­

mal distribution with equal covariance matrices. In some application, the assumption 

of equal covariance is reasonable because the properties of the noise do not change very 

much from one signal to another. However in complex non-linear pattern recognition, 

the assumption of equal covariance is not true. Although these are not optimum, the 

simplicity and robustness of the linear classifier compensate for the loss in performance . 
in many cases (62). 

2.3.2.2 Support Vector Machine (SVM) 

The SVM is a relatively new classification techmque developed by Vapnik (63). SVM 

belong to the famIly of kernel based classifiers. It has shown better performance in 

a number of real world problems (64). SVM implicitly map the data into the feature 

space where a decision boundary separates the classes that may exist (65). If data is 

Figure 2.3: SVM Cla::.::nfiel WIth hyperplalle H alld lI\arglll of WIdth 2')' 

linear, a linear kernel separating hyper plane may be used to classify the data and is 
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known as linear SVM. Figure 2.3 illustrates this. The chosen hyperplane H separates 

the two regions n+ and n-, representing the two classes of points respectively. The 

dotted lines indicate the margm. Now let w be the normal to the hyperplane H. The 

classIfier labels a da.ta point x as +1 or -I, based on whether (w x + b) is greater than 

1 or less than -1 b is the bias term chosen to maximize the margin of the decision 

boundary, while still classifying the data points correctly. 

For the classification of non-linear and high transItional data, the formulation of 

linear hyper plane is extended to build non-linear SVM kernel. Non-linear kernel trans­

forms the input data into feature space of higher dImensions. In this high dimensional 

space, data can be linearly separable by applying linear SVM formulation (66). It im­

plicitly maps the data to another space, generally of much higher dimensionality, using 

a kernC'l fnnct.lOn It t.ncs to find t.hC' opt.lmal dC'CISlon boundary by maximizing the 

margin between the boundarIes of different classes controlled through a regularization 

constant c. 

Grid search 

Durmg cla.ssificat.ion t.hrough SVM, t.i1C're arC' two paramC't.C'rs: c and ,. The goal is 

to identify good c and, so that the classifier can accurately classIfy the testmg data. 

The standard method of exploring the value of c and, on the two dimensional space is 

via grid-search; wherein the grld points are generally chosen on a logarithmic scale and 

classIfier accuracy is estimated for each pomt on the grid. There is a range of parameter 

values that YIeld optimal classifier performance; furthermore, these equivalent points 

in parameter space fall along a ridge in parameter space. 

The grid-search is straightforward but seems naive. In fact, there are several ad­

vanced methods which can save computational cost, for example, approximating the 

cross-validation rate. However, there are two motivations why I prefer the simple grid­

search approach. One is that, psychologically, it may not safe to use methods which 

avoid doing an exhaustive parameter search by approximations or heuristics. The other 

reason is that the computatlOnal tune required to find good parameters by grid search 

is not much more than that by advanced methods since there are only two parameters. 

Furthermore, the grid-search can be easily parallelized because each c and , is inde­

pendent. Many of advanced methods are iterative processes, e.g. walking along a path, 

whIch can be hard to parallehze. 
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2.3.2.3 Artificial Neural Networks (ANN) 

An ANN is an information processing paradigm inspired by the way of biological ner­

vous systems. It is comprised of parallel arrays of non-linear interconnected processing 

elements called neurons. An ANN is configured for a specific application like pattern 

recognition through a learning process. An ANN learns as people learns by examples. 

Learning in biological systems involves adjustments to the synaptic connection that 

exist between the biological neurons. This is true for ANN as well (67). Multilayer 

perceptron neural network (MLP) trained with back propagation algorithm is the most 

well known paradigm of ANN employed in the classification of EMG signals (68). It is 

suitable structures for non-linearly separable input data. In an MLP model, the neu­

rons are organized in the form of layers. Neurons in a layer get input from the previous 

layer and feed their output to the next layer. In this type of networks, connections to 

the neurons in the same or previous layers are not permitted. The back propagation 

training algorithm is an interactive gradient algorithm design to minimize the mean 

square error between the actual output of a MLP and the desired output (69) done by 

modifying the connection weights between the layers. 

The MLP i~ one of the first das~ifier~ that proved effective for EMG based control 

(70). The MLP structure is usually determined by trial and error, as the most appro­

priate number of hidden layers and the number of neurons per layer vary from problem 

to problem. Englehart et al. (48) proved that despite the fact that the MLP enjoys an 

advantage over LDA of being capable of prescribing non-linear class boundaries, but 

the LDA performance was shown to out performs that of MLP when dealing with EMG 

features (38). 

2.3.2.4 Fuzzy Logic (FL) 

In recent years, FL proved to bring new possibilities in the biomedical signal analysis 

problems. Several studies were found in the literature on the application of FL based 

algorithm for EMG based control (71), most of which reported to achieved much better 

results than those achieved by conventional methods (50, 72). Fuzzy clustering methods 

like the fuzzy c-means algorithm (8) and the ISO-FUZ (51) methods were utilized 

in different ways in EMG recognition problems as classifiers and in both cases they 

achieved good accuracies, depending on the complexity of the problem. The work 
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done by Chen et al (71) came with better result than that achieved by Hudgins et 

al. (27) while using fuzzy clustering techniques on the same data set. The Fuzzy c­

means clustering was also utilized with features extracted by the WT and projected 

with independent component analysis reporting a promising performance (73). But 

application of FL for EMG based control has some limitations like: the output in FL 

is not binary, It classifies data pomts from the continuous variable domain; it is quite 

arbitrary to determine a number of fuzzy sets, eelationship among different rules that 

should be done a-priori is unclear as well as the design and computing algorithm can 

be hard to follow (74). 

2.3.2.5 k Nearest Neighbour Classifier (kNN) 

The kNN clasSifier is a qUIte tnvial, where it simply memorizes 'the training data. All 

the work is done by the clasSifier at run-time. Given a new instance, x to be clasSified, 

the clasSifier finds the k-trammg examples that are most similar to x, and looks at 

their labels. Whichever labels occurs most frequently among the k nearest neighbours; 

is chosen as the predicted label for x Loote et al (75) reported that kNN algorithms 

are not very popular in the EMG classification problem probably because they are 

known to be very sensitive to the course of dimensionality, which made them fail in 

several EMG classificatIOn experiments (76). 

Another two important aspects related to the classification of EMG signals along with 

the feature sets and classlficatlOn algonthms are dimenSIOnality reduction of features 

and cross validatIOn of the clasSificatIOn results 

Dimensionality Reduction of Features 

The dimensionahty reduction of feature sets as well as deriving a feature vector with 

uncorrelated feature components is often necessary for increasing classification perfor­

mance. This process should preserve as much of the relevant information as possible 

while reducmg the number of dimensions. The two main strategies of dimensionality 

reduction are feature selection and feature projection. 

Feature Projection. This method, instead of searching the best subset of features (v), 

tries to determme the best combination of the original features (V) to form a new 
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feature set (Z), generally smaller than the original one. Moreover, if the map f: V ~ 

Z is linear, finding the coefficients of this projection could be quite a fast and simple 

process. PCA or Singular Value Decomposition provides a linear map from the original 

set of variables into a reduced-dimensional set of uncorrelated variables (the principal 

components); minimizing the mean-square error between the original feature set and 

the projected one. The transformed variables are ranked according to their variance, 

thereby reflecting a decreasing effectiveness in representing the original set of variables. 

Feature Selection: In this case, the best subset z to Z ~ RL of the original feature 

set v E V ~ RM is chosen according to some criteria for judging whether one subset 

is better than another. The ideal criterion for classification should be the minimiza­

tion of the pr'bbability of miscla.<;sification, but generally simpler criteria based on the 

ability to distinguish classes are chosen. In general, feature selection methods use class 

membership to determine discriminant power. As the original identity of the features 

is maintained, the utility of each individual feature is known. 

Cross-validation 

Cross-validation is a statistical method of evaluating and comparing learning algo­

rithms by dividing data into two segments: one used to learn or train a model and 

the other used to test the model. In typical cross-validation, the training and test­

ing sets must cross-over in successive rounds such that each data point has a chance 

of being tested. The basic form of cross-validation is k-fold cross-validation. In k­

fold cross-validation, the data is first partitioned into k equally or nearly equally sized 

folds. Subsequently k iterations of training and testing are performed'such that within 

each iteration a different fold of the data is held-out for testing while the remain­

ing k-l folds are used for learning. Kohavi (77) compared several approaches to esti­

mate accuracy: cross-validation (including regular cross-validation, leave-one-out cross­

validation, stratified cross-validation) and bootstrap (sample with replacement), and 

recommended lO-fold cross-validation as the best model selection method, as it tends 

to provide less biased estimation of the accuracy. In lO-fold cross validation, data are 

divided into ten subsets. Nine out of ten subsets are used for training and the re­

maining one subset is used for testing. This procedure is then repeated for ten times, 

using a different subsets for testing in each case. The ten test performances obtained 
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are averaged and the average test performance is declared as the estimate of the true 

generalized performance of the classifier. 

2.4 EMG based Grasp Classification 

2.4.1 State of Art 

Even though a number of classification and pattern recognition techniques of EMG 

signals for hand gestures (55, 56) and robotic control (8) has been reported, discrimi­

nating grasping operations is still an open problem. Elliott (78) appear to be the first 

to work on classification of grasp types based on EMG signals. This work proposed 

four feature extraction techniques: Envelope Maxima, Legendre Polynomials, Haar 

wavelets, EMG histogram for classification of six grasp types: small cylinder, large 

cylinder, small sphere, large sphere, small disk and key grasps. Among these, EMG 

histogram based feature extraction produced maximum classification rate of 81 %. The 

reported results were based on four channel EMG signals and are subject dependent. 

Ferguson and Dunlop (43) are among the pioneer to report the classification of grasp 

types based on EMG signals. They have developed a system for identification of grasp 

types based on muscle movements. Four electrodes were placed on extensor muscles 

of the forearm. Four grasp types: cylindrical, spherical, pinch and key were under 

study. The feature set and the classIfiers vary from subject to subject. Features used 

include FFT, Autoregressive modelling, wavelet decomposition, deconvolution analyses 

followed by the classifier based on neural network and Mahalanobis classifier. Mean 

value of the success rates was around 75-80%. Martelloni et al. (79) have performed 

the classification of three grasp types: cylindrical, spherical and key grasps based EMG 

signals. The classification was using MAV of EMG signals through SVM. The reported 

result was for a limited group of subjects; only three with a recognition rate of 84-93% 

based on eight EMG channels. 

More recently, Castellini et al. (22) have reported classification of only three distinct 

types of grasps. index precision grasp, other fingers precision grasp and power grasp 

based on ten surface electrodes with a recognition rate of 90%. Castellini et al. (80) has 

shown the classification of two gTasp types. precision and power based on seven channel 

EMG signals. The classification was using TD features through SVM. The results 

reports classification of the grasp typeb with cross-subject analysis. The experimental 
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results showed a classification of 97% in the baseline condition i.e. while the subject 

would keep her/his arm still and relaxed on a table and was asked to grasp and 95% in 

the dla condition. More recently, Liarokapis et al. (81) have reported the classification 

of three grasp types used during dla based on 16-number of EMG channels. Six classifier 

performances are evaluated and Liarokapis et al. (81) reported highest recognition rate 

of 99% for Random Forest classifier. 

2.4.2 Limitations 

From the review on recognition of grasp types based on EMG signals, it can be seen 

that the results reported by the Elliott (78) et al. is limited to a recognition rate of 

81% only. Further, both Ferguson's and Martelloni's results are subject dependent as 

well as the recognition rates are low. Both of their experiments involve higher number 

of EMG channels for lower number of grasp types recognition. Although recent results 

by Castellini et al. (22) and Liarokapis et al. (81) have shown higher recognition rates, 

their results are limited to a fewer number of grasp types. Castellini et al. results are 

based on ten number of EMG channels and that of Liarokapis et al. on 16-number of 

EMG channcl~; which are ~ignificantly higher. 

2.4.3 Focus of our Work 

It has been seen that a serious effort for classification of gTasp types based on EMG 

signals have been done by the researchers for last two decades. Grasp recognition 

is an important step for anthropomorphic movement control of extreme upper limb 

prosthesis. Furthermore, the goal should be towards higher recognition rate based on 

lower EMG channel for more number .of grasp types used during dla. Therefore, an 

EMG based grasps classification architecture based on lower number of EMG channels 

with higher recognition rates holds promise. In this line, this research concentrated on 

the derivation of a low dimensional yet informative and distinguishing feature set for 

classification of six grasp types used during 70% of dla based on two channels EMG 

signals. 

24 



2.5 Review of Prosthetic Hands 

2.5 Review of Prosthetic Hands 

This section reviews the current status of the prosthetic hand development covering 

their function, mechanical structure and control mechanisms. A brief history and com­

mercially available prosthetic hands are also included in this chapter. An introductory 

explanation of the human hand and physiology is also included. 

2.5.1 Human Hand 

The human hand is a complex anatomical structure consisting of bones, muscles, ten­

dons, skin and the complex relationships between them. It consists of five digits: four 

fingers and one thumb. Each finger constitutes of three interlinking segments: proximal, 

intermediate and distal phalanges. Thumb is made up of only the proximal and distal 

phalanges. The first phalanx is connected to the metacarpal bone. The metacarpal 

bones constitute the palm and are connected to the carpal bones. Movements of carpal 

bones allow the hand to rotate with respect to the arm. The joints on the finger 

are named: distal interphalangeal (DIP), proximal interphalangeal (PIP), metacarpo 

phalangeal (MCP) joints. Figure 2.4 shows the bones and joints of the hand. 

Each joint is characterized by the geometry of the contacting surfaces and by a joint 

range of movement (RoM) as illustrated in Table 2.2. 

Table 2.2: Finger joint range of motion of human hand (in degrees) (83) 

Thumb Index Middle Ring Little 

MCP (Abduction o to 90 -30 to 30 -20 to 20 -30 to 30 -30 to 30 

/ Adduction) 

MCP Flexion o to 100 -30 to 90 -30 to 90 -30 to 90 -30 to 90 

PIP Flexion o to llO o to llO o to llO o to llO 

DIP Flexion o to 90 o to 70 o to 70 o to 70 o to 70 

Each finger can move in the frontal plane to go closer to the medial axis (adduction); 

can move far from the medial axis (abduction); can flex and extend in sagital plane 

(plane at right angles to the frontal plane) at each of the joints. Each digit (except the 

thumb) has three flexion/extension and one abduction/adduction DoF. Thumb is able 

to move in opposition with other fingers along with abduction and adduction. Thumb 
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Figure 2.4: (a) Bones and (b) Joints of Human Hand (Figure is adapted from (82) ) 

is missing one joint therefore have two flexion/extension DoF. This makes a total of (4 

x 4 + 3) = 19 DoF excluding the wrist. The wrist has three rotational DoF, hence the 

human hand have 22 DoF in total. These fingers and DoFs are selectively used during 

different grasping operations. The forearm muscles are connected to the bones via the 

tendons which act as transmission media for actuation of the fingers (84). Figure 2.5 

shows the muscles on exterem upper limb of the human hand. 

According to the grasp to be formed, the neuromuscular signals generates the EMG 

signals for actuation of the muscles. These EMG signals carries the information about 

the grasp type to be performed by the amputees and can be used to identify it. Using 

the EMG signals to direct the prototype for emulating the attempted grasp gives a 

natural feeling of control. 

The constraints of the human hand are categorized as static and dynamic con­

straints. Static constraints includes dimensions of the hand, finger phalanges and palm, 

finger joint RoM and DoF. The linear inter-joint angular relationships in human finger 

are expressed as dynamic constraints and results in a natural curling motion of the 

fingers (12). These are defined as follows: 
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2.5.1.1 Human Hand Grasping 

2 x MCP 

1.5 x DIP 

(2. 1) 

(2.2) 

Type of grasp is the interface between a person's hand and the object being handled. 

For activities such as lifting, lowering, carrying, pushing and pulling etc. , different type 

of grasp is required . Different studies have reported a number of bas ic grasp types. 

Studies on the number of possible grasps have result ed in different categorizations 

ba.-;cd ou differcut paramctcrs such as: 

• Grasp appearance (85) 

• Contact area involved (86) 

• Functions (87) 
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Taylor and Schwartz (85) have defined six grasp types: Cylindrical, fingertip, hook, 

palm up, spherical and lateral based on the shape of the grasps. According to Napier 

(86), grasps are classified as power and precision. When people use objects in everyday 

tasks, the choice of grasp is dictated less by the size and shape of the objects than by 

the task they want to accomplish. Even during the course of a single task with a single 

object, the hand adopts different grasp types. An extensive list of grasp types based 

on the functions to be performed during dla is available in (87). This allows one to 

understand the relationship between the task requirements and the grasping solutions 

adopted to meet those requirements. Heumer et al. (88) identified six different grasp 

types, whereas Fiex et al. (89) has a classification that identifies seventeen grasp types. 

In this thesis, six grasp types: power, palm-up, hook, oblique, precision and pinch 

as shown in Figure 1.2 were considered. Power grasp involves having larger contact area 

between the palm and the fingers of the hand with the grasped objects. Power grasp is 

mostly used in situations where an object needs to be grasped with stability. Holding 

an object like a book or a plate on the palm without curling the fingers forms a palm­

up grasp. This grasp is mostly used during lifting or pushing an object. Hook grasp 

involves holding the objects within the hollow formed by the thumb, palm and the other 

fingers. The oblique grasp differs from the hook in the sense that the thumb supports 

the object in lateral to the other fingers instead of in opposition in the case of hook 

grasp. Holding an object with the thumb, index and middle finger having contact of 

the object with the distal and middle phalanges forms the precision grasps. Grasp like 

holding a pen or pencil with the fingertip of the index, middle and thumb leads to the 

formation of the pinch grasp. The power, palm-up, oblique and hook are concentrated 

more towards the stability during the grasping while the pinch and precision focus 

more on the sensitivity and dexterity. These six grasp types are significant for they 

are involved in 70% of dla (17). These grasp types has been explored for classification 

using surface EMG and the Prototype 1.0 is developed to execute the above grasps. 

2.5.2 Prosthetic Hands: State of Art 

Prosthetic hands are designed to provide a replacement for upper limb amputees and are 

mainly categorized as passive and functional types. A passive prosthesis is a cosmetic 

type where it just provides visual replacement of the amputation, while the functional 

28 



2.5 Review of Prosthetic Hands 

prostheses are used to mimic the function of a natural hand. The functional type can 

be divided into two categories: body powered and externally powered. 

2.5.2.1 Brief History of Prosthetic Hands 

Prosthetic hands pave been found centuries ago with the main aim to provide the 

amputees with a replacement of their natural arm. It had been found as early as 330 

BC on an Egyptian mummy; which was a cosmetic hand prosthesis (90). In the 15th 

century, passive hand prostheses were developed and used for several decades. Passive 

prosthetic hands involve a moveable thumb only or by using knob activation to lock 

the thumb and fingers configuration to select the chosen position (90). 

The beginning of 19th century showed the start of actively operated prostheses. 

These prosthesis are called body powered; where a harness is tied to the shoulder 

and connected to device via a cable. When the user moves the shoulder, the cable is 

tightened and cause the device to open and close. Count of Beaufort from France had 

designed a body powered prosthesis back in 1860 where the hand was made of wood 

and the moveable thumb was controlled by a cable connected to a shoulder girdle (90). 

World War I had caused a large number of amputees. The development and use 

of the body powered prostheses were boosted during this time. Plastic materials were 

introduced into prosthetics after the World War II and further development on the 

body powered prostheses continued with gradual growth. 

External powered prostheses were introduced at the end of 19th century and can 

be divided two types: pneumatically and electrically powered. Pneumatically pow­

ered used carbon dioxide to power up the prostheses while electrically powered used 

rechargeable batteries. However, the pneumatically powered device was not practical 

as it was noisy and more difficult to operate. Later, EMG based prostheses had been 

introduced where an electrical signals is generated with the muscle contraction to con­

trol the prosthetic device. When a skeletal muscles contracts, small voltages can be 

detected on the skin surface which are amplified and conditioned to operate an elec­

trically powered prosthesis. It has been reported that the EMG controlled prosthetic 

hand was first proposed and built by Reiter in 1948. By end 70's, the EMG controlled 

prosthetic hands became popular in the area if rehabilitation robotics (90). 
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2.5.2.2 Commercially Available Prosthetic Hands 

i-Limb: T he prosthetic hand i-Limb by Touch Bionics is a five fingered hand. All 

fingers are identical and consists of two phalanxes: the proximal and intermed iate one; 

t he distal phalanx is actually fused in a fixed posit ion with the intermediate p halanx. 

The thumb is identical to the other fingers and is fixed on a passive joint that allows to 

move it in opposit ion to other fin gers. Each fin ger is actuated by an independent direct 

current CDC ) motor placed in the palm. Motion is transmi tted to the fin ger by means 

of a rigid transmission based on a toothed belt. The hand is meant to be used by mono 

lateral amputees in order to perform a grasp. The subj ect should use healthy hand to 

rotate the thumb and send an EMG closing command . At this point all fingers start 

to move towards the palm and indep endent ly stop until a force level is reached . T he 

hand can perform pinch , p ower and lateral grasps (1). F igure 2.6 shows the i-Limb. 

Figure 2.6: The i-Limb Hand (From (1 )) . 

This hand is the first to market prosthetic device with five individually powered 

digits . The finger kinematics is fixed; the dynamic relationship between MCP and P IP 

joint angle, whi~e t he finger is moving is fixed . The indep endent actuation , r esults in 

a short of compliant grasp since each fin ger effectively flex when the object has been 

gripped and high number of contact points between hand and object is present. The 

hand is covered by a soft cosmetic glove, that mimics the natural skin and improved 

compliance. 

There is no scientific literature or available informa tion regarding the sensory system 

of the hand , hom the analysis of t he mechanical design (where no structurally integTated 
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sensors are placed in the fingers), and from viewing the aV8.llable material from the 

company website, it is reasonable to think that only sensors available, arc related to the 

DC motors and could be both encoders and current sensors. The desired finger speed 

is controlled through instantaneous EMG signal amplitude of the muscle employed 

for closmg In thIS manner, all fingers close until there is muscle activity but those 

fingers that get in contact WIth the object before the others, inevitably start gripping 

until their motor current becomes higher than the limit value. In the second case, 

the desired torque proportional to the DC motor current is proportional to the EMG 

signal amplitude, the fingers move with fixed velocity and stop when the torque value 

is reached 

Even though EMG controlled prosthetic devices have gained increasingly impor­

tance, the search for somethmg better has continued to achieve human like functionality 

and controllability. 

2.5.2.3 Research Prototypes of Prosthetic Hands 

MANUS Hand: Among the research prototypes, MANUS hand was developed with 

enhanced mobility so that the basic grasping modes i.e. hook, precision, cylindrical, 

power, tip and lateral grasp of human hand could be reached. MANUS hand possesses 

three DoF. The other joints are coupled to the driven ones by underactuated mecha­

nisms. It possess five fingers and the resulting prototype is approximately 20% larger 

than an average human hand. It weights around 1200 gram; which is more than twice 

than that of a human hand. It could achieved a maximum grasping force of 60 Newton 

(N) was obt8.lned at the fingertip (2). 

MANUS Hand proposes a prosthesis having 10 joints of which three arc independently 

driven and others 8.l·e coupled to the dnven ones through different types of mechanisms. 

Three independent mechanisms can be found m the MANUS Hand prototype: 

• The mdex/ middle mechanism coupling six DoFs 

• The thumb mechanism coupling three DoFs 

• The wrist mechanism 

In addiction to the active joints, bendable joints have been included in the fourth and 

fifth fingers, usmg a m8.l·tensItIc structure so they can be placed manually in a position 
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and assist the index and middle fingers. The index and middle fingers are actuated by 

means of one single brush-less DC motor and the MCP joints of the two fingers are 

linked . Figure 2.7 shows the Manus hand. The force and position sensors are distributed 

Figure 2.7: The Manus Hand (From (2)). 

in the hand . Both kinds of sensors were specifically designed from Hall effect pick-ups. 

Position sensors were developed by placing a permanent magnet opposite to the Hall 

etfect sensor. III between , a cam made of ferromagnetic steel modific'loi the reluctance 

of the magnetic circuit resulting in a linear relation between cam rotation and output 

voltage. The force sensors are embedded in the finger tips and are also based on Hall 

effect pick-ups. In this case, the permanent magnet is spring mounted and the resulting 

magnetic field at the Hall effect sensor location resnl ts in a linear relationship between 

force exerted and output voltage. 

The control arcitecture of MANUS Hand comprises a host micro controller (master) 

and three local microcontrollers (slaves). Each local controller is in charge of the act ive 

compliance control of each active joint. The host controller is also in charge of the 

EMG command decoding. The digit specific cont.rol scheme is t.hrough an impedance 

control tha t allow the fingers to behave as virtual springs. For every grasping mode, 

the finger performance is determined by a set of desired positions and finger stiffness. 

Southampton Hand: It is a five fingered hand , actuated through six electrical mo­

tors. T wo of them are used to actuate the ftexioll / extension and rotation of the thumb 

while the remaining four motors are assigned to individual finger flexion/ extension. 

32 



2.5 Review of Prosthetic Hands 

Each finger is made from six bar linkages, which when flexed or extended, curl in an 

anthropomorphic trajectory. It possesses six DoF with with 14 joints in it . The hand 

weights around 520 gram including the actuation system which is close to that of a 

human hand. The grasping force at the end of each fingertip is 9 N. Figure 2.8 shows 

the Southampton hand. 

Figure 2.8: The Southampton Hand (From (3)). 

Each fin ger is equipped with an array of film sensors which can be used to monitor 

the force exerted by the finger as well as to detect the onset of object slip and measure 

temperature. These are located on a cantilever type structure placed on the dist al 

phalanx of each finger. The array consist of three different types of sensor included upon 

the fingertip cantilever: static force sensors, dynamic force sensors and temperature 

sensors. 

Southampton hand is controlled through sEMG signals in the conventional two site 

manner while a microprocessor and sensor system provide feedback for the prosthesis 

to self regulate prehensile movement and gTip force. It is the hier31"Chical control phi­

losophy, the Southampton Adaptive Manipulation Scheme (SAMS) that co-ordinates 

the different DoF to achieve a stable grip. It attempts to minimize the contact force 

between the hand and object by maximizing the contact between them. The controller 
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achieves this by selecting between the different possible grips by detecting the object 

with sensors on the surface of the fingers and then adopting the most appropriate pos­

ture and applying the lightest possible touch . If the object slips, this is detected and 

the hand automatically increases the gTip force until the sliding stops. Consequently 

the operator only needs to make the strategic decisions and the rest of the control is 

devolved to the microprocessor (3). 

DLR Hand - II: In 1997, DLR developed one of the first articulated hands with 

completely integrated actuators and electronics (91). Due to the maintenance prob­

lems with Hand-I and in order to reduce weight and production co::;t , the tiugcr::; uud 

base joints of Hand-II were realized as an open skeleton structme. The open structure 

is covered by four semi-shells and fingertip housing realized in stereolitography and vac­

uum mold. This enables to test the influence of different shapes of the outer smfaces 

on the grasping tasks without redesigning finger parts. Figllre 2.9 shows the DLR-II 

hand. 

Figure 2.9: The DLR-IJ Hand (From (3) ). 

The three independent joints of each finger are equipped with appropriate actuators. 

The actuation systems essentia lly consist of brushless DC motors, tooth belts, harmonic 

drive gears and bevel gears in the base zone. The configuration differs between the 

different joints. The base joint with its 2 DoF is of differential bevel gear type, the 

harmonic drive gears for geometric reasons being directly coupled to the motors. The 
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2.5 Review of Prosthetic Hands 

differential. type of joint a1.lows to use the full power of the two actuators for flexion 

or extension. Since this is the motion where most of the available torque has to be 

applied, it allows to usc the torque of both actuators jointly for most of the time. The 

actuation system in the medial joint is designed to meet the conditions in the base 

joints when the finger is in stretched position and can apply a force of upto 10 Newton 

on the fingertlp. 

Each joint in the hand is equipped with strain gauge base jOint torque sensors and 

specially designed potentiometers based on conductive plastics. Besides the torque sen­

sors in each joint, each fingertip is equipped with six dimensional force torque sensors. 

Sal.isburry (92) implemented cartesian stiffness control by using fingertip force sensors. 

The stiffness control scheme has the disadvantage of not being able to actively control 

the C'omplct.e system dynamIC'S, specIfically thl' system damping parameter. When the 

hand performs any fine manipulation, there is always need that the fingertip should be 

soft in the direction normal to the contact surface and hard tangential to the contact 

surface. Therefore the impedance should be adaptable to the orientation of the fin­

gertip. Therefore a cartesian impedance controller has been build. In steady state, all 

measured and desired vc10city and accc1eration val.ues are zero. This induces that the 

value of the steady state torque is stiffness multiplied by the steady state deformation 

and the fingertip behaves like a programmable spring. 

RTR-II Hand: In 2002, the Scuola Superiore Sant' Anna, Italy has been working 

in this field for a1.most two decades firstly providing the MARCUS hand (93) and then 

propooed a novel three articulated fingered, under-actuated prosthetic hand named 

RTR-II (4). The hand has been developed with the aim of replicating the natural fin­

gers movement, and allowing different prehensile patterns: precision, power and lateral. 

grasp. The hand has three fingers: middle, index and the thumb. Since the under­

actuated mechanisms based on Soft gripper proposed by S. Hirose (94), have been 

applied to both fingers and thumb, these are able to automatically wrap around the 

objects. Figure 2.10 shows the RTR-II hand. 

Two DC motors, located in the carbon fibre pal.m structure, actuate the 9 DoFs 

hand: one motor is applied for the thumb opposition movement, the other for the 

contemporary flexion of all fingers The index and middle fingers arc connected to 

the motors by means of an adaptive grasp mechanism based on a linear slider and 
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2.5 Review of Prosthetic Hands 

Figure 2.10: The RTR-I1 Hand (From (4)). 

two compression springs, the slider is connected to the motor through a lead! screw 

transmission . In order to reduce the number of actuators and to perform an adaptive 

grasp between the fingers , a differential grasp system based on compression springs and 

a linear slider has been designed. 

The RTR II is provided with position sensors for the thumb opposition and the 

fl exion/ extension slider. A cable tension sensor on the cable that drives the index 

finger and a force sensor on the tip of the thumb were used. Both the slider position 

sensor and the thumb position sensor are based on Hall effect sensor. The Hand is 

provided with a hierarchical control architecture composed of a top level control mod ule 

(TCM) , a low level control module (LCM) and a sensory processing module (SPM). 

Core of the system is the LCM that deals both with sensory triggers detected by the 

SPM and with high level commands generated by the TCM based on user intensions. 

2 .5.2.4 Lim itations 

Although the prosthetic hands discussed above are closer to the natural counterpart in 

terms of geometry, t hey deviate from the human hand in terms of dynamic constraints, 

joint range of motion, number of joints , number of fingers, weight etc. A detailed 

comparison of all the static and dynamic constrains are presented in Chapter 6. Further, 

the control through EMG signals is non-intuitive. 

The MANUS Hand is controlled via EMG signals from of the residual muscle of 
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the user. In this technique, signal muscle EMG signal is used to generate the grasping 

commands. In order to do this, a command language comprising of three bits has been 

developed based on the EMG signal amplitude. Each bit has defined three bit levels. 

Accordingly, an input comprise of three muscle contraction to generate three EMG 

levels and 27 commands. However no information relevant to the pattern recognition 

has been published authors (95). The opening and closing of the Southampton Hand 

is being controlled through two site switch mechanism activated by EMG signals. No 

EMG based control was available originally for the DLR Hand-II. The control of the 

hand and the fingers was done through an external computer. Later, Castellini et al. 

(80) proposed seven channel EMG based control for the Hand. Following the proposed 

method, DLR Hand-II can perform precision and power grasps. The RTR-II Hand can 

perform grasping task limited to only opening and closing by means of EMG signals 

generated by two antagonist muscles of forearm. 

Therefore, the development of a biomimetic hand replicating the human hand in 

form and function is of importance so that the user can fell it as if it were a natural 

part of the body. Furthermore, it requires a more intuitive control method through 

proper pattern recognition. 

2.5.2.5 Focus of our Work 

The work presented in this thesis focus on the development of a prosthetic hand pro­

totype following a biomimetic approach. The aim is to harmonize both physical and 

functional aspects to mimic the human hand satisfying the static and dynamic con­

straints. The prototype is to be controlled more intuitively for performing six grasp 

types used during 70% of dla. The control is through recognition of six grasp types 

based on two channel EMG signals. The emphasis is on following the human finger 

Joint traJectorIes by the prototype finger Joints during the emulation of six grasp types. 

2.6 Summary 

In this chapter, a background on the basic concepts related to EMG and its acquisition 

is discussed. The chapter reviews the TD, FD and TFD features for recognition of 

EMG patterns. The limitations exhibited by the features in different domains were 

also mentioned. The pattern recognition algorithms contributing towards EMG pattern 
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recognition and their shortcomings were also reviewed. This review emphasizes that 

the recognition of grasp types to be emulated by a prosthetic hand holds promise. 

Towards the end of the chapter, current prosthetic hands; both commercial variants 

and research prototypes were discussed. The focus of the thesis in order to minimize 

the gaps between the state of art and a prosthesis to be used during dla is mentioned. 
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3 

EMG based Grasps Recognition: 

Initial Results 

Upper limb prosthesis and their control mterfaces have changed in the past four 

decades. Most of the prosthesis developed earlier would be inappropriate due to their 

non-anthropomorphic actuation. EMG implies the interpretation of the brain's activ­

ity to contract a muscle or a group of muscles; and extreme upper limb amputees can 

generate EMG from residual forearm muscles similar to the healthy subject (8). Grasp 

recognition based on EMG sIgnals holds promise. 

This chapter presents three grasp recognition architectures based on EMG signals. 

It starts with the materials and methods for acquisition of EMG signals generated 

during grasping operations. Six grasp types used during 70% of dla (as detailed in 

Chapter 1) have been investigated. Higher grasp recognition rate based on lower num­

ber of EMG channels for higher number of grasp types is a challenge; further, major 

dIfficultIes (are detailed in section 2.23) are attenuatlOn and distortion due to the 

effects of mput Impedance, mherent EMG nOlses, electrode stability etc. The grasp 

recognition architectures in this Chapter investigates the recognition of six grasp types 

as detailed in Chapter 1 based on two channel EMG. 

With a set of computationally less complex features: baseline zero crossing, turning 

points (96, Chapter 8) and Fast Fourier Transform (FFT) phase angle (97), grasp 

recognition arcllltecture-I IS a two tlCr classIfier compnsing of linear kernel Support 

Vector Machme (SVM) followed by a FFT classIfier. ClassIfication with linear kernel 

SVM and FFT classifier is computatlOnally less tIme consuming and less complex (65, 
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97). Architecture-I yields an average recognition rate of 77% (98), which is low vis-a­

vis the results reported in literature (22). Following the advantages of TFD features 

over TD and FD features as stated in Chapter 2, graSp recognition architecture-II 

has reported a recognition rate of 80% using continuous wavelet transform (CWT) 

coefficients and 84% using Discrete Wavelet Transform (DWT) as the feature set (99); 

and Radial Basis Function (RBF) kernel SVM as the classifier.- In grasp recognition 

architecture-III, sum of DWT coefficients has been established as a primal feature for 

classification of gTasp types with an average recognition rate of 86% (100). 

3.1 Materials and Methods 

3.1.1 Subjects and Experiment 

Eighty subjects (sixty male and twenty female) in the age group of 20 to 45 years, 

without any known history of neuromuscular disorder took part in the experiment. 

The study used healthy subjects and relied on the fact that amputees who have lost 

their hand are able to generate EMG signals from the forearm muscles that are very 

similar to that generated by healthy subjects (8). The acquisition of EMG signals from 

the subjects was after the administrative permission from the Tezpur University Ethics 

Committee. 

3.1.1.1 Experimental Protocol 

EMG signals were acquired continuously from the state of pre-shape initiation by the 

user for the six grasp types. We categorized six types of macro stages as enumerated be­

low (MO to M5) during the process of grasping. These stages are along the lines of (101). 

MO: Rest position: The starting point of the grasp preparation. Fingers stay at rest in 

half closed arrangement. They are motionless. 

Ml. Grasp preparation: Fingers are opening or closing taking the posture depending 

on the type of grasp to be performed. 

M2. Grasp Closing: Precedes the grasp. The fingers move taking the posture depend­

ing on the size of the object to be grasped. 

M3. Gra.c;ping: The fingers squeeze the object with a force dependant on the knowledge 

and observed behavior of the object. 
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3.2 EMG Acquisition and Preprocessing 

M4. Mamtammg the Grasp' With force adjustment, fingers decrease or increase the 

squeeze depending on the object deformation and slip. 

MS. Releasing the Grasp and returning to Rest: Fingers slowly reduce squeeze and 

return to half close position of rest. 

A period of around 40 seconds was allowed between two consecutive grasps during signal 

collection. This is in order to meet the features of robotic rehabilitation interventions 

(102). 

3.2 EMG Acquisition and Preprocessing 

3.2.1 EMG Acquisition 

At the start of the experiment, subjects were given a demonstration towards main­

taining fingers at rest position and how to perform the six grasping operations. Prior 

to the recording, the participants were encouraged to familiarize themselves with the 

experimental protocol and with the EMG acquisition equipment. Each subject was 

asked to rest the right arm on the arm rest of the chair with the fingers in a half closed 

state in horizontal direction. The skin where electrodes are to be placed was moistened 

using an electrode gel. Agj AgCI electrodes are used over 80% of surface EMG appli­

cations (103, chapter 8: p 299) and are superior than other surface electrodes because 

they are non-polarized in nature (104). Table 3 1 shows the placement of the Agj AgCl 

electrodes over the forearm muscles and their respective functions. This follows the 

electrode placement discussed in (8), without following any optimization algorithm for 

it. Figure 3.1 shows the muscles for placement of electrodes on a subject's forearm. 

The electrodes were placed such that the longitudinal axes of the electrodes were 

parallel to the longitudinal axis of the muscle (101). A total of (80 subjects x 6 grasp 

types) = 480 two chann;l EMG signals were acquired. In most previous works, more 

than two number of EMG channel have been used for patterns recognition (8, 79). 

However, users suffer from the mconvenience of carrying many cabled electrodes (lOS). 

This fact is most obvious whIle using prosthesis. FUrther, more number of channels 

includes increased processing as well as cost of the system. Based on these facts, 

two channel EMG signals have been used in this experiment. Figure 3.2 shows the 

experimental set-up during EMG acquisition 
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Electrode 

Number 

Electrode1 

Electrode2 

3.2 EMG Acquisition and Preprocessing 

Table 3 .1: Placement of EMG Electrode 

Electrode 

Leads 

Lead 11 

Lead12 

Lead21 

Lead22 

(a) 

Specific :\1uscle 

Extensor Digitorum 

Flexor Digitorum 

Flexor Carpi 

Ulnaris 

Extensor Carpi 

Radialis Longus 

Flexor Carpi 
Ulnaris Muscle 

Flexor Digitorum 
Musc le 

(b) 

Functions (82) 

Extension of proximal, 

middle and distal phalanges 

of fingers 

Flexion of proximal, 

tniddle distal phalanges 

of fingers and wrist 

Flexion-Extension and 

abduction-adduction of 

the wrist 

Abduction of the wrist 

and flexion-extension of 

the palm 

Extensor Carpi 
Radialis Longus 
Musc le 

Figure 3. 1: Electrode placement on the Forearm Muscles wit h (a) anterior view and (b) 

posterior view. Longitudinal axes of the electrodes are placed in line with the longitudinal 

axes of the corresponding muscles. 
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3.2 EMG Acquisition and Preprocessing 

Ag-AgCl Surface Electrode EMG Acquisition (Hook Grasp) 

Electrode Cable EMG Acquisition (Power Grasp) 

EMG Unit 4/25 T EMG Acquisition (Precision Grasp) 

Figure 3.2: Experimental Set-up dur ing Acquisition of EMG Signals 

3.2.2 EMG Preprocessing 

T he raw EMG signals obtained for six grasp types needs to be prepocessed for accurate 

record , display and analysis. After t he signa l acquisition, EMG signals were fi ltered 

llsing a band pass filter ; consist.ing of a high pass filter t.o reduce mot.ion artefacts 
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and a low pass filter to reduce base line drift. The signal is next amplified with an 

instrumentation amplifier of high common mode rejection ratio (CMRR) of 110 dB. 

Also a notch filter is incorporated to eliminate power line noise. This is performed using 

the bic-amplifier ML4818 in AD Instrument's Power Lab 4/25T EMG unit with the 

specification settings as detailed in Table 3.2. The EMG signal obtained after filtration 

and amplification is called integiated electromyogTam (IEMG) signal. Even though the 

term integrated EMG refers to amplified and filtered signal including rectification; it is 

used in this research to refer to the preprocessed EMG signal only; without rectification. 

The preprocessed IEMG signal was digitized at a sampling rate of 10 kHz. Two channel 

EMG signals were recorded for a period of 250 msec. This is to meet the real time 

constraint that the response time of myoelectric control system should be less than 300 

msec (106). The collected IEMG signals from one subject for the six grasp types are 

shown in Figure 1:1 through Figure 1:6 in Appendix-I. 

Table 3.2: BiD-amplifier specification settings during EMG Acquisition 

Parameter Value 

CMRR 110 dB 

Low p~s cutoff 2 kHz 

High pass cutoff 10 Hz 

Notch filter cutoff 50 Hz 

Amplification range +/-5 V 

3.3 Grasp Recognition Architecture-I 

Figure 3.3 shows the schematic diagram of the grasp recognition architecture-I. The 

fundamental blocks are the EMG Unit, Feature Extraction Unit and the Classifier 

Unit. The preprocessing in the EMG Unit is as per steps detailed in section 3.2.2. The 

characteristic pattern representation of a signal with reduced dimensionality called 

features are extracted in the Feature Extraction Unit. Feature extraction is the step 

to extract the useful informations of the signals for successful classification. Based on 

these features, the classifier perform the classification operation. 

44 



EMG EMGUmt 

Feature 
Extraction 

BZC, TP, 

Amplifier ...J I U FFT phase 
---.J IEMG angle 

Signals 
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Figure 3.3: SchematIc of the Grasp RecognitIOn Archltecture-I 

3.3.1 Feature Set 

Following set of features are used for grasps classificatIOn in architecture-I: 

• Baseline Zero Crossings (BZC): Number of times a signal crosses the zero ampli­

tude line. 

• Turning Points (TP) : Sum of number of peaks and valleys in a given signal. 

• FFT phase angle: Phase angle of a Fourier transformed signal. 

Features are extracted from the IEMG SIgnals in 50 msec frame. Rectangular win­

dow function was applied in each frame. BZC and TP extracted from EMG SIgnals 

represents muscle strength and fatigue (107). I used these features for classification as 

the strength involved dunng different graspmg are dIfferent (108). FFT phase angle 

possess many important informations of the signal and is alone sufficient to completely 

reconstruct the signal (109). 

3.3.2 Classifier 

The claSSIficatIOn IS m two stages Number at BZC and TP of five individual windows 

were considered as the input features in stage 1. The feature tor classification in stage 

II is FFT phase angle. 
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Stage I: SVM Classifier 

Classification of the extracted feature set in the SVM classifier was accomplished in 

two phases: training and testing. In the training phase, 40 numbers of user wearing the 

electrodes performs the grasp type decided a priori. The feature set is extracted from 

IEMG signals. This constitutes the training data set; which is passed through a lin­

ear kernel SVM classifier. SVM performs the classification of the feature set following 

the mathematical formulation stated in section 2.3.2.2 in Chapter 2.The slope of the 

separating hyperplane was considered for classification of the grasp types. For testing, 

another 40 subjects were allowed to perform the six grasp types randomly twice. The 

feature vector for each IEMG signal was extracted and fed to the classifier. Power 

and palm-up were classified correctly. Hookl oblique were included in a single cluster; 

pinchl precision into another cluster. These results are tabulated in Table 3.3. 

Table 3.3: Results of SVM Classifier 

Grasp Decision Clusters 

Types Boundary 

Slopes 

Power 0.4 to 0.52 Cluster 1 

Palm-up -0.22 to -0.32 Cluster 2 

Hook / -0.55 to -1.88 Cluster 3 

Oblique 

Pinch I 3.9 to 6.6 Cluster 4 

Precision 

Stage II: FFT Classifier 

For sampled vector data, Fourier analysis is performed using the discrete Fourier trans­

form (DFT) . The FFT is an efficient algorithm for computing the DFT of a sequence. 

FFT has been used to detect muscle fatigue, force production and muscle fiber signal 

conduction velocity (54). Important information about a transform sequence includes 

its magnituEle and phase. I have used the FFT phase angle (109). However, the per­

formance of the FFT classifier- was not considered against any other classifier. The 

slope of the FFT phase angle at discrete frequencies was the observation parameter for 
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categorizing cluster 3 into hook and oblique; cluster 4 into pinch and precision. The 

results of the FFT classifier are tabulated in Table 3.4. 

Table 3.4: Results of FFT Classifier 

Grasp Types Slope of FFT Phase angle 

400 Hz 600 Hz 

Oblique -0.42 to -0.25 0.46 to 0.58 

Hook 0.26 to 0.34 0.78 to 0.88 

Pinch 0.51 to 0.62 -0.26 to -0.11 

Precision 0.93 to 1.3 0.12 to 0.34 

3.3.3 Results of Grasp Recognition Architecture-I 

The architecture-I for recognition of grasp types using low channel forearm EMG sig­

nals has identified six grasp~ in two stages. Following Subasi et al. (110), the average 

recognition rate for each graSp types was calculated as: 

Recognition rate = f5 x 100% 

where 

N = Number of correctly classified grasp d"uting testing 

G = Total number of grasps used in testing 

Table 3.5 shows the grasp recognition results of architecture-I. An average recogni­

tion rate of around 77% is achieved (98). The confusion matrix in Figure 3.4 shows 

Table 3.5: Recognition Rates of Architecture-I 

Grasp Type Identified Recognition Rate 

Power 75% 

Palm-up 75% 

Oblique 75% 

Hook 62.6% 

Pinch 87.5% 

Precision 87.5% 
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the classification and misclassification of grasp types ohtained through architecture-

1. 80 number of input signals pertaining to each grasp type was passed to classifi er. 

75% of power grasp are d assified correctly ', 25% are misdasified as obhque. 759(. of 

palm-up are classified correctly; 25% are misclassified as power and oblique. 75% of 

oblique arc classified correctly; 25% arc misclassified as hook and power. 62.5% of hook 

are classified correctly ; 37.5% are misclassified as power and oblique. 87.5% of pinch 

are classified correctly; 12.5% are misclassified as precision and 87.5% of precision are 

classified correctly; 12.5% are misclassified as pinch . The main limitation of the grasp 
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Figure 3 .4: Call fus ion matri x for classifi ca.tion based on Archi tecture-I 

recognition architecture-I was its lower recognition ra te. It produced an average error 

rate of 23%. One of the main reason for low recognition rate was that architecture­

I does not take into account subjectivity of the EMG signals. The EMG signab of 

different subjects for the same grasp type are never absolute because of the variation 

in impedance between the muscle of interest and electrodes (111). Furthermore it is 

dependent upon electrode application and placement (112) , muscle fatigue (113) , con­

traction velocity and muscle length , cross talk from nearby muscles and slight variation 

in task execution (114) etc. It would be almost impossible to control all these factors 

during EMG acquisition . Therefore, some kind of technique is required wherein all the 

EMG signals are converted into a scale that is common to all measurement occurrences . 
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Normalization controls for the aforementioned variables and facilitates the comparison 

of EMG signals between subjects as well between days for the same subject (115). 

3.4 Grasp Recognition Architecture-II 

The schematic diagram of grasp recognition architecture-II is shown in Figure 3.5. The 

preprocessing of the EMG signals were as detailed in section 3.3. In order to overcome 

the limitation of subj'ectivity as in architecture-I, a Normalization Unit as detailed in 

section 3.4.1 is introduced in the grasp recognition architecture-II. 

As detailed in section 2.3.1.3 in Chapter 2, WT is better suited for EMG classifica­

tion therefore, grasp recognition architecture-II and III are based on WT features . 
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Figure 3.5: Schematic of the Grasp RecognItion Architecture-II 

3.4.1 Normalization 

To reduce the influence of EMG signal subjectivity as discussed towards the end of the 

section 3.3.3, signals were normalized for making the method to work for all subjects. 

Normalization is through maximum volunteer contraction (MVC) as reference point 

(116). However, working of the method for all subjects can be evaluated only after 

clinical trials; which is not within the purview of this thesis. The IEMG signal on 

normalization is called normalized IEMG (nIEMG) signals. The normalized Root Mean 

Square (RMS) of IEMG signals is obtained as follows: 
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Normalized RMS of IEMG = 

RMS(IEMG.) - MwzmumRMS(IEMG) 
MaxzmumRMS(IEMG) - MwimumRMS(IEMG) 

where 

IEMG. = zth sample value of IEMG signal 

RMS{IEMG.) = RMS value of zth sample of 1EMG 

MaxzmumRMS{IEMG) = maximum RMS value of 1EMG 

MmzmumRMS{IEMG) = minimum RMS value of IEMG 

The nIEMG signals for the six grasp types under study are shown in Figure 1:7 through 

Figure 1:12 in Appendix-I. 

3.4.2 Feature Set 

The feature vector for grasp classification in architecture-II was derived using CWT. 

The proper wavelet basis function was selected through computation of entropy of 

the preproces5ed EMG signals and WT coefficients of six different wavelet families: 

Gaussian, Daubechies, Morlet, Mayer, Mexicanhat and Symlet. The CWT coefficients 

were derived at 11, 21, 35 and 101 scale index. The purpose of CWT is to decompose 

a signal into localized contributions characterized by scale parameter. The CWT of a 

signal f(x) is defined as an inner product of the signal and the wavelet bases as follows: 

W(s, b) =< f(X):l/Js,b(X) > (3.1) 

Where 'l/Js,b(X) is referred to as wavelet bases and W(s, b) is referred to as WT 

coefficient of signal f(x). The 'l/Js,b(X) can be formed from a basic wavelet 'l/J(x) by a 

series of scaling and shifting operations. The wavelet base is defined as: 

'l/Js,b(X) = l/s.'l/J((x - b)/s) (3.2) 

Where s > 0 and b are any real numbers. The variable s indicates the scale of 

the particular basis function and the variable b specifies its shift operation. Using the 

wavelet. baseR in equation 32, the wavelC't tranRform defined in equation 3.1 can be 

computed as: 

W(s, b) = 1/ J(s).l:_oo f(x).'l/J((x - b)/s) (3.3) 
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The CWT given by equation 3.3 is the convolution of signal with the wavelet func­

tion shifted over the entire signal defined by the wavelet scale (117). The transform 

coefficients produce by this process are the correlation of the basis function with the 

signal. CWT based feature extraction for efficient classification of grasp types is de­

pendent on the appropriate choice of the mother wavelet function. This work proposed 

entropy measure to select an optimum wavelet function. 

The entropy is a measure of uncertainty of information in a statistical description of 

a system. The features extraction through CWT is followed by the entropy estimation. 

The entropy of wavelet transform coefficients of the wavelet families under study are 

estimated. The entropy H for random variable X is defined as (118): 

H(X) = L P(X = at )loY2 P(X = at) (3.4) 

Where t is the possible values of X. To select the optimum wavelet function in 

representing the EMG signals of grasp types, the entropy of nIEMG signal of six grasp 

types with entropy of the decomposition coefficients of wavelet functions under study 

were compared. The selection of the CWT mother wavelet function based on entropy 

measurement is detailed in section 3.4.4. 

3.4.3 Classifier 

In this study, One-vs-All method is carried out for classification of grasp types. The 

classification steps of One-vs-All SVM for six grasp types are: 

• Label all the training samples of the one of the grasp types as positive samples. 

• Label all the training samples of other grasp types as negative samples. 

• Use all positive and negative samples as input to train a SVM and corresponding 

classification planes are obtained. 

• Label the trained SVM as SV lvh; representing that SV Ml is used for differenti­

ating the gn~p type used for training from other five grasp types. 

• Repeat the prevlOUS step for other five grasp types, finally six of the SVMs are 

obtained as 8VM1 , SVM2 , SVM3 , SVM4 , 8VM5 , 8VM6 . 
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3.4.4 Results of Grasp Recognition Architecture-II 

Following the formulation for recognition rate as stated in section 3.3.3, the average 

recognition rates for six grasp types obtained using CWT coefficients at scale index 11, 

21, 35 and 101 are shown in Table 3.6. Results with Gaussian CWT has been found 

highest with an average recognition rate of 80% over six grasp types. To investigate the 

relation of recognition rate with scale index, a range of scale index have been considered 

to access the changes of accuracies with wavelet functions. Table 3.6 shows variation 

of scale index has little effect on the average recognition rates of six grasp types. 

Table 3.6: Average recognition rates over six grasp types through CWT coefficienLs aL 

dIfferent scale index 

Wavelet Functions Recognition Rate 

scale index 11 scale index 21 scale index 35 scale index 101 

Gaussian 79% 80% 80% 81% 

Morlet 77% 77% 76% 76% 

Meyer 75% 74% 74% 74% 

Symlct 4 74% 74% 73% 74% 

Db 72% 73% 73% 74% 

Mexicanhat 70% 71% 71% 72% 

Haar 62% 62% 62% 62% 

The arrangement of wavelet functions into an increasing order of grasp recognition 

rates result in the following sequence 3.5. 

H aar < M extcanhat < Daubechtes8 < Symlet4 < Meyer < M orlet 

< Gaussian (3.5) 

Table 3.7 shows the entropy values of CWT coefficients of nIEMG signal. The 

average entropy of the nIEMG signals for the six grasp types are estimated as shown 

in Table 3.8. From Table 3.8, average entropy of the nIEMG signal is measured as 

1.09 x 103 . 
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3.4 Grasp Recognition Architecture-II 

Table 3.7: Entropy Measure of Wavelet coefficients 

Wavelet FunctIOn Average Entropy Values 

Gaussian 3.07 x 103 

Morlet 346 x 103 

Meyer 4.22 x 103 

Symlet 4 425 X 103 

Daubechies 8 4.33 x 103 

Mexicanhat 5.12 x 103 

Haar 860 x 103 

Table 3.8: Entropy Measure of nIEMG Signals for Grasp Types Under Study 

Grasp Types Average Entropy Values 

Hook 1.01 x 103 

Oblique 104 x 103 

Palm-up 104 x 103 

Pinch 126 x 103 

Power 104 x 103 

PrecisIOn 1 19 x 103 

The increasing order of entropy values of wavelet transform coefficients and nlEMG 

signals results into the sequence 3.6. 

H aar > AI ex~canhat > Daubechtes 8 > Symlet 4 > 111 eyer> 111 orlet 

> Gausswn > nI E1I1G (3.6) 

From sequence 35 and 3.6, it IS clear that (a) wavelet function coefficients having en­

tropy values close to that of the nlEMG signal produces higher recognition rate (b) 

wavelet functIOn coefficients havmg entropy values far from that of nlEMG results into 

lesser recognition rate. Based on this result, it has been hypothesized that wavelet 

function coefficients having entropy values close to the entropy values of nlEMG pos­

sesses maximum informations about the grasp types. Gaussian wavelet function was 

reported to be possessing maximum information about the grasp types producing an 

average recognition rate of 80% (119). 

In continuation to the grasp recognition results with CWT, eight DWT coefficients: 

Bior 1.3, Bior 2.3, Coif 3, Coif 4, Symlct 4 (Sym 4), Symlct 8 (Sym 8), Haar and 
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Daubichies 8 (dB8) at third, fourth and fifth level of decomposition have been consid­

ered for classification of grasp types under study through grasp recognition architecture­

II. The approximate coefficients contain the most important information of the signal 

(120) and have been used to constitute the feature set. Table 3.9 shows the results of 

the grasp recognition architecture-II with DWT coefficients as feature set. 

Table 3.9: Recognition rate of six grasp types through DWT at third, fourth and fifth 
level of decomposition 

Wavelet Grasp Types 

Function Power Palm-up Hook Oblique Precision Pinch 

Bior 1.3 third level 82% 82% 71% 90% 80% 95% 

fourth level 72% 80% 64% 84% 72% 72% 

fifth level 70% 82% 72% 85% 82% 92% 

Bior 2.2 third level 80% 83% 64% 87% 76% 90% 

fourth level 80% 82% 72% 85% 76% 82% 

fifth level 88% 82% 78% 86% 80% 92% 

Coif 3 third level 82% 82% 83% 88% 70% 81% 

fourth level 74% 82% 68% 84% 74% 74% 

fifth level 84% 82% 72% 78% 84% 88% 

Coif 4 third level 80% 82% 64% 88% 82% 90% 

fourth level 84% 82% 72% 84% 74% 84% 

fifth level 80% 82% 80% 78% 74% 88% 

Sym 4 third level 82% 83% 80% 88% 82% 84% 

fourth level 84% 82% 72% 84% 74% 84% 

fifth level 86% 84% 86% 78% 76% 88% 

Sym 8 third level 80% 83% 78% 88% 84% 94% 

fourth level 84% 80% 66% 84% 72% 84% 

fifth level 84% 82% 82% 78% 78% 90% 

Haar third level 82%' 82% 65% 87% 80% 88% 

fourth level 82% 82% 64% 84% 82% 82% 

fifth level 86% 83% 70% 80% 78% 94% 

dB8 third level 82% 82% 65% 88% 82% 95% 

fourth level 86% 82% 64% 84% 76% 90% 

fifth level 86% 83% 70% 86% 82% 90% 
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3.5 Grasp Recognition Architecture-III 

At the third le~el of decomposition, eVE)n though the recognition rate of oblique, 

palm-up, pinch and power grasps based on Haar wavelet is better than that of Symlet 

8; the average recognition rate over all six grasp types is poor compared to Symlet 

8. At the fourth level of decomposition, all of the wavelets have similar recognition 

rates for oblique and palm-up grasp types. For pinch and power, recognition based on 

Symlet 8 wavelet is better than the other wavelets. At the fifth l~vel of decomposition, 

except for pinch grasp, where classification with Symlet 8 wavelet have higher recog­

nition rate, other wavelets exhibit similar recognition rates for all other grasp types. 

Irrespective of the wavelet function, the average recognition rate is higher at third level 

of decomposition. 

An average recognition rate of 80% using CWT and 84% using DWT were achieved. 

Moreover, the CWT computation may consume significant amount of time and re­

sources depending on the resolution required. The DWT, which is based on sub band 

coding is found to yield a fast computation of WT. DWT is easy to implement and 

reduces the computation time and resources required. Based on the results, DWT is 

recommended as more efficlCnt and suitable for EMG bac;C'd grac;ps recognition (121). 

The classification results obtained from grasp recognition architecture-II is not high 

enough as compared to those reported in the literature (122). Moreover, When the 

energy of the sIgnal is finite, not all values of a decomposition are needed to exactly 

reconstruct the original signal. In such cases, DWT is sufficient and CWT is redundant 

(123). Energy of EMG signals are finite (124). Furthermore, the wavelet coefficients 

of Haar WT function was found to possess the frequency informations of the original 

signal (125, 126, 127, 128) as well results based on Haar WT was found better for more 

number of grasp types. Therefore DWT Haar wavelet coefficients were used in the 

grasp recognition architecture-III. 

3.5 Grasp Recognition Architecture-III 

Figure 3.6 shows the schematic diagram of the grasp recognition architecture-III. The 

fundamental blocks: EMG Unit, Normalization Unit, Feature Extraction Unit and the 

Classifier Unit are as detailed in section 3.3 and 3.4. 
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Figure 3.6: Grasp Recognition Architecture-III 

3.5.1 Feature Set 

Grasp recognition architecture-III explores sum of discrete wavelet decomposition coef­

ficients (SWC). SWC can be interpreted as the difference between two approximations 

at subsequent scales (125) and corresponds to the frequency components of the original 

signal (126, 127). During grasping, the number of motor unit~ firing varie~ according 

to the involvement of the forearm extensor and flexor muscles (129). Further, the firing 

rate of motor units associated with control and co-ordination of finger movements dur­

ing grasping operations, varies according to the grasps (128). Consequently EMG for 

each of the grasp types is the composite of different frequency components. Therefore, 

it has been hypothesized that SWC is a primal feature for classification of gTasp types 

based on EMG signals (98). 

3.5.2 Classifier 

For the das~ification of non-linear and high tran~itional' data, the formulation of linear 

SVM hyperplane as discussed in section 3.4.3 is extended to build non linear SVM 

kernel. Non linear kernel transforms the input data into feature space of higher dimen­

sions. In this high dimensional space, data can be linearly separable by applying linear 

SVM formulation (24). 
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3.5 Grasp Recognition Architecture-III 

In continuation to the mathematical formulation of SVM in section 2.3.2.2 in Chap­

ter 2, the optimal hyper plane is characterized by: 

• Maximum margin of separation between any training point and hyper plane Le. 

max(w,b)minllx - xiii: x E H, < w, x > +b = 0; 

i = 1,2, ... ,m 

• The normal vector that leads to the largest margin is calculated as 

(3.7) 

subjected to 

Yi« W,X > +b) 2: l;i = 1,2, ... ,m (3.8) 

where Yi is label corresponding to the ith training sample and 

Yi +1 if < W, Xi > +b > 1 or 

Yi -1 if < W,Xi > +b < 1 

The function T in e,quation 3.7 is called the objective function and equation 3.8 is 

inequality constraint. Together they form a constrained optimization problem. By 

introducing Lagrange multipliers ai 2: 0 and Lagrangian 

1 
L(w, b, a) = 211wl12 - L mai(Yi( < w, X> +b) - 1) 

i=l 

(3.9) 

The Lagrangian L has to be minimized with respect to the primal variables wand 

b and maximized with respect to the dual variable ai i.e. 

8 8 
8b L(w, b, a) = 0 and 8w L(w, b, a) = 0 

which leads to 
m m 

L aiY. = 0 and w = L aiYiXi (3.10) 
i=l i=l 

By substituting the above in equation 3.9, the primal variables 'llJ and b are eliminated 

and arrived at the dual optimization problem: 
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3.5 Grasp Recognition Architecture-III 

m 1 m 

maxaw(O') = LO't - 2 L O'tO'JYtYJ < Xt,XJ > 
t=1 t,J=1 

subjected to Il't 2: 0, i=1,2, ... ,m and 

m 

LO't.Yt = 0 
t=1 

Using equation 3.10, the hyper plane decision function can be written as 

m 

f(x) = sgn(LYtO't < x, Xt > +b) 
t=1 

By applying kernel trick (k), the normal vector becomes an expansion in feature space 

and no longer correspond to a single vector from input space. Thus the decision function 

is of the form 
m 

f(x) = sgn(LYtO'tk(x, x t ) + b) 
t=1 

and the followmg quadratic problem 

subjected to 

m 1 m 

maxaw(O') = L O't - 2 L ataJYtyJk(xt , XJ) 
t=1 t,J=1 

m 

at 2: 0 and L atYt = 0; 0 :::; at :::; C 

t=1 

where c is the regularization constant. 

In terms of selecting a kernel function to use with the SVM, there is no method 

that can determine what kernel function should be used for a particular application. 

Accordmg to (130), the RBF kernel should be the first chOlce. Another reason to use 

the RBF kernel IS that there are less difficulties with mathematical computations. A 

RBF kernel IS used as the kernel functIOn k in our method, 

k(x" x) = exp( -1'(11 Xt - X 11)2) 

where l' is the kernel parameter. The l' = 2-3 and c = 23 8 arc selected through a 

random iterative process for the experiment. 
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3.5.3 Results of Grasp Recognition Architecture-I II 

Recognition rates of classifYing the EMG signals into six grasp types using the grasps 

recognition architecture-I II are tabulated in Table 3.10. Given these rates, the average 

rate of recognition of a grasp types was 86% (100). 

Table 3.10: Recognition Rates of Architecture-lIT 

Identified Grasp Types Recognition Rate 

Hook 94% 

Oblique 94% 

palm-up 88% 

Pinch 88% 

Power 88% 

Precision 66% 

The confusion matrix ill Figure 3.7 shows the classificatioll ami misclassiticatioll of 

grasp types obtained through Architecture-III. 80 nwnber of input signals perta ining to 

100 

'" 80 :5 
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'0 
(j; 40 
.n 
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Figure 3 .7: Confus ion Ifl atrix for clas:;ification ba:;ed 011 Archi tecture-Ill 

each grasp type was passed to classifier. 88% of power grasp are classified correctly; 12% 

a rc misclasificd as obliquc. R8% of palm-Ilp arc classified corrcctly; 12% arc miscl<J.<;sificd 
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3.6 Summary 

as power. and oblique. 94% of oblique are classified correctly; 6% are misclassified as 

hook. 94% of hook are classified correctly; 6% are misclassified as oblique. 88% of 

pinch are classified correctly; 12% are misclassified as precision and 66% of precision are 

classified correctly; 34% are misclassified as precision. A much lesser misclassification 

rate than that of 14% is desirable for a reliable emulation of grasp types by a prosthetic 

hand. 

3.6 Summary 

A strategy for classification of grasp types based on two channel EMG signals is pre­

sented. Three grasp recognition architectures have been proposed. Architecture-I is 

a two stage classifier with an average recognition rate of 77%. From experiments in 

Architecture-II, it has been hypothesized that CWT function coefficients of the EMG 

signals having entropy values close to the entropy values of prerpocessed EMG signals 

possess maximum informations about the grasp types. In Architecture-III, SWC is 

established as a primal feature for classification of grasp types with an average recogni­

tion rate of 86%. Derivation of a wholesome feature set for increasing the recognition 

rate is the focus of work for Chapter 4. 
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4 

EMG based Grasps Recognition: 

Results with Statistical Analysis 

Following the initial work on EMG based grasp recognition for six grasp types reported 

in Chapter 3, this chapter focus on the derivation of a low dimensional yet informa­

tive and distinguishing feature set to significantly increase the performance of a low 

channel EMG based grasps recognition architecture. In quest of an efficient feature 

set for higher recognition rate, grasps classification experiments have been carried out 

with four groups of features: Time Domain (TD), Frequency Domain (FD), Time/ 

Frequency Domain (TFD) and Principal Component Analysis (PCA) of TFD features. 

The transition from one feature set to another is based on the linear relationship of each 

feature set with the grasp types based on R2-value of analysis of variance (ANOVA) 

. Classification is through grasp recognition architecture-IV using RBF kernel SVM; 

cross validated through lO-fold cross validation. Following the experiments on grasps 

recognition, the classification results are evaluated through statistical analysis finding 

the relative performance of the feature sets through Sheffe's post hoc test. 

4.1 Grasps Recognition Architecture-IV 

Figure 4.1 shows the schematic diagram of the proposed EMG based grasp recognition 

architecture-IV. The architecture comprises of four fundamental ~nits: EMG Unit, 

MVC normalization Unit, Feature Extraction Unit followed by the Classifier Unit. The 

EMG unit comprises of the amplifier, band pass and notch filter. The pre-processing 
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4.1 Grasps Recognition Architecture-IV 

and normalization of the raw EMG signals q,re in line with the experimental details 

reported in section 3.4.1 of Chapter 3. The TD, FD, TFD and PCA of TFD features 

extracted from the nIEMG in the Feature Extraction Unit are fed to the classifier in 

separate groups. The classifier is a RBF kernel SVM with a lO-fold cross validation 

unit. Identifying the RBF kernel paramters c and 1 through grid search and lO-fold 

cross validation of the classifier results are as stated in section 2.3.2.2 and 2.3.2.5 of 

Chapter 2. 

Raw EMG EMG 
Unit 

Grasp 
Types 

,- - - - - - - - - - - - - - - - - -, 

Normalization 
Unit 

I 

I -------

Feature 
Extraction 

Unit 

Classifier 

K-fold Cross 
Validation 

RBF kernel 
SVM 

Figure 4.1: Proposed EMG based Grasp Recognition Architecture 

4.1.1 Classification with Time Domron Feature 

4.1.1.1 Feature Set 

In continuation to the discussion on TD features in Chapter 2, following TD features 

have been used for recognition of grasp types through the grasp recognition architecture­

IV . 

• Mean Absolute Value (MAV) 

This is thc mean absolute value of a signal and is measured as (34): 

N 

MAV = IfNI: IXkl 
k=l 
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4.1 Grasps Recognition Architecture-IV 

where 

N = Total number of samples in the signal 

Xk = kth sample value of the signal. 

• Root Mean Square (RMS) Value 

RMS is modeled as amplitude modulated Gaussian random process and is related 

to the constant force and non-fatiguing contraction (106) and can be expressed as 

RMS~ l/N~~Xl 
• Variance (VAR) 

This feature is the measure of the of EMG signal's power (34) and is measured 

as 

N 

V AR = 1/(N - 1) L x% 
k=l 

• Characteristic point counts 

TP and ZC were viewed as the characteristic points describing a waveform. The 

turn count registered a local extreme value as a turning point and the zero-crossing 

count was determined as the number of times the signal completely traversed both 

sides of the baseline (106). 

The TP count increased by one if 

Xk - Xk+l < 0 and Xk - Xk+l < 0 

or Xk - Xk-l > 0 and Xk - Xk+l > 0 

and the ZC count increased by one if 

Xk > 0 and Xk+l < 0 

or Xk < 0 and Xk+l > 0 
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4.1.1.2 Classifier 

During experiment with TD features, the Feature Extraction and Classification Unit 

shown in Figure 4.1 is as shown in Figure 4.2. The TD features ZC, MAV, RMS value, 

VAR, TP are extracted from the nIEMG signals following the mathematical definitions 

as detailed in section 4.1.1.1. 

nJEMG 

Grasp 
Types 

Time Domain Feature Extraction Unit 
250 msec 

MAV RMS VAR 

Y 

Feature Vector 

10 fold Cross Validation 

SVM parameter 
C= 2-4, y= 232 

Figure 4.2: Classification with TD Features 

Classifier Parameter Setting In the classifier, various values of c and 'Y are tried 

and one of the best set obtained through grid search is picked up for grasp classification. 

The grid search is used with 10 search intervals for '"'t and 11 search intervals for c and 

hence the classifier evaluates a total of 10 x 11 = 110 grid points. A range of value 

of lOg2c = {-5, -4, -3, ... , 5} and log2'Y = {2, 2.2, 2.4, ... , 3.8} are considered for grid 

search. Figure 4.3 shows the grid search result for TD features. A value of c =2-4 and 

'Y = 23.2 is chosen for classification. The lowest value of'"'t and corresponding c value is 

chosen from the set in order to avoid overfitting of the classifier (131). 
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Figure 4 .3: Results of Grirl search for finrling the values of C and r with TD features 

4.1.1.3 Results with Time Domain Features 

Cross Validation Table 4. 1 shows the recognition rates obtained during each te~t 

for lO-fold cross validation for the six grasp types under study. The average of the 

lO-fold test results produce average recognition rate of gTasp types. 

Table 4.1: Recognition rates in % with the testing folds along the columns and grasp 

types a long the rows obtained through 10-fold cross validation. ClassificatioIt is based on 

TO features 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

Hook 62.5 75 75 87.5 62.5 75 75 87.5 75 75 

Oblique 75 75 62.5 75 87.5 87.5 75 75 62.5 75 

Palm-up 75 75 87.5 75 62.5 75 87.5 87.5 87.5 62.5 

Power 87.5 87.5 87.5 75 87.5 87.5 87.5 75 87.5 87.5 

Pinch 62.5 62 .5 87.5 62.5 62.5 75 62.5 75 75 62.5 

Precision 62 .5 62.5 87.5 62.5 62.5 62 .5 87.5 87.5 87.5 62 .5 

Following the formulation for recognition rate as stated in section 3.3.3 , the average 

recognition rate for each grasp types with TD features is shown in Figure 4.4. 

The confusion matrix in Figure 4.5 shows the classification and misdassifi.cation of 
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Figure 4.4: Recognition Rate with TD Features 

grasp types based on TD features. 80 number of input signals (pertaining to each grasp 
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_ Hook _ Obique 
_ Pfam.UP 
c::J Pawer _ PR:h 
_Precision 

Figure 4.5: Confu sion Ma trix for classification based on 'I'D features 

type) was passed to classifier; Figure shows classification as weI! as misclassification for 

each of these signals. Numeric value (on bars) represent the number of signals classified 

for the particular type corresponding to color legend shown. For example corresponding 

to input 1: 80 signals of hook type a re pflSSeQ j 60 are classified as hook (aka input 1) , 
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12 are misclassified as oblique (aka output 2) and 8 are misclassified as power (aka 

output 4). 

Following (132), the misclassification rate (R) is calculated as: 

N umber of off-diagonal data in confusion matrix 
R= ------~~~~~~~----~-------­

Total number of Testing data 

From Figure 4.5, it is found that the TD features gives an average misclassification 

rate of 24%; 25% hook is misc.lassified as oblique and power, 25% oblique is misclassified 

as hook and power, 22.5% palm-up is misclassified as hook, oblique and palm-up, 15% 

power is misclassified as hook, oblique and palm-up, 31.25% pinch is misclassified as 

hook, oblique and precision, 27.5% precision is misclassified as hook, oblique and pinch. 

The average recognition rate for six grasp types with TD features is 76%. 

4.1.1.4 Linear Relationship 

The purpose of ANOVA is to test for significant differences between means of several 

groups of data and provide statistical significance. Basically ANOVA is performed using 

two techniques: One-way ANOVA and two-way ANOVA. In a one-way ANOVA, one 

test simultaneously whether there exist differences between two or more group's means. 

This differs from a two-way ANOVA approach in that in a one-way AN OVA test, one 

evaluate whether all groups' means are equal or not, but do not care which ones differ 

and which ones are equal. In this test, assumption is that one have independent samples 

from eacH groups. Two-way AN OVA is an extension of one-way ANOVA and differ in 

that the gTOUpS in a two-way ANOVA have two categories of defining characteristics 

instead of one. ANOVA can express the statistical significance of the groups in terms 

of p-val~e and R2-value. 

P value: The p-value tests the null hypothesis that data from all groups are with 

identical means. Therefore, the p-value answers: 

• If all the groups have the same mean, what is the chance that random sampling 

would result in means as far apart? 

• If the overall p-value is large, the data do not give you any reason to conclude that 

the means differ. Even if the group means were equal, it would not be surprised 

to find sample means this far apart just by chance. 
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• If the overall p-value is small, then it is unlikely that the differences you observed 

are due to random sampling. One can reject the idea that all the groups have 

identIcal means This doesn't mean that every mean differs from every other 

mean, only that at least one dlffers from the rest. 

R2 - Value: R2_ Value is the fraction of the overall variance of all the data in all the 

groups attnbutabk to diffcrmccs anl0ng the group means. It compares the variability 

among group means with the variability within the groups. A large value means that 

a large fraction of the variation is due to the treatment that defines the groups. The 

R2-value is calculated from the results of ANOVA and equals the between group sum-of­

squares divided by the total sum-of-squares. It is a descriptive statistic that quantifies 

the strength of the relationship between group membership and the variable measured. 

A higher linear relationship of a feature set with the grasp types depicted by higher 

R 2-value, which Iefiects tha.t the feature set possess more iuformation about the grasp 

types. 

Force involved during grasping varies with grasp types (133). The average EMG 

provides direct measurement of force involved during grasping (134). Average EMG 

is a function of features. From theses facts, it has been hypothesized that the linear 

relationship of the force with the average EMG depicts the relationship of the features 

with the grasps. Based on the above facts, the next step is followed to search the linear 

relationship of the feature set with the grasp types. The R2-value for the TD features 

with the grasp types was derived through one-way ANOVA. The results of ANOVA 

analysis is tabulated in Table 4.2. 

Table 4.2: ANOVA with TD Features 

Source 88 df MS F Prob. 

Columns 1. 172721e+011 1 1. 17234e+011 5.43 0.0481 

Errors 1.72721e+011 8 2.15901e+01O 

Total 2.89955e+011 8 

where 

ss = sum of squares 

df = degrees of freedom 
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MS = mean square 

F = F-ratio 

4.1 Grasps Recognition Architecture-IV 

Prob. = Probability or significance of F 

The R2-value is calculated as follows: 

R2 - value 1 - SS(Error)jSS(Total) 

1 - 0.59 

0.41 

Having noted a poor linear relationship of the TD features with the grasp types as 

well as a low recognition rates as comparable to those reported in the literature (122); 

the next experiment is on the recognition of grasp types based on FD features. 

4.1.2 Classification with Frequency Domain Feature 

4.1.2.1 Feature Set 

In continuation to the discussion on FD features in Chapter 2, following FD features 

have been used for recognition of grasp types through grasp recognition architecture-IV. 

• FFT Phase Angle: Fast Fourier Transform has been used to detect muscle fatigue, 

force production and fibre signal conduction velocity (54). Important information 

about a transform sequence includes its magnitude and phase. The FFT phase 

angle ¢(F(f(x))) of a signal f(x) is calculated as follows: 

FFT(f(x)) = F(x) 

= 1: J(x)e-i21rUXdx 

= 1: J(x)(cos(27rux) - isin(27rux))dx 

where i=H and u (=1,2,3, .... u) is called the frequency variable. 

The FFT phase angle is defined as 

¢(F(x)) = tan-1(b/a) 
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where a=cos(27rux) and b=sin(27rux) 

• Power Spectral Density (PSD) : The PSD of the EMG provides information on 

muscle properties such as fatigue and force production (135). The PSD defines 

how the power of a signal is distributed with frequency and is defined as 

PSD = )F(x»)2 

• Frequency Median (FMD): FMD is the frequency at which the spectrum is divided 

into two regions with equal power (106). It can be expressed as: 

M 

FMD = 1/2LPJ 

J=l 

where PJ is the EMG power spectrum at frequency bin j. 

• Frequency Mean (FMN) 

FMN is the aV9rage frequency. FMN is calculated as the sum of the product of 

the power spectrum and the frequency divided by the total sum of spectrogram 

intensity (106). FMN is calculated as 

M M 

FMN = LfJPJ/LPJ 
J=l J=l 

where fJ is the frequency of spectrum at frequency bin j. 

• Frequency Ratio (FR): FR indicates the extent of contraction and relaxation of 

muscle. A high FR means that the degree of contraction of the muscle is high, a 

low FR means the opposite (25). By applying the FFT to the EMG in TD, the 

FR is calculated as: 

FR = W(:1:)llow!requency/IF(r,)lhtghfrequency 

4.1.2.2 Classifier 

During experiment with FD features, the Feature Extraction and Classification Unit 

are as shown in Figure 4.6. The FD features: FFT phase angle, PSD, FMD, FMN and 

FR are extracted from the nIEMG signals following the mathematical definitions as 

detailed in section 4.1.2.1. 
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Table 4.3: Recognition rates in % wit h the testing folds a long t he columns and grasp 

types along the rows obta ined t hrough lO-fold cross valida t ion based on FD Features. 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

Hook 62.5 75 75 75 75 75 100 100 100 75 

Oblique 87.5 87.5 75 75 75 75 87.5 87.5 75 75 

Palm-up 75 75 100 100 87.5 87.5 87.5 87.5 87.5 87.5 

Power 75 87.5 87.5 75 87.5 87.5 87.5 87.5 87.5 87.5 

Pinch 75 75 75 75 75 62 .5 87.5 87.5 62.5 75 

Precision 62.5 62.5 87.5 87.5 62 .5 62.5 87.5 87.5 62.5 62 .5 
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Figure 4. 8: Recognition Rate with FD Features 

The confusion matrix in F ig,ure 4.9 shows the classification and misclassification of 

the gTasp types based on FD feat ures. Following t he formulation for recognition rate as 

detailed in section 4.1.1.3 and results from Figure 4.8 and Figure 4.9 , it is found that the 

FD features gives an average misclassification rate of 19%; 18.75% hook is misclassified 

<lli oblique 1:U1d power , 20% oblique is rnisclassificd <lli hook and power , 12.5% palm-up is 

misclassified as hook and oblique, 15% power is misclassified as hook and oblique, 25% 

pinch is rnisclassified as precision and hook, 27.5% precision is misclassified as hook 

and pinch . The average recogni tion rate for six grasp types with FD features is 81 %. 
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Figure 4.9: Confusiol1 Matri x for cl8Ssifi cation b /.L';eu 0 11 FD Features 

Table 4 .4: ANOVA wit h FD Features 

Source S5 df MS F Prob . 

Columns 1.01156e+008 1 1.01156e+ 008 12.34 0.0079 

Errors 6.56027e+OO7 8 8.20033e+OO6 

Total l.6675ge+ 008 9 

4.1.2.4 Linear Relationship 

Finding t he recognition rates of the gr a.'3p types based on FD features; the linear re­

lationship of the FD features has been evaluated following the formulation in sec­

t ion 4.l. 1.4. The R 2-value derived through one-way ANOVA. The resu lts of ANOVA 

analysis is tabulated in Table 4.4. 

The R2-value is calculated as follows: 

R2 - value 1 - SS(Error )fSS(Total) 

1 - 039 

0.61 

It has been found that the average recognition rate with FD features is higher as com-
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4.1 Grasps Recognition Architecture-IV 

pared to TD features. The R2 - value for FD features also reflect that FD features are 

having more information about the grasp types than TD features. In search of a feature 

set with a higher grasp recognition rate as well as with a higher linear relationship with 

the grasp types; rest experiments have been conducted with TFD features. 

4.1.3 Classification with Time/ Frequency Domain Feature 

4.1.3.1 Feature Set 

WT provides a time/ frequency representation of a signal. The WT is a signal de­

composition method on a set of basis functions, obtained by dilations, contractions 

and shifts of a unique function, the wavelet prototype. They are much better suited 

for representing short bursts of high-frequency signals or long-duration, slow varying 

signals. EMG signals do have such behavior and hence wavelet transform should be an 

ideal tool for their analysis (45). 

WT ('an be dassifi,d as CWT and DWT. Th, wavdets forming a CWT are sub­

jected to the uncertainty principle of Fourier analysis (44). Further in CWT, calculating 

wavelet coefficients at every possible scale is a fair amount of work and it generates an 

awful lot of data (136). In contrast, DWT may be considered in the context of uncer­

taintity principle (44) as well as for dealing with smaller size coefficients. In the case of 

DWT, a time-scale representation of the signal is obtained using digital filtering tech­

niques and the scale is determined by up sampling and down sampling operations (45). 

The signal to be analyzed is passed through filters with different cut-off frequencies 

at different levels. At each demmposition level, the half band filters produce signals 

spanning only half the frequency band. This doubles the frequency resolution as the 

uncertainty in frequency is reduced by half. With this approach, the time resolution 

becomes arbitrarily good at high frequencies, while the frequency resolution becomes 

arbitrarily good at low frequencies (44). DWT decomposes a signal into an approx­

imation signal and detail signal. The detail coefficients Dj and the approximation 

coefficients Aj at level j can be obtained by filtering the signal with an L-sample high 

pass filter g, and an L-sample low pass filter h. Both approximation and detail signals 
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are down sampled by a factor of two (137). This can be expressed as follows: 

£-1 

Aj[n] = H(Aj _1[n]) = ~ h[k]Aj-d2n - k] 
k=O 
£-1 

Dj[n] = G(Dj_1[n]) = ~ g[k]AJ-d2n - k] 
k=O 

where H and G represent the convolution/ down sampling operators. Sequences g[n] 

and h[n] are associated with wavelet function 't/J(t) and the scaling function ¢(t) through 

inner products: 

g[n] = (1/J(t) , h.1/J(2t - n)) 

h[n] = (¢(t), h.¢(2t - n)) 

In theory, there exist an infinite set of wavelet functions. Following Phinyomark 

(138), we consider five basic wavelet functions: Symlet 4, Coifiet 2, Daubechies (db2), 

Biorthogonal (bior 1.3) and Harr. The dominant energy of EMG signals is concentrated 

in the range of 10-150 Hz (138). In order to extract the most important features, we 

used third level of DWT decomposition approximate coefficients for feature extraction 

(139). The approximate coefficients contain the most important information of the sig­

nal (120) and is therefore used for deriving the feature set. The approximate coefficients 

obtained through Symlet 4, Coiflet 2, db2, bior 1.3 and Haar DWT for the six grasp 

types are shown in Figure 7.0 through 7.0 in Appendix-II. The energy, zero crossings, 

turning points, mean absolute value, RMS value, variance, sum of DWT approximate 

coefficients constitute the feature set. The DWT based EMG features were derived as 

follows: 

• Energy of Approximate Wavelet Decomposition Coefficients (EWC) 

where 

AJ [n] is the wavelet decomposition approximate coefficients at level j. 
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• Sum of Wavelet Decomposition Coefficients (SWC1) 

N 

SWC= LAJ[n] 
n=l 

• Mean Absolute Value of Wavelet Decomposition Coefficients (MWC) 

N 

MWC = liN L IAJ[nJi 
n=l 

where 

N is the total number of wavelet coefficients. 

• Variance of Wavelet DecompositIOn Coefficients (VWC) 

N 

VWC = liN - 1 L AJ[nf 
n=l 

• Zero Crossings of Wavelet Decomposition Coefficients (ZWC) 

N 

ZWC = L F(A)n].AJ[n - 1]) 
n=l 

where 

= 0 elsewhere 

• Turning points of Wavelet Decomposition Coefficients (TWC) 

where 

TWC = LF(((a -1) - a) < 0) 

a = 1ifAJ[n] > AJ[n - 1] 

a = -lifAJ[n] < AJ[n - 1] 

F = 1if((a - 1) - a) < O. 

ISWC corresponds to the frequency components of the onginal !lIgnal (100) 
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4.1 Grasps Recognition Architecture-IV 

• RMS Value of Wavelet Decomposition Coefficients (RMSWC) 

N 

RMSWC = l/N LAJ [nJ2 
n==l 

With the wavelet mother function as rows and above features as columns, the feature 

matrix is constructed. The feature set of seven features obtained for two channel EMG 

signals; over 5 discrete wavelet functions constitute the feature matrix of size (5 x 14). 

4.1.3.2 Classifier 

During experiment with TFD features, the Feature Extraction and Classification Unit 

of the proposed architecture shown in Figure 5.4 is as shown in Figure 4.10. The 

nIEMG signal IS transformed into TFD through Symlet 4, Coifiet 2, db2, bior 1.3 and 

Harr wavelet functions. The approximate coefficients at third level of decomposition 

of each wavelet function is used for feature extraction. The energy, zero crossings, 

turning points, mean absolute value, RMS value, variance, sum of DWT approximate 

coefficients has been derived following the mathematical definitions described in sec­

tion 4.1.3.1. 

Classifier Parameter Setting A range of value of lOg2c = {-5, -4, -3, ... , 5} and 

l0.921 = {2, 2.2, 2.4, ... , 3.8} is considered for grid search. Figure 4.11 shows the grid 

search result for TFD features. A value of c= 2-2and 'Y=22 6 is choosen for classification. 

4.1.3.3 Results with Time/ Frequency Domain Features 

Cross Validation The results obtained with lO-fold cross validation based on TFD 

features are shown in Table 4.5. The average of the lO-fold cross validation results gives 

the average recognition rate for each grasp types. 

Figure 4.12 shows the recognition rate for each grasp types with TFD features. 

The classificatIOn and misclassification of the grasp types based on the TFD features 

are shown in the confusion matrix in Figure 4.13. From Figure 4.13, it is found that 

the TFD features gives an average misclasslfication rate of 11.03%; 8.75% hook is 

misclasslfied as oblique and power, 10% oblique is misclassified as hook and power, 

12.5% palm-up is misclassified as hook, oblique and power, lO%power is misclassified 
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Figure 4,10: Classification with TFD Features 

Table 4.5: Recognition rates in % with the testing folds along the columns and grasp 

types along the rows obtained through lO-fold cross validation based on TFD Features. 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

Hook 75 87.5 87.5 87.5 100 87.5 100 100 100 87.5 

Oblique 87.5 87.5 100 87.5 75 87.5 100 75 100 100 

Palm-up 87.5 87.5 87.5 100 100 87.5 75 87.5 87.5 75 

Power 87.5 87.5 100 87.5 87.5 100 75 100 75 100 

Pinch 87.5 100 100 87.5 87.5 87.5 100 75 75 100 

Precision 87.5 87.5 87.5 87.5 100 75 100 75 100 100 

as hook and oblique, 10% pinch IS misclassificd as hook and precision, 10% precision 

is misclassified as hook and pinch. Provided these classification accuracy, the average 
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Figure 4.12: Recognition Rate with TFD Features 

recognition rate for six grasp types with TFD features is 88.97%. 

4.1.3.4 Linear Relationship 

F inding the recognition rates of the grasp types based on TFD features; t he linear 

rela tionship of t he TFD features has been evaluated following t he fonnula tion in sec­

tion 4.1.1.4. The R 2-value derived through one-way ANOVA. The results of ANOVA 

analysis is tabulated in Table 4.6 . T he R 2-value is calculated as follows: 
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Figure 4.13: Confusion Matrix for classifi cation based on TFD features 

Table 4.6: ANOVA with TFD Features 

Source ss 

Columns 1.94525 

Errors 0.84226 

Total 2.78751 

R2 - value 

df MS F P rob. 

1 1.94525 18.48 0.0026 

8 0.10528 

9 

1 - SS(Error) /SS(Total) 

1 - 0.30 

0.70 

It has been found that the recognition rate with TFD feat ures is higher than that of 

TD and FD feat ures. Also the linear relationship as reflected by R2-value is higher for 

TFD features than TD and FD features. 
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4.1.4 Classification with PCA of Time/ Frequency Domain Feature 

4.1.4.1 Feature Set 

The reduction in dimensionality of the feature set as well as deriving a feature vector 

with uncorrelated feature components is often necessary for increasing classification 

performance. This process preserve as much of the relevant information as possible 

while reducing the number of dimensions. Feature projection methods such as peA 

identifies the best subset of features combining the original features into a smaller 

feature set (123). 

In order to obtain the most informative and distinguishing low dimensional feature 

vector, peA is applied on the feature matrix of DWT based EMG features derived in 

section 4.1.3.1. By dimensionality reduction, classes can be computed more efficiently 

and easily by the classification algorithm (42). The steps for peA implementation is 

presented in equations from 4.1 to 4.4. 

1. Substract the mean from the data to accomplish zero mean data 

x[n] = x[n] - E[x] ( 4.1) 

where x[n] and E[x] are the data and mean respectively. 

2. Obtain the covariance matrix of the data 

Cx = ~ (E[x]E[i]) (4.2) 

3. Determine the eigenvectors and corresponding eigen values of the covariance ma­

trix. 

[V', v] = eig(Cx ) (4.3) 

where U represents the eigen vectors and u is the eigen values. 

4. After sorting the eigenvalues in descending order, first three corresponding eigcn 

values are chosen for further experiment. The projected data which contains the 

feature vector is given by equation 4.4. 

y = x[n].V'(l : k) ( 4.4) 

where n > k and k is the desired reduced dimension. This algorithm tunes the 

signal for classification and generally improves classification accuracy (140). 
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T he covariance matrix is of size (5x5) whose eigen vectors are principal components 

(pes) and respective eigen values are pe weights (i .e. the amount of explained vari­

ance). The p es are then ordered in descending order according to their weights and first 

three pes are chosen for further experiment . Now multiplying the p es matrix by orig­

inal feature matrix, a new (3 x 14) dataset is obtained whose values are uncorrelated . 

This new dataset is the derived fea ture vector. The classifier used for classification 

with peA of TFD featmes is the one detailed in section 4.1.3.2 followed by the steps 

discussed in section 4.1.4.1. 

4.1.4.2 Classifier Parameter Setting 

A range of value of l0.rJ2 (; = {-5 , -4, -3 , ... , 5} and l092"( = {2, 2.2, 2.4, ... , 3.8} is 

considered for grid search. F igure 4.14 shows the grid search for result for peA of 

TFD featmes. A value of c= 2- 1and ,=222 is chosen for classification . 
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Figure 4.14: Results of Grid search for fi nding the values of C and, with PCA of TF 
domain features 

4.1.4.3 Results with PCA of Time/ Frequency Domain Features 

Cross Validation The results obtained during lO-fold cross validation based on the 

peA of TFD features are shown in Table 4.7. 
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Table 4.7: Recognition rates in % with t he testing folds a long t he columns and grasp 

types a long t he rows obtained through lO-fold cross validation based on PCA of TFD 

features. 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

Hook 100 100 100 100 100 100 100 100 87.5 100 

Oblique 100 87.5 100 100 100 87.5 100 100 100 100 

Palm-up 100 100 100 100 87.5 100 100 100 100 87.5 

Power 87.5 100 100 100 100 100 100 100 100 100 

Pinch 100 100 87.5 100 100 100 100 75 100 100 

Precision 100 100 100 100 75 100 100 100 100 87.5 

Figure 4.15 shows the recognition rate for each grasp types with peA of TFD 

features. The classification and misclassification of the grasp types based on the p e A 
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Figure 4.15: Recognitioll ll.:<tte with PCA of TFD features 

of TFD features are shown in the confusion matrix in F igure 4.16. From Figure 4.16, 

it is found that the peA of TFD features gives an average misdassification rat e of 

2.5%; 1.25% hook is misdassified as oblique, 2.5% oblique is misdassified as hook, 

2.5% palm-up is misclassified as oblique, 3.5% power is misclassified as hook, 1.2.5% 

pinch is misclassified as precision, 3.75% precision is misclassified as pinch. T he average 

recognition rate for six gTasp types with peA of TFD features is 97.5% (141). 
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Table 4 .8 : ANOYA with peA of TFD Features 

SouTee ss df MS F Prob. 

Columns 1.24737 e+008 1 1.24737e+008 25.63 0.001 

Errors 3.89392e+007 8 o 4.86741e+ 006 

Total 1.63676e+ 008 9 

4.1.4.4 Linear Relationship 

Finding the recogni t ion rates of the grasp types based on PCA of TFD features; the 

linear relationship of the PCA of TFD features has been evaluated following the for­

mulation in section 4. 1.1.4. 

The R 2-value is derived through one-way ANOVA. T he re:mlts of ANOVA analysis is 

tabulated in Table 4.8. 

The R2-value is calculated as follows: 

1 - SS(Error)/SS(Total) 

1 - 0.23 

0.77 
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4.2 Statistical Analysis 

It is seen that the peA of TFD features have highest linear relationship with the 

grasp types as well as the grasp recognition rate obtained using peA of TFD features 

is comparable to that reported in the literature (122). Following these, the next step 

of the experiment has been done for evaluating the relative performance of the feature 

sets. 

4.2 Statistical Analysis 

The purpose of statistical analysis in pattern recognition IS to assess the classification 

results (142). Although the uncertainty associated with engineering experiments is 

generally tar less and can often be quantified through carefully controlled experiments; 

the interest for statistical evaluation for the experiments on EMG clasSIfication have 

changed over the past decade due to its complex patterns and random behaviour. More­

over, the pattern recognition algorithms are probabilistic in nature (143). Furthermore, 

many of the experimental results are subjected to database samplings and sizes. To 

know the truth of the experimental results, one needs to evaluate it through statistical 

means. Statistical analysis is used to evaluate thc relative sigmficance of the feature 

sets consldeled fOl classificatIOn of grasp types vls-a-vis the results of grasp recognition 

architecture-IV Please note that statistical analysis as discussed here has no role in 

distilling the decided feature vector and is not required to be performed in real-time 

environment. Statistical analysis has been accomplished in two main steps: 

• First the feature groups under study were subjected to one-way ANOVA with 

feature set as a factor and rejects the null hypothesis of equal means. In order to 

find the dIfferences between two groups of feature sets, ANOVA was performed 

between TD and FD, TD and TFD, TD and peA of TFD, FD and TFD, FD 

and peA of TFD, TFD and peA of TFD . 

• The relative performance of the features sets have been evaluated through Scheffe's 

post hoc test using the results of ANOVA. 

4.2.1 ANOVA analysis 

Following the dIScussion on ANOVA analysis in section 4.1.1.4, one way ANOVA was 

performed to find the sigmficance of variance of the four feature sets under study using 
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the Statistical Toolbox in Matlab 2009. The results of AN OVA analysis for each two 

feature sets under study are tabulated in Table 4.9 through Table 4.14 wherein MS 

= Mean square error, df = Degrees of freedom, p-value = probability value. The 

number of groups represents the number of feature sets under study and the size of 

groups represents the number of features in the feature sets. These results provides the 

significance of variance for the features sets under study. It is common to declare that 

a ANOVA result is significant if the p-value is less than 0.05 (144). From the Table 4.9, 

it is seen that the variance of TD and FD features are not of significance. 

Table 4.9: ANOVA Results for TD (G1 ) and FD (G2) features 

Parameters Values 

MS 0.003 

df 9 

Number of Groups (GN) 2 

Size of Group 1 (G1) 5 

Size of Group 2 (Gz) 5 

p-value 0.11 

From the Table 4.10 through Table 4.14, it is clear that the variance of TD features 

with TFD as well as with PCA of TFD features; FD features with TFD as well as with 

PCA of TFD features are of significant. These values are evaluated to find the relative 

significance of the features sets under study through Scheffe's post hoc test. 

Table 4.10: ANOVA Results for TD (G 1 ) and TFD (G2)features 

Parameters Values 

MS 0.0003 

df 9 

Number of Groups (G N ) 2 

Size of Group 1 (Gr) 5 

Size of Group 2 (G2) 35 

p-value 0.02 
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Table 4.11: ANOVA Results for TD (G1) and PCA of TFD (G 2 ) features 

Parameters Values 

MS 0.0001 

df 9 

Number of Groups (GN) 2 

Size of Group 1 (G1) 5 

Size of Group 2 (G2) 25 

p-value 0.005 

Table 4.12: ANOVA Results for FD (G1) and TFD (G2 ) features 

Parameters Values 

MS 0.0001 

df 9 

Number of Groups (GN) 2 

Size of Group 1 (Gd 5 

Size of Group 2 (G2) 25 

p-value 0.0153 

Table 4.13: ANOVA Results for FD (G1 ) and PCA of TFD (G2) features 

Parameters Values 

MS 0.00008 

df 9 

Number of Groups (G N) 2 

Size of Group 1 (G1) 5 

Size of Group 2 (G2) 25 

p-value 0.014 

4.2.2 Sheefe's Post hoc Test 

The relative significance of the feature groups were evaluated through Shecfe's post 

hoc test. Whenever an ANOVA is used to examine the differences among more than 

two groups, a post hoc procedure is used to compare differences between all pairs of 
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Table 4.14: ANOVA Results for TFD (G1 ) and PCA of TFD (G2) features 

Parameters Values 

MS 0.00008 

df 9 

Number of Groups (GN) 2 

Size of Group 1 (G1 ) 35 

Size of Group 2 (G2 ) 25 

p-value 0.0075 

means. Post hoc comparisons are more appropriate for multiple tests. Sheft'e's post 

hoc test is a statistical test that is used to make comparisons among group means in 

ANOVA experiment. Sheft'e's post hoc test are used when [i] sample sizes are unequal 

and [ii) most conservative test is desired. Following the ANOVA analysis results in 

section 4.2.1, Sheft'e's post hoc test are performed using the on-line tool available at 

www.statestodo.com (145). Table 4.15 shows the significance levels among the pairs of 

features. The bold entries represent a mean difference among the feature sets that are 

Table 4.15: Results of Sheffes post hoc test upon the recognition obtained using four sets 

of features 

Feature Set I Feature Set II Significance, P 

Time Domain :Frequency Domain 0.110 

Time/ :Frequency Domain 0.020 
I 

peA of Time/ :Frequency Domain 0.005 

:Frequency Domain Time Domain 0.110 

Time/ :Frequency Domain 0.025 

peA of Time/ :Frequency Domain 0.014 

Time/ :Frequency Domain Time Domain 0.020 

:Frequency Domain 0.025 

peA of Time/ :Frequency Domain 0.027 

peA of Time/ :Frequency Time Domain 0.005 

Domain Frequency Domain 0.014 

Time/ :Frequency Domain 0.027 
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4.3 Summary 

significant. From the experiment between TD features with other three feature sets, 

it has been found that the difference of TD features with respect to TFD and peA of 

TFD features are significant but not the case with FD features. From the experiment 

between FD features and other feature sets, it has been found that the difference of 

the FD features with respect to the TFD and peA of TFD features are significant but 

not the case with TD features. This satisfies the significant level between TD and FD 

features as found in the experiment with TD features. From the experiment between 

TFD features with other features, it has been found that the differencc of thc TFD 

features with respect to the TD, FD as well as peA of TFD features are significant. 

From experiment between peA of TFD with other feature sets, it has been found that 

the difference of the peA of TFD features is significant with respect to the TD, FD 

and TFD features. This is in line to the results of the experiments with the other three 

feature sets. l\Ioreover, the significant levels resulted in Sheffe's post hoc test are in 

line with the recognition rates obtained using TD, FD, TFD and peA of TFD features 

through the grasp recognition architecture-IV. e.g. Recognition rates with TD and FD 

features arC' not of much difference as compared to that with the TFD and peA of 

TFD features. Likewise, the case is true for FD, TFD and peA of TFD features. 

4.3 Summary 

Four sets of Ei\1G features: TD, FD and TFD were evaluated for classification of six 

grasp types used during 70% of DLA. Features obtained through peA of DWT based 

EMG features produced highest recognition rate of 97.5%. As tabulated in Table 4.16, 

grasp classification based on peA of TFD feature vector is better as compared to those 

reported in literature in terms of [i]. recognition rate iii]. number of EMG channels used 

and [iii]. number of grasp types recognized. Figure 4.17 shows grasp recognition error 

averaged across the subjects for the four feature sets. The recognition rate increases 

as the feature set progresses from TD to peA of TFD. Futher, peA of TFD have 

lowest recognition error across all grasp types. The results of this chapter highlight the 

following: 

• peA of TFD have the highest linear relationship with grasp types . 

• peA of TFD is the most superior feature set among the feature sets examined. 
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Table 4.16: Comparison of Grasp Types Recognition Rates 

Author 

Ferguson and Dunlop(43) 

Martelloni et al. (79) 

Castellini et el. (22) 

Castellini et al. (80) 

PCA based Classification (141) 

:~ 
~ o 
(J 

35 

30 

~ 10 

5 

Number of 

Grasp Types 

Four 

Three 

Three 

Two 

Six 

. ~ 

• 

Number of EMG 

Channels 

Four 

Eight 

Ten 

Seven 

Two 

-.- hook 
-8- oblique 

-. -palm- up 
. • power 
• pinch 

, . ~ , precision 

- . -Average 

oL-____ -L ______ L-____ -L ______ L-____ -L ____ ~ 

4.3 Summary 

Recognition 

Rates 

75-80% 

84-93% 

90% 

97% 

97.5% 

TD FD TFD PCA ofTFD 
Feature Sel 

Figure 4.17: Grasp Recognjtion Error Average across a ll Subjects; Also shown is the 

grasp recognition error for each grasp type 

• T here is a distinct t rend towards improvement of recognition rates in TD features ---> 

frequency domain features ---> TFD features ---> P CA of TFD features . 

The superior result using PCA of TFD features can be substantiated by the fact 

that statistical independence of the features is achieved through dimensionality reduc­

tion using PCA. In the original feature set, information is liberally dispersed amongst 

the original feature set , P CA consolidate this information much more effectively by 

discarding less usefu l information. TD and F D features possess only temporal and 

spectral features respectively; whereas TFD features represents t he original signal over 

both time and frequency. 
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5 

A Biomimetic Hand: Prototype 

1.0 

This chapter details the development of a five fingered extreme upper limb prosthetic 

hand prototype: Prototype 1.0. The focus is on emulating the six grasping operations 

involved during 70% of dla using EMG based grasps classification. 

The approach for development of an anthropomorphic hand should be to take refer­

ence of human hand (146). Biomimetic approach for development of a prosthetic hand 

has appeared as a significant opportune towards mimicking the natural counterparts 

(147) as well in tackling the challenges of present artificial hands (148). Biomimesis is 

the understanding of nature, its models, systems, processes and elements to emulate 

or take inspiration from these designs and processes; and imitate them into artificial 

system (149, 150). Although some of the laboratory prototypes (2, 14, 15) have been 

developed following biomimetic approaches, they are far from the human hand in terms 

of the static and dynamic constraints (12). 

The biomimetic approach is followed to harmonize both physical and functional 

aspects of the human hand. The emulation of grasp types is through a two layered 

architecture: SHC and LHC. SHC is for recognition of user's intended grasp based 

on EMG signals and LHC is for actuating the fingers in the prototype to emulate 

the identified grasp. Prototype 1.0 can perform the six grasp types under static and 

dynamic constrai~ts, which are responsible for natural movement (151). 
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5.1 Biomimetic Approach 

5.1 Biomimetic Approach 

An ideal upper limb prototype should be perceived as a part of the natural body by 

the amputees. Towards this goal, Prototype 1.0 is developed following a biomimetic 

approach as shown in Figure 5.1. The approach comprises of five steps. It involves: 

[i] Study of the human hand physiology [ii] Material selection based on the expected 

properties in the prototype [iii] development of bio-mechanical structure 1 [iv] develop­

ment of cont~ol architecture [v] development of biomimetic hand prototype. Study of 

Expected Properties in the 
Prototype 
,--- ---- -- ----- ---- ---- -------, 
: • SpecIfic Gravity : 
, • Frictional Property : 
I. ____________________________ , 

11 
I Material Selection I 

U 

Human Hand 
Physiology 

- ____ MM. ___________ - - _______________________ _ 

, Anatomy (Muskuloskeletal Structure) 
Operations (Grasping) 

, Static Constraints 

, 

~ ---- - ------ -- -- ----" ------ -- ------ --- .---- _. 
1- -- ---- -- - -- - - ---- - - - ---- - - -- - ---

: Control (EMG Actuation) : 
: Dynamic Constraints i 
,-------------- -----------------

I Bio-mechanical Structure I I Control Architecture I 

il il 
Biomimetic Hand 

Prototype 

Figure 5.1: Biomirnetic Approach followed for development of Prototype 1.0 

the human hand physiology in terms of the anatomy, grasping operations, static and 

dynamic constraints, EMG based actuation; the first stage of the biomimetic approach 

is detailed in Chapter 2. 

lWith reference to (152), bio-mechanical structure means the the physical representation of human 

hand anatomy quantitatively for this research 
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5.1 Biomimetic Approach 

5.1.1 Material selection 

The approach for building the prototype is to duplicate any of the features and prop­

erties which affect the characteristics of human hand. So the work seek to use mate­

rials that can mimic the human hand properties. The goal has always been for size 

and weight similar to human hands vis-a-vis grasp functionality. Following (153), two 

properties. specific gravity and coefficient. of friction have been considered for mate­

rial selection. Heavy weight is one of the main reasons for non-acceptance of artificial 

hands by the amputees (154). Moreover, an object grasped by the hand should not slip. 

These leads to specific gravity and coefficient of friction as the important properties for 

selection of the material to be used for development of the prototype. Following (153) 

and (155), four materials: nylon, teflon, steel and aluminum are under study. From 

Table 5 1, nylon and teflon are found to bear properties close to that of human hand. 

Nylon is stable, undeformable and has low friction and low specific gravity FUrther, 

cost of nylon is more than five times lesser than that of teflon. Therefore, nylon is 

selected for the skeletal structure of the hand. The building blocks of the human hand 

and that of Prototype 1.0 are tabulated in Table 5.2. 

Table 5.1: Comparison of primitive characteristics (required to replicate human hand 
properties) for four materials under study 

Nylon Teflon Steel Aluminum Human Hand 

Specific Gravity 1.13 2.15 7.85 2.64 0.96 - 1.2 

Co-efficient of frict.ion 0.15 - 0.25 0.04 0.8 1.35 0.72 - 0.7 

Table 5.2: Building blocks of Human hand versus the Prototype 1.0 

Human Hand Prototype 1.0 

The skeletal of the hand Nylon as links, joints and palm 

Set of muscles, which are embedded in A set of DC geared motors 

between the skin surface and skeleton embedded in the palm 

Mass-spring system, inter-linking the Tendon system interlinking 

skin, skeleton and muscle the skeletal and actuators 

Joint hierarchy which matches the A joint hierarchy which matches 

structure of the skeleton the structure of natural hand 
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5.1 Biomimetic Approach 

5.1.2 Bio-mechanical Structure 

The development of the mechanical prototype is based on the knowledge gathered 

from the study of the human hand physiology. The skeletal structure of the prototype 

is developed using the material selected with reference to the study carried out in 

section 5.1.1. 

Human anatomical terminologies has been used to describe Prototype 1.0. The 

prototype comprises of five fingers. Each finger consists of three links replicating the 

distal, middle and proximal phalanges of human finger; thumb consist of two links. The 

links are connected through revolute joints corresponding to DIP, PIP and MCP joints. 

The palm is two piece and can move inward and outward to form grasp modes. The 

palm accommodates the actuators. The wrist is of two concentric cylindrical structures 

made of nylon. 

In the prototype, the joints have been obtained with an extended knuckle structure 

at each link to prevent the backward movement of the succeeding link. The curvature 

of the phalanges are with reference to the human anatomical structure and therefore 

can flex and extend in the joint range corresponding to the human finger as recorded 

in Table 5.3. 

Table 5.3: Finger joint range of motion of the prototype (in degrees) measured using 

Jamar Plastic Goniometer 

Thumb Index Middle Ring Little 

MCP o to 100 o to 90 o to 90 o to 90 o to 90 

Flexion 

PIP o to no o to no o to no o to no 
Flexion 

DIP o to 90 o to 70 o to 70 o to 70 o to 70 

Flexion 

Figure 5.2(a) shows the dimensional representation of the index finger. Figure 5.2(b) 

is a planner schematic structure of the index finger and 5.2(c) represents the routing 

of the tendons through the joints of the finger. Figure 5. 2(b) and (c) are for kinematic 

and dynamic analysis of the prototype as detailed in section 5.1.3. 
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(a) (b) 

5.1 Biomimetic Approach 

dJ Extensor Tendon (11 1) 

Y, 

Flexor Molor (m) 
pullcy-----_l 
Extensor Motor (m ') 

pulley __ -+ 

(c) 

o 

Figure 5.2: (a) Dimension al representation of the index fin ger. The lengths of the proxi­

mal, middle and distal phalanxes are 40 mm, 30 mm and 20 mm respectively. The radius of 

rotation (R1 ' R2 , R3 ) of the three joints (Mep, PIP and DIP) are 14 mm, 8 mm and 6 mm 

respectively. (h) A planner schematic structure of a finger (other than the thumb) . Each 

link Li(i = 1, 2,3) corresponds to the proximal , middle and distal phalanges. Mep, PIP 

and DIP joint angles are 81 , 82 and 83 respectively. (c) Tendon routing the fin ger joints. 

d1 , d2 and d3 are the distance of the center of mass of the phalanges from the respective 

joints Mep, PIP and DIP (E1 ' E2 and E3 ) respectively. h, hand h are the moment 

of inertias of the three phalanges about an axis passing through their center of masses. 

nl1, nl2 and nl3 are the masses of the proximal , middle and distal phalanges respectively. 

a 81ld b are half the fin ger width and distance of the tendon guides form the fin ger joints. 

Each finger is actuated with two motors; one for fl exion and another for extension. 

The little and ring finger are actuated through the common motors. Abduction and 

adduction is not implemented in Prototype 1.0. The prehension of the palm is obtained 

through one single motor. The wrist of the prototype is actuated though three DC 

motors placed in mutually perpendicular axes. The developed prototype possess a 

total of (3 x 3 of fingers + 2 of thumb + 1 of the palm + 3 of wrist) = 15 DoF. 

Arrangement of the actuators and tendons as well as the digits of the prototype in its 

ventral view is shown in Figure 5.3. Each finger tip is equipped with film like fon.:e 

sensors to measure the fingertip force. The specification of the used actuator units 

(geared DC motors) arc in Table 5.4. 
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5.1 Biomimetic Approach 

Tab le 5.4: Spec ification of the Actuating Motors 

Parameter F inger Motor Wrist Motor 

Gear Ratio 0.03 0.06 

No load Speed 250 Revolutions 300 RPM 

Per Minute (RPM) 

No Load Torque 0.076 Nm 0.090 Nm 

Diameter 160 mm 160 mm 

Length 300 mm 350 mm 

Diameter of motor pulley 10 mm 10 mm 

Figure 5 .3: Ventral View of Prototype 1.0 

5.1.2.1 Tendon Syst em 

N + 1 tendon configllration is ll sed as media to transmit. forces from act uators to the 

hngcr 's joints. N+1 tClllloll configuratioll is OIlC in which a siugle tendon pulls on all the 

joints in one direction and one or more additional tendons which generate torques in 

opposite direction (156). Such a system is important from a biomimetic point of view 
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5.1 Biomimetic Approach 

as most of the muscles and tendons mvolve in flexion-extension of the human body 

parts form agonist-antagonist pair. In the prototype, the agonist and antagonist ten­

dons mimic the flexor digitorum superficialis and flexor digitorum profundus; extensor 

digitorum communis and extensor indicis tendons of human finger (82). Thin tendons 

made of polymeric fibers have been used. Extensor and flexor tendons arc placed on 

the dorsal and ventral side of each finger and connected to individual actuation unit in 

the palm. The tendons connected to the pulley of the motor, passing through a series 

of hollow guides are fixed at the finger tips. This rephcates the agonist-antagonistic 

tendon system of human hand (157). Table 5.5 shows the characteristics of a human 

hand vis-a-vis Prototype 1.0. 

Table 5.5: Characteristics of Human hand and Prototype 1.0 

Characteristics Human Hand Prototype 1.0 

N umber of DoF 22 15 

Wrist Mobility 03 03 

Total Volume 50 cc 47cc 

Each finger length 92 mm 90mm 

Each finger diameter 14 mm 14 mm 

Wrist width 65 mm 65 mm 

Palm width 90 mm 90mm 

and thickness and 45 mm and 45 mm 

Total weight 400 gram 520 gram 

In this comparison, one of the distinguishing feature of the biomimetic hand from 

the human hand is the number of DoF. The thumb of Prototype 1.0 possess signifi­

cantly lower DoF - two DoF as compared to the five DoF of the human hand thumb. 

Prototype 1.0 thumb possess two flexion-extension axis of rotation at DIP and MCr> 

joint. However m human thumb, the DIP joint have one flexion-extension DoF, MCP 

and CMC jomts have one flexion-extension and one abduction-adduction DoF in each. 

Further, the c1bduction-adduction of the remaining four fingers arc not implemented in 

Prototype 1.0. This results in Prototype 1.0 with seven DoF lesser than that of the 

human hand. 
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5.1 Biomimetic Approach 

5.1.3 Development of Control Architecture 

The proposed control architecture is two layered: superior hand control (SHC) and local 

hand control (LHC). Figure 5.4 shows the schematic representation of the developed 

control architecture. SHC is to perceive the type of grasps attempted by the user and 

the LHC is to compute the grasp primitives i.e. finger joint torques and angles to 

emulate the identified grasp type. 

"0 ... I Grasp Planning I -= 0 
t u 

"0 
e 

I 
IEvoked Action Potentials or '" ._--- ------ ----:= I 

. : ... 
I 

Electromyogram 
0 Machine , ';: , .. 

I Learning 1:1. Grasp Recognition Architecture = , 
en ._-------------

Visual Feedback ~ Grasp Type 

• _ __ J __ ._ • __ -- - ---- ------- -- ---- - --.-
: Trarlsformation of the Grasp Type 

"0 
i inlo the fingers to be actuated 

... :~ ~~ ~ ~~-L ~ ~ ~ ~ ~ ~= ~~ ~~ ~ l--~ ~ ~ ~ ~~ ~~ ~ ~ ~ ~ ~ --=~~, .... -- -- ---. --------e : Actuation of Motors corresponding : 0 , 
u : Ito the Grasp Recognized : , 
"0 Kinematic 
e '- . -. ---~ - - - - -- --- ---- ---- - -- - - - ----'- -----' 

'" I • Analysis := : 
-; : I Grasp Primitives I --- -- ------ ___ ow, 

- -- ------ ---, 
C,i : 0 • , 

..J 

I I Dynamic I PID Control 
I Analysis 
I t 

-------- ____ I 

I 

Fingertip force sensbr I 
feedback: , ______ L ___________ ----- -------- ___ ow, 
! Prosthetic Hand equipped with i 
l ____________ ~_~~: _ ~~_~~~~ ____________ j 

Figure 5.4: Schematic of Control Architecture indicating two main states: Superior Hand 

Control and Local Hand Control 
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5.1 Biomimetic Approach 

5.1.3.1 Superior Hand Control 

The SHC provides the information about the grasp types to be performed by Prototype 

1.0 based on EMG signals acquired from forearm muscles. In accordance to the visual 

information about the object to be grasped, the human brain plans the type of grasp to 

be formed for holding the object. Accordingly, the motor commands generated in the 

brain are sent down through the spinal cord to the forearm muscles. The motor com­

mands initiates the forearm surface EMG. The grasp recognition architecture recognize 

the grasp type attempted by the user based on the forearm EMG. 

The grasp recognition module comprises of four fundamental units: EMG Unit, 

MVC normalization Unit, Feature Extraction Unit followed by the Classifier Unit. The 

EMG unit compnses of the amplifier, band pass and notch filter. The EMG signals were 

acquired following the experimental protocol as detailed in section 3.1.1.1 in Chapter 

3. The raw EMG signals extracted from the subjects required processing for accu­

rate recording, display and analysis. The EMG signal obtained after filtration and 

amplification is called IEMG signal The MVC normalization unit applies normaliza­

tion algorithm to avoid the test case subjectivity and generates nIEMG signals. The 

characteristic patterns of a signal in a reduced dimension called features are extracted 

from nIEMG signals in the feature extraction unit and a feature vector is generated. 

The feature vector: PCA of TFD EMG feature is fed to the classifier. The classifier 

is a RBF kernel SVM. The details of the grasp recognition architecture is elaborate in 

Chapter 4 and here mentioned in brief for completeness. The information about the 

identified gTasp type is passed to the LHC. 

5.1.3.2 Local Hand Control 

The LHC is the interface between the SHC and Prototype 1.0. Human hands are ca­

pable of grasping objects with dexterous motion. As such, fingers typically grasps by 

curling around the objects following stereotypical trajectories (158). Manual grasping 

is more stable and secure than the current prosthesis grasping. Therefore, it is of inter­

est to reproduce the natural movement of fingers in order to perform stable grasping 

operations by the prosthetic hands. 

LHC identIfies the fingers to be actuated for performing the grasp type identified 

via SHC. The derivation of the grasp primitives are through kinematic, static and 
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5.2 Kinematics, Statics and Dynamics 

dynamic analysis. Based on the kinematic and static analysis of the finger model as 

shown in Figure 5.2, the LHC determines the relation between the finger joint torques 

and the actuating motor torque. This is achieved satisfying the human finger dynamic 

constraints; responsible for stable grasping (151). Based on the joint angles for natural 

curling of the human finger (159), the finger joint torques are determined through 

dynamic analysis such that the joint angle trajectories are similar to that of the human 

finger. The corresponding finger~tip force is determined through kinematic and static 

analysis. A proportional integral derivative (PID) controller is implemented to maintain 

the fingertip force. 

5.2 Kinematics, Statics and Dynamics 

For kinematic, static and dynamic analysis, the index finger of Prototype 1.0 is schemat­

ically represented as shown in Figure 5.2(b). Lc1,Lc2 and L3c are the distance of the 

center of mass of the phalanges 'from the respective joints PIP, MCP and DIP shown 

as d1, d2 and d3 respectively in Figure 5.2(b). R1, Rz and R3 are the radius of the 

joints E1, Ez and E3. II, Iz and h be the moment of inertias of the three phalanges 

about an axis passing through their center of masses. m 1, m2 and m3 are the masses 

of the proximal, middle and distal phalanges respectively. The distance from the end 

of tendon guide to the finger joint is b and radius of the finger is a. 

5.2.1 Kinematic Analysis of a Finger 

The Denavit-Hartenberg parameters describing finger kinematics are illustrated in Ta­

ble 5.6; where Oi is the joint angle from Xi-1 axis to Xi axis about Zi-1 axis, di is the 

distance from the origin of (i - l)th coordinate frame to the intersection of Zi-l axis 

with X i - 1 axis along Zi-l axis, ai is the offset distance from intersection of Zi-l axis 

with Xi axis and ai is the offset angle from Zi-l axis to Zi axis about the Xi axis with 

i = 1,2,3. 

Direct kinematic equations are used to obtain the fingertip position and orientation , 
according to the joint angles. With three revolute joints, the finger pas three rotational 

DoF (0 = {fh,{:l2) B3V) leading to the finger end cffe~tor having pOlJe (x = {:x, y, a}T). 

To analyze the three joint link shown in Figure 5.2(b), the first step is to establish 

the mapping from joint angles (the vector of three generalized rotational coordinates 
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5.2 Kinematics, Statics and Dynamics 

Table 5.6: Denavit-Hartenberg Parameters of the Finger 

Link Cti-1 a,-l d, 0, 

1 0 0 0 01 

2 0 L1 = 40 mm 0 (h 
3 0 L2 = 30 mm 0 03 

e = {01,02,03}T) to link end point position and orientation of the finger for a given 

set of link lengths L = {L1, L2, L3}' From the Denavi t-Hertcnberg parameters of the 

finger as stated in Table 5.6, the fingertip pose x with respect to the base frame can 

be computed as: 

(5.1) 

where G(e) is the geometric model defined by the trigonometric equations for the 

end point position {x, y}T and orientation {a} of the last link as a function of e and link 

lengths of the finger 1. G1, G12 and G123 denotes COS01, COS(Ol +(2 ) and COS(Ol +02+(3) 

and Sl, S12 and S123 denotes sin(Ol), sin(Ol + O2) and sin(Ol + O2 + 03) respectively. 

5.2.1.1 Tendon Actuation 

Flexion and extension of the fingers is performed by pulling and releasing the flexor 

and extensor tendons. The finger joint angles depends on the tendon length pulled Zm 
and released Zm, by the flexor motors. Tendon length while the finger is maximally 

extended is lo = L1 + L2 + Ls. When the finger is flexed, the flexor tendon is pulled 

by the motor. Let lx be the resulting flexor tendon length and 81, 82, 83 be the joint 

angles respectively. Change in flexor tendon length Zm is the difference of 10 and lx. 

101 



5.2 Kinematics, Statics and Dynamics 

lm lo-Lx 

(L1 +L2 +Ls )-

(L1 C1 + L2C12 + LSC12S ) (5.2) 

Both anatomical and empirical studies show a linear inter-joint angular relationships 

in human finger exrpessed as dynamic constraints (12) and results in a natural curling 

motion of the fingers. The dynamic constraints of human hand finger is represented 

using the following 

DC1=~ = 0.5 
82 

(5.3) 

DC2 = 82 = 1.5 
8s 

(5.4) 

In order to replicate the natural motion of human finger into the prototype, the dy­

namic constraints of human fingers have been considered for computation of the tendon 

length. Substituting the constraints in equations (5.3) and (5.4) into equation (5.2), 

following relation between 81 and lm is obtained. 

lm (L1 + L2 + Ls) -

(L1 c08(81 ) + L2C08(2.81 ) + LSC08( 4.8 J/ 3)) (5.5) 

In a similar way, the length of the extensor tendon released by the extensor motor . 
is given as: 

lm' (L1+L2+Ls)+ 

(L1c08(81) + L2C08(2.81) + L3C08(4.81 /3)) (5.6) 

Since, lm is the length of the tendon pulled by the motor; lm can be computed using 

equation 5.6 given diameter of the pulley connected to the motor, D; time of rotation 

of the motor, cSt and revolution per minute of the motor, N. 
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lm = 7fDNot (5.7) 

The values of D and N are known a priori as in Table 5.4. cSt is computed from force 

sensory feedback. The start time is achieved from initiation of the actuating signal 

to the motor and the time of contact is on receiving a feedback signal from fingertip 

sensor. 

5.2.2 Static Analysis of a Finger 

5.2.2.1 Joint Torques and Fingertip Forces 

The joint torques exactly balances finger tip forces in static equilibrium situations. The 

rotational kinetic input to the end effector is net of three torques (7 = {71, 72, 73}T) at 
I 

MCP, PIP and DIP joints respectively to produce the output wrench vector 

W = ( ~f fingertip ) 
nfingertip 

(5.8) 

The Jacobian transpose maps finger tip forces into equivalent joint torques (156). 

The joint torques 7 which balances the wrench vector W is given as: 

7 = J(efw (5.9) 

Where J(e) is the Jacobian matrix relating the joint space to the fingertip space. 

The three link finger as shown in Figure 5.2(b) is applying force and moment through 

the fingertip on the environment. These are given by the following equations: 

°ffingertip = ([x, fy, of 
°nfingertip = (0,0, nz)T 

(5.10) 

(5.11) 

L t th c fingertipf d t fingertip b d t d (f' f' O)T e e lorces fingertip an momen nfingertip e eno e as x' y' 

and (O,O,n~f. 

(5.12) 

and 

(5.13) 
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Equation 5.13 results from the fact that rotation matrix? R in equation 5.12 has 

(0 ° 1) in the last column and row. In order to obtain static forces and moments 

acting on links of a serial manipulator, when the fingertip (or end effector) is subjected 

to external forces and moments; the joints of the manipulator are assumed to be locked. 

The manipulator can be viewed as a structure. Using equations of static equilibrium, 

the following pair of equations ( 5.14 and 5.15) are obtained [Please refer to (160, pp. 

167) for complete derivation]. 

(5.14) 

(5.15) 

Here f, = force exerted on the link {z} by link {z - I}, n t = moment exerted on link 

{1.} by link {1. - I}. '0,+1 is the vector from 0, to 0,+1' !+lR = Rotation matrix of 

{z + 1 }th frame with respect to {z }th frame. The leading superscript z signifies that the 

vectors are described in {z }th frame. 

Above equations can be used to compute forces and moments when the forces and 

moments at the fingertip are known. Applying the above iterative formula at the 

fingertip going towards the base for the finger shown in Figure 5.2(b). 

for i = 3 

3f3 = (J~, f~, of (5.16) 

3
n3 = (0, 0, n~ + l3.f~)T (5.17) 

for i = 2 

2f2 == (C3·f~ - S3.f~, S3·f~ + C3.f~, of (5.18) 

2n2 == (0, 0, n~ + b(S3·f~ + C3·f~) + l3.f~f (5.19) 

for i = 1 

1f1 = (C23.f~ - S23.f~, S23.f~ + C23.f~, O)T (5.20) 

1nl = (0, 0, n~ + h(S23·f~ + C23 f~) + l2(S3·f~ + C3.f~) + l3.f~f (5.21) 

The joints can only apply torques about Z axis in order to have static equilibrium. 

Therefore for a serial link manipulator with rotary joints, the torque required at joint 

i can be computed by equation 5.22 (160, pp. 168). 

, 'Z~ 
T, = n,. , 
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5.2 Kinematics, Statics and Dynamics 

Where tZt is a vector along Z axis at joint i. 

Torques required at the joints to keep the finger in equilibrium are as follows: 

71 = 
1 1 ~ 
n1· Z1 

n~ + f~(l1S23 + l2S3) + f~(l1 C23 + l2C3 + l3) 

72 = 
2 2~ 
n2· Z2 

= n~ + 1~l2S3 + 1;(l2C3 + l3) 

73 = 
3 3~ 

n3· Z3 

= n~ + 1~b 

Rearranging equations 5.23 through 5.25, the joint torques can be expressed as: 

U: ) [ LIS" + L,S3 L1 C23+L2C3 + L3 0 0 Oil = L253 L2C3 + L3 0 0 o 1 
0 L3 0 0 o 1 

1~ 
1~ 
0 
0 
0 
n' z 

Substituting from equations 5.12 and 5.13 into equation 5.26: 

[ 

-L151 - L2512 - L35123 
-L25 12 - L35123 
-L35123 

fx 
fy 
o 
o 
o 

L1 C1+L2C12 + L3C123 0 0 0 
L2C12 + L3C123 0 0 0 
L3C123 0 0 0 

The term in the square bracket is the transpose of the Jacobian 1(0). 

(5.23) 

(5.24) 

(5.25) 

(5.26) 

(5.27) 

The contact between the object to be grasped and fingertip (of the three link finger) 

is assumed to be point contact with friction as shown in Figure 5.5. The contact can 

not resist any moment applied around its normal. Thus n z = 0 (161). 
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n 

f. 

Figure 5.5: Schematic of point contact betweell the object and finger tip 

With this assumption, equation 5.27 can be reduced to 

(~) [ 

-L181 - L2812 - L38123 
- L28 12 - L38123 
-L38123 

Ll Cl+L2CI2 + L3C123 
L2C12 + L3C123 
L3C123 ~ 1 

(5.28) 

From 5.28, the fingertip force (Ix, fy) in terms of the joint torques can be computed 

f - (L2CI2 )71 - (L1C1 + L2Cd 72 + L1C1(73) 
x - LIL2(C1812 - SI CI2) 

fy = (L2812)71 - (L181 + L2812)72 + L I81(73) 
LIL2(C1812 - 8 1C12) 

(5.29) 

(5.30) 

5.2.2.2 Tendon Forces and Joint Torques 

Next step is to describe how forces applied at the end of the tendons are related to the 

torque applied at the joints. Figure 5.2(c) illustrates the flexor (hI) and extensor (h2) 

tendons routing the finger joints. Following (156, pp. 293), the extension function for 

the flexor and extensor tendons are given as: 

(5.31) 

(5.32) 
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Where (Rl' R2 , R3 ) are radius of rotation of the three joints (MCP, PIP and DIP) 

respectively. a and b are half the finger width and distance of the tendon guides form 

the finger joints as shown in Figure 5.2(c). 

The coupling matrix relating the force at the ends of the tendons and the joint 

torques is as given below. 

The joint torque in terms of tendon force is computed as: 

T = Hc.F 

[

-2v'a2 + b2 sin(tan- l (a/b) + (h/2) 
-R2 
-R3 

(5.33) 

(5.34) 

(5.35) 

Where F = [FI F2J T ; FI and F2 are the forces on the flexor and extensor tendons 

respectively. 

Considering the motor torque T = [Tl T2JT ; TI for flexion and T2 for extension 

of the finger: 

(5.36) 

Where rl and r2; are the radius of the pulleys connected to the flexor and extensor 

motors. 

Using equation 5.35 and 5.36, the joint torques can be expressed as a function of motor 

torques as follows: 

(5.37) 

(5.38) 

(5.39) 

For a tendon network; the tendon forces chosen to exert a given vector of joint 

torques have the form 

(5.40) 
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Where H: = (Hcf((Hc)(Hcf)-1 is the pseudo-inverse of the coupling matrix. FN 

is tendon internal force to ensure that tendons remain taut and chosen as small as 

possible. 

Using equation 5.36 in equation 5.40, the relation between the motor torque and joint 

torque is obtained as: 

T= [~1 ~2] [Hd7 + FN] (5.41) 

Using the values of 71, 72 and 73 from equation 5.37 through 5.39 into equation 5.29 

and 5.30; the fingertip force (Jx, fy) can be computed in terms of the tendon actuation 

motor torque as: 

5.2.3 Dynamic Analysis of a Finger 

The goal of dynamic analysis is to determine the motor torque required to be applied 

such that the finger .Joints follow the human finger joint trajectories. Finger joint 

torques for Prototype 1.0 for emulating the natural curling is to be estimated. In order 

to do this, joint torques as a function of velocity and acceleration are determined for 

a finger of Prototype 1.0 using equations of motion for a serial link manipulator as 

detailed in (160, pp. 159). 

5.2.3.1 Equations of motion 

The equations of motion for a serial link manipulator is given as: 

[M(o)]ii + [C(O, B)]B + G(O) = 7 (5.44) 
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Where [M(B)] is the n x n mass matrix. C(B, iJ) is the n x n matrix with [C(B, iJ)]iJ 

representing an n x 1 vector of centripetal and Coriolis terms. G(B) is an n x 1 vector 

containing the gravity terms and T is the n x 1 vector of joint torques. 

Lcl , Lc2 and Lc.3 are the distances of the center of mass of the three phalanges (of the 

finger) from their respective joint origins, viz. 0 1 ,02 and 03. Let the masses of the 

three links be ml, m2 and m3 and their link inertia about the axis through center of 

masses are h, hand 13 

The end effector vcioclty can be computed as a functIOn of the Joint velocities iJ = 
iJl , iJ2 , iJ3 , ... , iJ. through the Jacobian matrix J. The same methodology can be used 

to compute the velocity of a generic point of the manipulator, and in particular the 

velocity Ve, = c.. of the center of mass Pc, that results function of the joint velocities 

iJl ,iJ2 ,iJ3 only: [Please refer to (162)] 

J~l Bl + J~2B2 + . + I::, iJ, 

J~iJ, 

J:l iJl + J:2 iJ2 + + J~,iJ, 

J~iJ, 

Where 

Jc,. [J~l' J~2" , J~" 0 0] 

Jw ,. = b:l,J:2, oo,J:"O 000] 

With 

[ 
J~J ] = [ ZJ-l X (Pc, - pJ-d ] 
JWJ ZJ-l 

(5.45) 

(5.46) 

(5.47) 

(5.48) 

(5.49) 

(5.50) 

(5.51 ) 

(5.52) 

(5.53) 

Jacobians J~" and J~" for computing the mass matrix WIth reference to the base frame 

{Xo, Yo} tor the three hnk finger under study are Yielded as tollows 

for i = 1 

Jw,l = [~ ~ ~ 1 
100 

(5.54) 
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Je,l = H] (5.55) 

for i =2 

(5.56) 

~ ] (5.57) 

for i = 3 

(5.58) 

[ 

-L1S1 - L 1S 12 - Le3S 123 -L2S12 - Le3 S123 -Le3S123] 
Je,3 = L1 C1 + L2C12 + Le3C123 L2C12 + Le3C123 Le3C123 

o 0 0 
(5.59) 

The equation for mass matrix; which is positive definite and symmetric is given as 

follows (Please refer to (163, pp. 175)]; 

n 

M = LM~ (5.60) 

n 

= L mJ[Je,t + JJ,tA1tJw,t (5.61) 
t=l 

For the three link finger under study, the elements of the mass matrix arc as follows: 

Mll = h + 12 + Is + rn1 (Lc1)2 + m2(L1
2 + L~2 + 2L1Le2 C2) 

+m3(L1
2 + L22 + Le32 + 2L1 L2C2 + 2L2Le3C3 + 2LILc3C23) (5.62) 

M12 = M21 

= h + 13 + rndLe22 + L1 Le2C2) + rn3(L22 + Le32 + L1 L2C2 
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5.2 Kinematics, Statics and Dynamics 

M13 = M31 

= h + m3(Lcl + L1Lc3C23 + L2Lc3C3) (5.65) 

M22 = 12 + 13 + m2Lc22 + m3(L2)2 + Lc32 + 2L2Lc3C3) (5.66) 

M23 = M32 

= 13 + m3(Lc32 + L2Lc3C3) (5.67) 

M33 = 13 + m3Lc32 (5.68) 

The [C(tJ, e)]e is a n x 1 vector V whose clements are quadratic functions of joint ve­

locities B. The kth clement of this vector is given as [Please refer to (162)] 

n 

Vk = LCkJBJ (5.69) 
J=l 

Where the clements CkJ are computed as 

n 

CkJ = L CtJk8t (5.70) 
t=l 

With 

1 811h aMb aMt 
CtJk ="2( ae

t
J + ae

J 
- aekJ ), wInch i~ known ab Christoffel ~yrnbols (5.71) 

Following the above formulation, the elements of [C(e, B)] for the three link finger 

shown in Figure 5.2 are 

Cll = -(m2L1Lc3S2 + m3L1L2S2 + m3L1Lc3 S23)B2 

-(m3L2Lc3 S3 + m3L1LC3 S23)ih (5.72) 

C12 = -(m2L1Lc2S2 + m3L1L2S2 + m3L1Lc.3 S23)B1 - (m2L1Lc2S2) 

+m3 L1L2S2 + m3L1Lc3S23)e2 - (m3L1Lc3S23 + m3L2Lc3S3)e3 (5.73) 

(5.74) 
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5.2 Kinematics, Statics and Dynamics 

C21 -(m2L1 Lc2S2 + m3 L1L2S2 + m3L1LC3S23)81 - (m3 L2Lc3 S3)83 (5.75) 

C22 = - (m2 L2Lc3 S3)iJ3 (5.76) 

C23 = -(m3L2Lc3 S3)iJ l - (m3 L2Lc3S3)(h - (m3 L2LC3 S3)83 (5.77) 

C31 = (m3 L2Lc3S3 + m2L1Lc3S23)81 + (m3 L2Lc3 S3)82 (5.78) 

C32 = (m3 L2Lc3S3)81 + (m3 L2Lc3 S3)82 (5.79) 

C33 = 0 (5.80) 

Finally the gravity terms G, of the gravity vector G(e) are computed from the expres­

sion [Please refer to (163, pp. 177)]: 

n 

G, = - L mjgT J~,J 
J=l 

Where 

g = [0 - 9 O]T; g being the acceleration due to gravity 

Which results into the gravity terms as follows: 

G2 = m2gLc2 C12 + m3g(L2C12 + Lc3C123) 

G3 = m3gL c3 C123 

(5.81) 

(5.83) 

(5.84) 

Using the mass matrix from equation 5.60, centripetal and coriolis matrix from equa­

tion 5.70 and gravity terms from 5.81, the joint torques arc computed as follows: 

(5.85) 

5.2.3.2. Torques for Natural Curling 

In order to find the motor torques to be applied to the flexor and extensor motors for 

natural curling of the finger, the velocity and acceleration corresponding to the human 

finger joints during natural curling are obtained. These velocities and accelerations 

are used for finding the joint torques through the equations of motion which in turn 

is used for determining the flexor and extensor motor torques. The steps followed for 

determination of the finger joint torques are enlisted below: 
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5.2 Kinematics, Statics and Dynamics 

• The human finger joiut trajectoricii have ucen adopted from the Figure 3 reported 

in (159) and are shown in Figure 5.6. 
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Figure 5.6: Human Finger Joint Tra jectori es. The tra jectories in red a re for humall 

fillgers a nd in blue are for t he dYll alili c T/lodel of hUJlJan haud proposed lfl (159). Digit 2. 

3, 4, [) III the fi gure represcuts t he index, middle , rillg alJd little finger . T he x-a.x is is the 

flexion angle in degree and y-axis is the timc in sec . 

• The trajectories in Figure 5.6 are digitized using E ngauge Digitizer 5.1 (164) that 

ronvNts a n image: file: showing a graph into 1111I1lbe:rs. 

Thc equatioll representing the digitized finger joint trajectories are obtained 

through polynomial curve fi tting. Figure 5.7 and Table 5.7 shows the digi­

tized finger joint trajectories and representative equations respectively. T he 

choice of a particular polynomial order was based on absolute value error 

between the digitized and curve fitted tra jectories . 
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Table 5.7: Curve Fitted Finger Joint Trajectories for Natural Curling 

Finger Joints Curve Fitted Trajectories 

Index MCP LIe + 004x6 - 2.5e + 004x5 + 1.ge + 004x4 - 6.7e + 003x3 

+1.1e + 003x2 - 64x + 0.85 

PIP -7.3e + 004x7 + 2.1e + 005x6 - 2.4e + 005x5 + 1.3e + 005x4 

-3.7e + 004x3 + 4.7e + 003x2 - 2.3e + 002x + 21 

DIP -1.5e + 004x6 + 3.ge + 004x5 - 3.ge + 004x4 + 1.7e + 004x3 

-3e + 003x2 + 1.8e + 002x - 21 

Middle MCP 1.2e + 005x7 - 3.6e + 005x6 + 4.1e + 005x5 - 2.3e + 005x4 

+6.3e + 004x3 - 7.2e + 003x2 + 2.6e + 002x + 1.4 

PIP 9.6e + 005x8 - 2.1e + 006x7 + 1.8e + 006x6 - 6.7e 

+005x5 + 9.3e + 004x4 + S.ge + 003x3 - 1.3e 

+003.7:2 + 67x + 19 

DIP 2.1e + 005x7 - 4.2e + 005x6 + 3.2e + 005x5 - Ie + 005x4 

+8.7e + 003x3 + 1.7e + 003x2 - 66x - 8.1 

Ring MCP 3.ge + 005x8 - 1.3e + 006x7 + 1.8e + 006x6 - 1.3e 

+006x5 + 5.1e + 005x4 - Ie + 005x3 + Ie + 004x2 - 4.3e 

+002x - 2.3 

PIP 5e + 006x lO + 2e + 007x9 
- 3.4e + 07x8 + 3.1e + 07x7 

-1.7e + 07x6 + 5.ge + 06x5 - 1.3e + 06x4 + 1.7e + 05x3 

-1.3e + 04x2 + 5.1e + 02x + 6.7 

DIP 2.ge + 006x lO - 1.2e + 007x9 + 2.3e + 007x8 - 2.3e + 007x7 

+1.4e + 007x6 - 5.5e + 06x5 + 1.3e + 06x4 - 1.6e + 05x3 

+1.1e + 04x2 - 3.2e + 02x - 6.1 

Little MCP 1.2e + 006x9 
- 4.6e + 006x8 + 7e + 006x7 

- 5.7e + 006x6 

+2.6e + 006x5 - 7.2e + 005x4 + LIe + 005x3 - 8.6e + 003x2 

+2.6e + 002x - 6.5 

PIP 5.8e + 005x9 - 2e + 006x8 + 2.ge + 006x7 - 2.1e + 006x6 

+8.8e + 005x5 - 2.1e + 005x4 + 2.ge + 004x3 - 2.3e 

+003x2 + 52x + 7 7 

DIP -1.ge + 005x9 + 7.8e + 005x8 - 1.3e + 006x7 + 1.2e + 006x6 

-6.8e + 005x5 + 2.2e + 005x4 - 4e + 004x3 + 3.ge + 003x2 

-1.3e + 002x + 1.2 . 
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• The finger joint velocity and acceleration corresponding to the equation repre­

senting the finger joint trajectories are determined. 

• Velocity and acceleration values corresponding to the natural curling operations 

of the human finger along with the finger specification of Prototype l.0 were fed 

into equation 5.85 to find the corresponding joint torques. 

• The corresponding average joint torques required for replicating the finger joint 

angles arc presented in Table 5.8. The simulation results for finger joint trajecto­

ries, velocity and acceleration are presented in Figure IIL1 through Figure III.12 

in Appendix-III. 

• Using Equation 5.41, motor torques required corresponding to the finger joint 

torques are determined. 

Table 5.8: Average Finger Joint Torques for Natural Curling Operations 

Finger Joints Torque (Nm) 

Index MCP 0.090 

PIP 0.051 

DIP 0.020 

Middle MCP 0.110 

PIP 0.071 

DIP 0.021 

Ring MCP 0.081 

PIP 0.061 

DIP 0.022 

Little MCP 0.071 

PIP 0.041 

DIP 0.011 

Thumb MCP 0.070 

DIP 0.031 

• The fingertip forces corresponding to the motor torques are determined through 

Equation 5.42 and 5.43. Table 5.9 shows the average fingertip forces correspond­

ing to the joint torques. 
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Table 5.9: Average Fingertip Forces corresponding to the Joint Torques 

Finger Average Fingertip Force 

Index 1.12 N 

Middle 1.30 N 

Ring 1.00 N 

Little 0.91 N 

Thumb 1.32 N 

In the preceding sections, the methods for computing the joint torques required by 

Prototype 1.0 to replicate the natural curling operations were presented. Given these 

joint torques, equation to determine the motor torques for a tendon driven system 

is presented. Finally fingertip forces corresponding to the motor torques for natural 

curling are determined. In the next section we discuss a feedback control based on the 

fingertip forces. 

5.2.4 PID Control 

This section reports the simulation of a PID controller for emulating the grasp types 

by Prototype 1.0. The goal of the PID controller is to inhibit the fingertip force from 

exceeding the desired force. The selection of the PID controller is based on the fact that 

it has better static and dynamic performance (165). The input to the actuator required 

for generating the fingertip force as in Table 5.9 is applied through a PID controller. 

The difference of the required force and the actual actual force is fed as error into the 

PID controller. The steps for design and simulation of the PID controller is detailed in 

the following sections. 

5.2.4.1 System Linearity 

The system linearity is checked by applying a pulse width modulated (PWM) voltage 

to the driver circuit of the motor and finding the corresponding output of the fingertip 

force. Figure 5.8 represents the relationship of the input voltage versus the fingertip 

force sensor outputdirect determining the linearity range of the system. It has been 

found that the system is linear within a range of input voltage 1.75 volt (V) to 10.00 

V with an output fingertip force in the range of 0.6 N to 45 N. 
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Figure 5.8: Linearity range of the System 

5.2.4.2 System 'Transfer Function 

12 

Once the linear operating range of the system is obtained, the next step is to find the 

transfer function for the system. The transfer function relating the input voltage Va 

and output angular velocity w of the motor in Laplace domain is as follows (163): 

Where 

w(s) 
va(s) (Ls + R)(Js + b) + KtKe 

Moment of inertia of the rotor (J) = 0.01 

Motor viscous friction constant (b) = 0.1 Nmsec 

Electromotive force constant (Ke) = 0.01 V jradianjsec 

Motor torque constant (Kt) = 3.3 Nml Amp 

Electric resistance (R) = 1 ohm 

Electric inductance (L) = 0.5 Henry 

(5.86) 

The transfer function of the used DC geared motor used determined using the above 

specifications (166) as follows: 

G(s) _ 3.3 
- 0.005s2 + 0.06s + 0.1001 

(5.87) 
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5.2.4.3 PID Controller Design 

Following design criteria are set for design of the PID controller. 

• Overshoot < 5% • Settling Time < 0.5 sec • Steady state error < 2% 

The transfer function of a PID controller (165) is given as follows: 

where 

K p = Proportional Gain 

K D = Differential Gain 

K[ = Integral Gain 

(5.88) 

The values of the controller gains have been selected through manual tuning using 

proportional gain Kp to decrease the rise time, differential gain KD to reduce the 

overshoot and settling time and integral gain K[ to eliminate the steady-state error. 

The process is followed in line with (167) and is tabulated in Table 5.10. The response 

Table 5.10: Process followed for Controller Gain Selection 

Parameters Rise Time Overshoot Small Change Steady State 

Error 

Kp Decrease Increase Small Change Decrease 

K[ Decrease Increase Increase Eliminate 

KD Small Change Decrease Decrease No Change 

of the PID controller with different values of the gains is shown in Figure 5.9. A set 

of values of Kp = 1.7, KD = 5.35 and K[ = 0.0085 are selected for almost zero steady 

state error, zero overshoot and 0.2 sec setting time. 

5.2.4.4 Simulation Results 

The simulation of the designed PID controller was carried out in MATLab. The 

schematic of the simulation model is shown in Figure 5.10. 

The fingertip force corresponding to the joint torquE's for the desired finger joint 

trajectories obtained from the dynamic and static analysis is fed to the PID controller. 

The gains of the PID controller were set as obtained in section 5.2.4.3. The PID control 
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~D'C'I' 

signal is converted into a PWM signal through a PWM generator. The PWM signal 

drive the motor act.uating t.he fin [!;ers on Prot.ot.ype 1.0. TIl(' t.orques measured at the 

output of the motor was fed b ack through the feedback path . T he force corresponding 

to the resulting torque i.e. actual fingertip force obtained t hrough the feedback transfer 
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Figure 5.11: Simulated DIP, PIP and Mep Joint Trajectories of Index , Middle, Ring 

"nd Little Fin p,pL The X-<LXis is Time in Sec ~.nrl Y-axis is flexion angle in degree 

function is fed back to the PID controller. The controller minimizes the differen ce of the 

actnal fingp-rt ip fon:p and dp-sirpd fingprtip force. In thp simula tion , the corresponding 

joi.nt torques are computed as a function of the motor torque using E quati.on 5 .41-

Resulting finger joint trajectories are shown in Figure 5. 11. 
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5 .3 Graspability of Prototype 1.0 

5.3 Graspability of Prototype 1.0 

F igure 5. 12 shows Prototype 1.0 performing the six gra;;p types under study. The 

Figure 5.12 : Protot'ype 1.0 per forming grasp types : a. Power b. Palm-up c. Precision d. 

Hook e. Pinch amI f. Obliqlle 

posture and / or number of fingers involved in each grasps are different as detailed 

in section 2.5. 1.1 in Chapter 2. Prototype 1.0 can gTasp a the objects like cricket 

tennis ball, square bar , circular bar and table tennis ball stably. T he video of Pro­

totype 1.0 performing six grasp types through off-line El\.IG controlled is available in 

http :}/www.tezu.ernet.in/ bcr/ video.html. 

While grasping, Prototype 1.0 is subjected to the limitation of grasping an object 

with the thumb mimicking the t humb of human hand. This is mainly because of its 

lesser DoF as discussed towards the end of the section 5.1. T he thumb being only of 

two DoF, can not gTasp an object with its tip. Further , for t he absence of abduct ion­

adduction of four fingers, P ro totype 1.0 can not grasp objects of larger size. However , 

it can emulate all the six grasp under study. 
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5.4 Summary 

5.4 Summary 

This chapter presented the development of a biomimetic hand prototype: Prototype 

1.0. The prototype has been developed following a biomimetic approach inspired by 

human hand anatomy. It mimics the human hand both in geometry and function. The 

prototype exhibits all the functionality except abduction/ adduction movement of the 

digits. During grasping operations by human hand, objects arc' held firmly becanse of 

the palm prehension; which is achieved in the prototype by making the palm a two piece 

structure in order to have proper grasp modes. The human wrist is a complex structure 

with eight carpel bones of semicircular surface giving three DoF. This is achieved in 

the prototype by arranging three motors in mutually perpendicular axes. The thumb 

mechanism in the prototype is a simplified version of the human thumb. Further, the 

dynamic constraints have been considered for tendon actuation in the hand as stated 

in section 5.2.1.1. This is subsequently used in the control of the hand. 

Following a two layered control architecture, the prototype reproduce the grasping 

operations involved during 70% of dla with 97.5% accuracy. Control is two layered: 

a SHC recognizes grasp type attempted by the user based on EMG signals; a LHC 

was implemented to control the finger joint torques and angles in the prosthesis for 

the grasp attempted. SHC recognized six grasp types used during 70% of dla. Grasp 

recognition was through RBF kernel SVM using PCA of TFD features. The control in 

the LHC was based on kinematic, static and dynamic analysis. Prototype 1.0 emulates 

the grasping operations following the joint angle trajectories of the human finger during 

natural curling operations. 
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6 

Characteristics of Prototype 1.0 

and A Similarity Index 

Extreme upper limb prosthesis is a well researched topic. There are number of research 

prototypes and a few commercially launched variants. For a wider acceptance among 

amputees, prosthetic hands need to be anthropomorphic i.e. replicate the human hand 

in form and function. However it is difficult to compare and rank prosthetic hands on 

the extent of their being anthropomorphic. Therefore this chapter focus to evolve a 

framework for quantification of anthropomorphism for prosthetic hands. 

Prototype 1.0 is evaluated in terms of the performance requirements of prosthetic 

hands. The requirements listed here are based on the research in prosthetic hands and 

their clinical use (16, 168, 169, 170). The characteristics indicating the anthropomor­

phism are categorized as physical, kinematic and dynamic characteristics. The selection 

of the characteristics are based on the functional requirements of human hand to have a 

clinical score such as Action Research Arm Test (ARAT) (168) and Southampton Hand 

Assessment Procedure (SHAP) (16) equivalent to that of normal upper limb (16, 168). 

These characteristics includes joint range of motion (RoM), DoF, dynamic constraints 

and fingertip force; requirements of a robotic hand to be used as prosthesis (169) such 

as number of joints, number of fingers and number of actuators; geometrical and gen­

eral characteristics to mimic the human hand in form and function (84, 170) such as 

weight and length. The characteristics of Prototype 1.0 vis-a-vis five established pros­

thetic hands viz. DLR Hand, Manus Hand, i-Limb, Southampton Hand and Utah/ 

MIT Hand are evaluated. 
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6.1 Characteristics of Prototype 1.0 

In continuation to the characteristics evaluation, the chapter propose a framework 

for quantification of anthropomorphism of prosthetic hands. A Biomimetic Similarity 

Index (BSI) for comparison of prosthetic hands is reported following the quantification 

of anthropomorphism. The BSI of Prototype 1.0 is compared with five fairly established 

prosthetic hands vis-a-vis human hand. 

6.1 Characteristics of Prototype 1.0 

6.1.1 Physical Characteristics 

6.1.1.1 Size 

Prosthetic hands are expected to possess the shape and size of a human hand. A 

prosthetic hand with unnatural shape and size is far from human hand in terms of 

the functional geometry; which makes it unappealing to the user (20). The size of 

Prototype 1.0 has been computed in terms of the finger length, finger diameter, hand 

length, palm width, palm thickness and total volume. Table 6.1 illustrates the size of 

Prototype 1.0 with respect to the human hand. 

Table 6.1: Size of Human hand and Prototype 1.0 

Performance Human Hand Prototype 1.0 

Each finger diameter 14 mm 14 mm 

Each finger length 92 mm 96 mm 

Hand Length 210 mm 190 mm 

Total Volume 50 cc 47cc 

Wrist width 65mm 65mm 

Palm width and thickness 90 mm 90 mm 

Palm thickness 45mm 45 mm 

The size of prosthetic hands are commonly expressed in terms of the extreme upper 

limb length (171). The prosthetic hand structure should have a length between 180-198 

mm and a width of 75-90 mm to match normal human hand size (1). Table 6.2 shows 

the length of prosthetic hands including Prototype 1.0. Lengths arc in the ranges of 

180 mm to 210 mm. 
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6.1 Characteristics of Prototype 1.0 

Table 6.2: Length of ProsthetIc Hands and Prototype 1 0 

Hands Length in nun 

DLR Hand 190 

Manus Hand 198 

i-Limb 180 

Southampton Hand 185 

Utah/ MIT Hand 188 

Prototype 1.0 210 

6.1.1.2 Weight 

Weight is one of the main reasons for non-acceptance of prosthetic hands by the am­

putees (154). Kay and Rakic (172) have set a requirement that the hand including 

cosmetic glove should remain under 370 grams while other group (173) advocate a 500 

gram weight limit. According to (2), an adult-sized prosthetic hand should weigh less 

than 400 grams; the average weight of human hand (171). The weight of Prototype 1.0 

is 520 grams. Figure 6.1 shows the weight of prosthetic hands versus number of Joints. 

Figure 6.2 shows the weight of prosthetic hands versus number of actuators . 

'<00 

'.200 

~ fOOO 
o .. 
11 
faoo 

, 

-...... • 

• • -­..... 
• 

• 

• 0lR ...... 

"""'lIlT ....... 

_u 
.....t ...... 

O.~~~~~-7.'.~~12--~I.--~I'--~'8~~~~n~~~ 
_d ....... 

Figure 6.1: WeIghts of ProsthetIc Hands and Research prototypes versus number of Jomts 

(Adapted from (171, Table I and II» 
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Figure 6.2: Weights of Prosthetic Hands and Research prototypes versus number of 

Actuators (Adapted from (171, Table I and II» 

6.1.1.3 Degrees of Freedom 

Low DoF characterize low gra.'3ping functionality, lesser flexibility and may lead to 

unstable gra.'3pS (4). Figure 6.3 shows the DoF of prosthetic hands (including Prototype 

1.0) versus the number of joints. It is seen that the DoF increases with the increa.'3e in 

number of joints. The human hand possess 22 DoF. 
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Figure 6.3: DoF versus Number of Joints for Prosthetic Hands (Adapted from (171, 

Table I and II» 
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6.1 Characteristics of Prototype 1.0 

6.1.2 Kinematic Characteristics 

6.1.2.1 Dynamic Constraints 

The finger joint motions must integrate among themselves to form stable grasps. Hu­

man finger joint angles follow inter-joint angular relationships. Dynamic constraints 

(12) ensure such an integration during motion (168) as detailed in Chapter 5. ARAT 

score revealed that dynamic constraints are highly disrupted in stroke subjects (168). 

Table 6.3 shows the dynamic constraints for Prototype 1.0 vis-a-vis prosthetic hands. 

Dynamic constraints for Prototype 1.0 are evaluated following the mathematical for­

mulation in equation 2.1 and 2.2 in Chapter 2; and from simulation results in Chapter 

5. 

6.1.2.2 Range of Motion 

Finger joint range of motion (RoM) is one of the characteristics that determines the 

work volume of the hand. For an anthropomorphic prosthetic hand, the finger joint 

RoM should be close to that of human finger. Each joint in human hand is characterized 

by the geometry of the contacting surfaces and by an angle of movement. Table 6.3 

lists the RoM of Prototype 1.0 vis-a-vis other prosthetic hands. The RoM of Prototype 

1.0 is measured using Jamar Plastic Goniometer. 

Table 6.3: Finger joint RoM and Dynamic Constraints (Adapted from (171, Table III 

and IV)) 

MCP PIP DIP Dynamic Constraints 

Flexion Flexion Flexion DC1 DC2 

i-Limb o to 90 o to 90 o to 20 1 4.5 

Manus Hand o to 70 o to 40 o to 40 1.57 1 

Utah! MIT Hand o to 90 o to 90 o to 90 1 1 

DLR Hand o to 90 o to 90 o to 90 1 1 

Southampton Hand o to 90 o to 110 o to 70 0.8 1.57 

Prototype 1.0 o to 90 o to 110 o to 70 0.8 1.57 
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6.1 Characteristics of Prototype 1.0 

6.1.2.3 Number of Actuators and Hand Complexity 

Number of actuators is one of the important characteristics of a prosthetic hand as 

it decides the number of DoFs and the weight of the hand. Furthermore, several 

joints results in unnatural movements by the prosthetic hands (84). One of the aims of 

biomimetic robotics is to reduce the number of actuators keeping similar hand dexterity 

(174). With this, the little and ring finger in Prototype 1.0 are actuated through com­

mon actuators. Moreover, these two fingers moves together for grasping all spherical 

objects (175). Figure 6.4 shows the number of actuators versus DoF of the prosthetic 

hands. Human hand possess 38 number of actuators (25). 
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Figure 6.4: Number of Actuator versus DoF (Adapted from (171, Table I and II)) 

6.1.3 Dynamic Characteristics 

6.1.3.1 Achievable Grasps 

Increasing the number of achievable grasp types increases the functionality (176). 

Grasp-ability of the most of the prosthetic hands in literature are limited to two to 

fOUI grasp types (177, 178). Prototype 1.0 can execute six grasp types: power, palm­

up, oblique, hook, pinch and precision as shown in Figure 5.12. 
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6.2 Biomimetic Similarity Index 

6.1.3.2 Finger Tip Force 

Figure 6.5 shows the precision grasp force of the prosthetic hands versus their weights. 

Figure 6.6 shows the precision grasp force versus number of actuators. A minimum of 3 

N fingertip force is required in human hand to form a stable grasp (179). Human hand 

can generate a maximum of 20 N fingertip force. The fingertip force of the prosthetic 

hands under study ranges from 2 N to 60 N. Prototype 1.0 can generate a fingertip 

force in the range of 0.6 N to 45 N. 
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Figure 6.5: Precision Grasp Force of Prosthetic hands and research prototype versus 
weights (Adapted from (171, Fig.5)), 

In addition to the above characteristics, number of fingers is an important emphasis 

to mimic the human hand (180, chapter 23). 

6.2 Biomimetic Similarity Index 

For a wider acceptance among amputees, prosthetic hands intends to be anthropomor­

phic i.e. replicate the human hand in form and function. However, it is often difficult to 

compare and rank prosthetic hands on the extent of their being anthropomorphic. BSI 

reflects extent of anthropomorphism and allows a quantitative comparison of different 

prosthetic hands with reference to the human hand. 
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Figure 6.6: Precision Grasp Force of Prosthetic hands and research prototypes versus 

number of actuators (Adapted from (171, Fig.2) 

6.2.1 Metric for Similarity 

A similarity measure determines the relative closeness of the objects to a reference 

object. Ranking the objects based on the magnitudes of their similarity measure with 

respect to the reference object computes the degree of similarity of the objects vis-a­

vis the reference object. This similarity measure can be mapped to the range 0 to 1; 

where 1 shows absolute similarity. A quantitative framework based on matrix algebra 

for computation of such a similarity measure for exploiting functionality of products in 

design-by-analogy have been put forward by McAdams and Wood (181). The similarity 

is influenced by customer needs which drive the product functions having a key impact 

on the resulting design. Along these lines, this section give a method for computing 

biomimetic similarity of prosthetic hands. BSI is intended to give the closeness of 

the prosthetic hands under investigation to the human hand. The philosophy of the 

similarity measure is that anthropomorphism of a prosthetic hand can be expressed in 

terms of functional, geometric and general characteristics. Given a similarity index for 

individual prosthesis, one could rank these prostheses; one with the highest similarity 

index being the closest to the human hand. 

A function-vector would be required to represent the prosthesis' functional, geo­

metrical and general characteristics influencing anthropomorphism. Although anthro­

pomorphism is' subjective, there exist characteristics that prompt one to project the 
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6.2 Biomimetic Similarity Index 

right charactcristics (182). With this to bring objectivity to the process of defining 

biomimetic similarity based on anthropomorphism, the context of anthropomorphism 

is characterized within Formal Concept Analysis (FCA). This follows the work reported 

for creating a security pattern lattice in (183). This characterization is based on the 

surveys encompassing clinical practice in the liteature (16, 168) as well as research in 

prosthetic hands (169,170, 171, 178, 184). The central notio-n of FCA is Galois con­

nection (185), a duality between objects and attributes in an application. The process 

of definmg BSI makes exphclt this relatlOnshlp between requirements for anthropomor­

phism and expected functionalities of the prosthesis based on literature review. 

Formal Context: A formal context is given as < 0, A, I >, where 0 is the set 

of objects (called the extent); A is the set of attributes (called the mtent) and I is a 

mapping between 0 and A. Formal context can be seen as a table between objects and 

attributes. 

Formal Concept: Formal concept analyzes data which describe relationship be­

tween a particular set of objects and a particular set of attributes. A formal concept 

for a context < 0, A, I > IS defined by a two tuple < Ot, At > such that 

ii. Every object in Ot has every attribute in At 

iii. For every object in 0 that is not in 0" there is an attribute in At which that 

object does not have and 

iv. For every attribute in A that is not in A" there is an object in Ot that does not 

have that attribute. 

Function-Vector: A function-vector is the description of the extreme upper limb 

in terms of its characteristics that are required to be achieved by the prosthesis in order 

to completely represent the natural counterpart. Concept covering the characteristics of 

anthropomorphism is taken as the function-vector. It is described in terms offunctional, 

geometrical and general characteristics of prosthesis. 

A formal context of anthropomorphism is constructed for [i.]. clarity in understand­

ing the object to attribute relation and [Ii 1 deciding on the minimal set of attributes 
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covering all of the given objects. Table 6.4 shows the formal context of anthropomor­

phism. 

Graphical interpretation of the prosthesis function-vector and similarity projection 

of such a vector on to the human hand is shown in Figure 6.7. 
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Figure 6.7: Graphical interpretation of prosthesls function-vector similarity projection 

on human hand 

Each prosthesis is represented as p~ in terms of its fUnction-vector ff p,' ff H is 

the human hand function-vector. Prosthetic A (resp. Prosthetic B) is represented as 

a function of its functional, geometric and general characteristics (FA, G A, C A) (resp. 

(FB,GB,CB)). The solid lines in Figure 6.7 represents the function-vectors for the 

prostheses and the human hand. The component characteristics of each prosthesis is 

represented as dotted lines. The projection of Prosthetic A (resp. Prosthetic B) to the 

human hand as shown in Figure 6.7 begets the BSI P A (resp. P B)' 

Prosthetic-Functional Matrix: In order to carry out similarity projection based 

on a function-vector, a prosthetic-functional matrix, <[> is constructed. The prosthetie­

functional matrix results out of collecting the prostheses' function-vectors as rows and 
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prostheses under investigation as columns. 

6.2.2 Function-Vector Characteristics 

An approach to derive the concept that best describes the anthropomorphism is pre­

sented in this section. It is through FCA supported by the research in clinical practice 

and prosthetic hands (16,168,169,170). Functional, geometric and general character­

istics arc the objects indicating anthropomorphism. Formal context of anthropomor­

phism is expressed as 

(0, A,I) 

where 

0= {Functional, Geometric, General} is the set of objects 

A = {DoF, RoM:MCP, RoM:DIP, RoM.PIP, DC1, DC2, Fingcrtip Forcc, Number of 

Fingers, Number of Joints, Hand Length, Weight, Number of Actuators} is the set of 

attributes 

I is the relation between ° and A; expressed as per Table 6.4. The object to attribute 

mapping is based on 

a. functional requirements of human hand to have a clinical score equivalent to that 

of normal upper limb (16, 168) 

b. requirements of a robotic hand to be used as prosthesis (169) and 

c. geometrical and general characteristics to mimic the human hand in form and 

function (84, 170). 

The entries for I, the matrix of relation between objects and attributes is shown in 

Table 6.4. Figure 6.8 shows the formal concept lattice for the context of anthropo­

morphism (186). Eight concepts as tabulated in Table 6.5 are observed; including the 

functional, geometnc and general characteristics as individual concepts. 
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Table 6.4: Formal Context of Anthropomorphism. 

~ Attributes 
Functional Geometric 

DoF x 

RoM:MCP x 

RoM:PIP x 

RoM:DIP x 

DCl x 

DC2 x 

Fingertip Force x 

N umber of Fingers x 

Number of Joints x x 

Palm Length x 

Weight 

Number of Actuators x 

I FunciiDll3l Ge=lncaJ ana General I 

I Dol ...... lJCP.Ro>J.PIl'.loM.DIP,DC1,oa.Nudoaof-.-. I 
NadIa cl~ W"Pal:m~F~fartll.t-.""'Mlo=::a:b 

General 

x 

x 

x 

Figure 6.8: Concept Lattice for the context of anthropomorphism. Grey boxes are at­

tributes and white boxes are objects 
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Table 6.5: Concepts of Anthropomorphism 

( {General, Geometric}, {Palm Length}) 

( {General, Functional}, {Fingertip Force}) 

({Geometric, Functional},{Number of Joints}) 

( {General}, {Weight} ) 

({ Geometric}, {Number of Fingers} ) 

({Functional},{DCI, DC2, RoM:MCP, RoM:DIP, RoM:PIP, DoF, Number of Actuators}) 

({},{DoF, RoM:MCP, RoM:DIP, RoM:PIP, DCI, DC2, Fingertip Force, 

Number of Fingers, Number of Joints, Palm Length, Weight, Number of Actuators}) 

({Functional, Geometric, General}, {} ) 

6.2.3 Derivation of A Biomimetic Similarity Index 

McAdams and Woods (181) procedure is followed to arrive at a quantitative metric of 

similarity to a given reference for prosthetic hands. The human hand is considered as 

reference. To compensate the variations in function-vectors of the prosthetic hands, 

the elements of <I> are weighted using the weighing function: 

where 

<I>ij = 

fj 

'f}j = 

fl'i = 

P, = 

fj po 
Vij = <I>ij.- . .!. 

'f}j /1 

Element of the metric <I> at the ith row and lhcolumn 
sum of all the elements in <I> 

number of columns 
Columns sum of <I> 
m 

L H (<I>ij) with III = total number of clements in <I> 

j=1 

m n 

LLH(<I>ij) 
i=1 j=l 

H is the Heaviside function and is defined as 

H(x) Iwhenx#O 

= 0 otherwise 
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6.2 Biomimetic Similarity Index 

The weighted prosthetic-functional matrix is normalized to make its norm unity. The 

inner product of the normalized prosthetic-functional matrix and human hand function­

vector § H gives projection of the prostheses on to the human hand. The index so 

obtained is a measure of biomimetic similarity and christened BSI. A BSI of unity 

represents the human hand. 

The prosthetic-functional matrix q> for i- Limb, Manus Hand, Utah/MIT Hand, 

DLR/HIT, Southampton and Prototype 1.0 are constructed as shown below. 

-0 .: 
'" 0 ::r: .: -0 .... -0 

E-< 0 .: 
~ -0 A. '" Q) H 

~ ::r: 
t: ::r: ::;; ~ .D III ::r: 0:: 

.E E " 
--.. ..c: '" c ] ~ ~ Ei 

0 ..3 '" ...:i " 0':: 0 
• .!. ::;; :::> 0 Ul ::r: 

DoF 15 11 3 13 15 6 22 

RoM: MCP Joint 90 90 70 90 90 90 90 

:PIP Joint 110 90 40 90 90 70 110 

:DIP Joint 70 20 40 90 90 70 70 

Constraints: DC1 0.8 1 1.75 1 .8 .8 

: DC2 1.57 4.5 1 1 1.57 1.57 

Fingertip Force 45 10.8 60 2 10 9.2 20 

Number of Fingers 5 5 5 4 5 5 5 

Number of Joints 18 II 9 18 20 14 22 

Palm Length 210 180 198 188 190 185 190 

Weight 520 615 1200 900 1500 520 400 

Number of Actuators 12 5 2 32 15 6 38 

The human hand is considered as the reference. The human hand matrix S is given 

below. 

HumanHand 

DoF 22 

RoM: MCP Joint 90 
.PIP Joint 110 

:DIP Joint 70 

Constraints: DC1 08 
: DC2 1.57 

Fingertip Force 20 
Number of Fingers [> 

Number of Joints 22 
Palm Length 190 

Weight 400 
Number of Actuators 38 

To make the importance of all the elements in the prosthetic-functional matrix 

equal, each clements of the prosthetic-functional matrix is weighted with the weighing 
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6.2 Biomimetic Similarity Index 

function v;,J' The weighted matrix N is shown below. 

'tl 

~ 
0 

'tl :z:: a "0 
0 ~ c:: 

~ 
'tl ... 

<II <0 a 0- :z:: 
~ :z:: <0 a ..., .a '" -- ::r: <0 ;a 
.E a :0 ..<:: 

c:: ~ ~ ;:; a 
0 

~ 
<0 ..:l :l 

P:: ::E 
... 0 :z:: ::> Q UJ 

DoF 255 198 034 170 138 114 425 

RoM MCP JOint 1530 1620 804 1180 830 17 24 1739 

PIP Jomt 1870 1620 459 1180 830 1341 2126 

DIP Jomt 1190 360 459 1180 830 1341 1352 

Constramts DCl 136 018 020 013 009 015 015 

DC2 027 081 011 013 009 030 030 

Fmgertlp Force 765 194 689 026 090 176 386 

Number of Fmgers 085 090 057 052 045 095 097 

Number of Jomts 306 198 103 234 184 268 425 

Palm Length 3570 3240 2276 2444 1756 3540 3672 

Weight 8840 11070 13795 11700 13864 9966 7730 

Number of Actuators 204 090 023 416 138 114 734 

To review the functional similarity of the prosthetic hands, the function-vectors in 

the weighted prosthetic-functional matrix is normalized so that their norm is unity. On 

normalization, N becomes N and is given as: 

'tl 

~ 
0 

-0 :z:: 0 " c:: t:: 'tl ... ~ 
III <0 a 0- ::r: a. :z:: ~ cd S 
~ .0 !J) ::r: <0 c:: 
0 S :0 --- ..c <0 ..., 

~ 
..<:: ~ ... a 0 

~ 
cd ..:l ::s ::s 

P:: ::E 
.., 

0 ::> Q UJ ::r: 
DoF 003 002 001 001 011 001 005 

RoM MCP Jomt 015 013 005 009 006 015 020 

PIP Jomt 018 013 003 009 006 012 023 

DIP Jomt 012 003 003 009 001 012 014 

Constramts DC1 002 001 001 001 001 001 001 

DC2 001 001 001 001 001 001 001 

Fmgertlp Force 008 002 005 001 001 002 004 

Number of Fmgers 001 001 001 001 001 001 001 

Number of Jomts 003 002 001 002 002 002 005 

Palm Length 035 027 016 020 033 033 040 

Weight 089 094 098 096 091 091 085 

Number of Actuators 002 001 001 003 001 001 008 

The inner product of the reference matrix S and the N gives the projection of the 

prosthetic hands onto the human hand in function-vector space. This is a measure of 

biomimetie similarity. The similarity index shows the extend of anthropomorphism of 
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the prosthetic hands under study including Prototype 1.0 with reference to the human 

hand. 

." a 
0 -g :x:: c: ." ..< t: 2 c: 

." OJ ., '" c: 0. :x:: Q. :x:: ~ '" E .c .D tn -... :x:: '" c: 
0 e ::I -5 OJ .., 

~ 
.c ~ E 0 i 
<II g ... :5 ...:l :;:J 

p.. ~ 0 C/J :x:: 

BS! 0.96 0.94 0.89 0.92 0.89 095 1.00 

6.3 Summary 

A formalism have been presented to compute BSI for prosthetic hands. The BSI re­

flects extent of anthropomorphism and is a measure of closeness of a prosthetic hand to 

human hand. This allows a quantitative comparison of different prosthetic hands. This 

was computed over a set of functions that reflect functional and geometric biomimesis 

represented as a function-vector. The function-vector was characterized within a for­

mal context of anthropomorphism; the context was constructed using FCA. This gives 

objectivity to what would one like to term as anthropomorphic and allows to decide 

which of the attributes contributes or best describes anthropomorphism of a prosthetic 

hand. The decision of the function-'vector was arrived through a literature review of re­

search in clinical practice and prosthetic hands. The objectivity of anthropomorphism 

is subjective to the set of attributes in the function-vector. A different set of attributes 

in the function-vector would result in different anthropomorphic measures. Defining 

the attributes in the function-vector remains as an open challenge. 

Five prosthetic hands: DLR Hand, i-Limb, Manus Hand, Utah/ MIT Hand and 

Southampton Hand apart from the Prototype 1.0 have been considered for computing 

the BSI. It was interesting to note that BSI reflects quantitatively what one could 

qualitatively derive from (171). Southampton Hand and i-Limb could be categorized 

into one cluster and the remaining three (Manus, Utah/MIT and DLR) into another 

cluster as per tabulations reported in (171). Properties of Prototype 1.0 are closer to 

Southampton Hand and i-Limb. Prototype 1.0, Southampton and i-Limb have BSI 

of 0.96, 0.94 and 0.95 respectively; whereas the hands in the other cluster: Manus, 

Utah/MIT and DLR have BSI of 0.89, 0.92 and 0.89 respectively. BSI is a quantitative 

categorization of prosthetic hand's similarity. 
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7 

Conclusions and Future Work 

In this chapter, I shall summarize the main results of the thesis and point to the 

directions towards future work. First, I shall discuss the results on the EMG based 

recognition of six grasp types used during 70% of dla. Then, I shall summarize the 

results on the biomimetic hand with EMG based grasp emulation followed by the BSI 

for prosthetic hands. This summary leads to the issues to be encountered for future 

research and discussed m the final sectlOn. 

7.1 Conclusions 

In recent years, much research has been done in the area of rehabilitation robotics world­

widC' I havC' prC'Bcntcd a gC'Deral llndC'rstandmg of thc field and particular insight into 

the lines of research in Chapter 1, which originated and inspired the work undertaken in 

this thesis. The literature review starting from EMG based grasp recognition towards 

the control of a prosthetic hand grasping reveals that a biomimetic hand with EMG 

based grasp emulation holds promise. 

This research highlighted some of the important issues involved in successful use 

of prosthetic hands as if it were a natural part of the body. Present prosthesis (both 

commercial and research prototypes) are far from the natural counterparts in terms 

of both EMG based control and functional geometry. Further, they are non-intuitive 

being controlled through dissociate muscle remnants action or higher number of EMG 

channels. The work reported in this thesis focused on the development of a biomimetic 

hand with EMG based grasp emulation. Development of such a hand involves the 
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recognition of grasp types used during dla as well as a biomimetic hand development 

inspired by human hand anatomy. I have concentrated on the recognition of six grasp 

types; power, palm-up, oblique, hook, pinch and precision based on EMG signals. 

These six grasps are of slgmficance as they are used dunng 70% of dla. A biomimetic 

hand mimicking the functional geometry i.e. both static and dynamic ,constraints of 

the human hand was developed. 

7.1.1 EMG based Grasp Recognition 

The material and methods followed for acquisition of EMG signals were discussed in 

Chapter 3. An experimental protocol for acquisition of EMG signals from the resting 

state of the hand to grasping state followed by the releasing the grasp and returning to 

the rest has been presented. The chapter discusses three grasp recognition architectures 

and initial experImental results were presented. In architecture-I, six grasp types under 

study have been recognized with an average recognitIOn rate of 77%. The classification 

was through, a SVM classifier followed by a FFT classifier In the grasp recognition 

architecture-II, classificatIOn was done in a single step through a linear kernel SVM and 

an average recognition rate of 80% and 84% were achieved using CWT and DWT fea­

tures. SWC have been used as feature set for clasSification through a RBF kernel SVM 

in grasp recognition architecture-III. An average recognition rate of 86% was achieved 

for the six grasp types. Through these grasp recognition architectures, following facts 

have been established: 

• CWT function coefficient~ of the EMG signals hdving entropy values close to 

the entropy values of prerpocessed EMG signals possess maximum informations 

about the grasp types. 

• SWC IS established as a primal feature for classification of grasp types. 

EMG based grasp recognition result comparable to that reported in the literature is 

presented in Chapter 4. This chapter focuses on the derivation of a low dimensional 

yet informative and dlstmguishing feature set to significantly increase the performance 

of low channel EMG based grasp types recognition. Grasps cla.'lsification experiments 

have been carried out with four groups of features: TD, FD, TFD and PCA of TFD 

features m quest of an effiCIent feature set for higher recognition rate. The transition 
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from one feature set to another is based on the linear relationship of each feature set 

with the grasp types. It was based on the R2-value obtained through ANOVA. PCA of 

TFD features reported an average recognition rate 97.5% for the six grasp types under 

study based on two channel EMG. The reported result is better in terms of the number 

of EMG channels involved, number of grasp types and the recognition rate as presented 

in Table 4.16 in Chapter 4. 

7.1.2 A Biomimetic Hand with EMG based Grasp Emulation 

The development of a biomimetic hand inspired by human hand anatomy is reported 

in Chapter 5. The prototype has been developed following a biomimetic approach 

inspired by human hand anatomy. It mimics the human hand in its form satisfying the 

static and dynamic constraints. This results into a BS1 of 0.96; which is the highest 

among the BS1 ot five trurly established prosthetIc hands as elaborated in Chapter 6. 

Further, the dynamic constraints have been considered for tendon actuation in the hand 

as stated in section 5.2.1.1. This is subsequently used in the control of the hand. A 

two layered control architecture: SHC and LHC is presented in Figure 5.4. SHC is for 

the recognition of the grasp types attempted by the user based on the EMG signals. 

The LHC emulate the Identified grasp type in Prototype 1 0 Prototype 1.0 follows the 

human-like finger joint trajectones and ensures stable grasping operations. 

7.1.3 A Biomimetic Similarity Index 

An index for comparative evaluation of the available prosthetic hands with reference 

to the human hand is of importance. Towards the end of this research, a BS1 for evalu­

ation of the prosthetic hands in terms of anthropomorphism is proposed in Chapter 6. 

Five fairly established prosthetic hands have been compared with Prototype 1.0. Pro­

totype 1.0, developed through a biomimetic approach reports the highest BSI of 0.96. 

Biomimetic design leads to higher anthropomorphism of robotic hands; biomimetic 

design should result in a higher BSI. Prototype 1.0 is a case in point. 

A similar metric for comparing the anthropomorphic motion capability of artifiCIal 

hands have been reported parallel to my work by a group of researchers supported by 

European Union (EU) 1ST FP7 Integrated Project, EU European Research Council 

project and Swedish Foundation for Strategic Research. The metric is for comparing 

the anthropomorphic motion capability of robotic and prosthetIc hands. The metric is 
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based on the evaluation of how many different postures or configurations a hand can 

perform by studying the reachable set of fingertip poses. It does not take into account 

the functional as well as geometric characteristics required to replicate a prosthetic 

hand as in the case of BSI reported in this thesis (187). Furthermore, although scores 

such as ARAT and SHAP can be used for evaluating prosthetic hands; it is often 

difficult to rank one with respect to other based on its extent of anthropomorphism. 

Therefore, formulation of a biomimetic index for comparison of prosthetic hands is 

novel and hitherto not reported in the literature. A high BSI i.e., anthropomorphism 

alone may not be the only criteria for wider acceptance of a prosthetic hands. Clinical 

studies can only evaluate BSI as a criteria. 

7.2 Future Work 

There remain many avenues for further research. Some of the issues to be explored for 

further improvement of Prototype 1.0 concern with the EMG based grasp recognition 

whilst others may lead to the application of Prototype 1.0 as a prosthetic hand for 

amputees. 

7.2.1 Further evaluation of the EMG based Grasp Recognition 

7.2.1.1 Use of Different Classifier 

As presented in Chapter 3 and 4, the work concentrated on EMG based grasp classifica­

tion through SVM. ANN, FL based classifiers are the most used method in classifying 

the EMG signals. Even though the developed grasp recognition system has shown its 

usefulness in classifying the EMG signals, a further evaluation using ANN, FL based 

classifiers is needed In addition to this, a neuro-fuzzy clasSIfier could also be inves­

tigated as it is a combination of ANN and fuzzy logic and may improve the system 

performance. All these methods would require training data from the individual user 

of the system which is a disadvantage. 

7.2.1.2 Use of Different Data Sets 

In the work presented in this thesis, the system was tested with EMG data from normal 

healthy subjects. It is expected that there will be not much difference in the system 

performance between healthy people and people with amputation based on the research 
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findings reported III (8) However, for final llnplementatlOn of the prototype as a 

prosthesis, study on the grasp recognition system that uses amputees EMG from their 

remnant muscle IS needed. 

7.2.2 Implementation into a Microcontroller 

A biomimetic hand prototype with EMG based grasp emulatIOn: Prototype l.0 has been 

developed. It is very important to implement the EMG based grasp emulation system 

in a microcontroller for a real time application to provide a practical and small system. 

The most critical part is to implement the EMG based grasp recognition architecture 

into a micro controller. In addition, it should be accompanied with the miniaturization 

of the driver circuit so that the complete system can be fitted into an artificial slave 

One of the challenges in this is to use a power supply (i.e. battery) of smaller size as 

well of longer back-up. Another task to be completed for real time application is to 

use a skin-covering to imitate the natural aesthetic. A dedicated clinical trials with the 

amputees is one of another important aspects so that the prototype can reach the end 

user with a good warranty. 
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Appendix-I: IEMG and nIEMG 

Signals 

EM G is easily affected by undesired signal that come from different sources such as 

electromagnetic interference between the signal carrying conductors with other signal 

carrying conductors, ground lines, power lines, electromagnetic radiation etc. In ad­

dition, for surface electrode instrumentation, subjective issues may arise due to its 

coupling with skin. After acquisition, EMG signal was filtered using a band-pass filter 

to reduce noise. The signal was nC'xt. amplifiC'd wit.h a high CMRR amplifiC'f. Also a 

notch filter at 50 Hz to eliminate power line noise was exerted. Finally the signal was 

sampled at 10 KHz sampling rate and transferred to an HP based personal computer 

for further analysis. This appendix shows the IEMG signals for the six grasp types in 

Figure 1.1 through to Figure 1.6 for a single subject. 
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Figure I.1: IEMG signal for Power Grasp 
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FIgure 1.2: IEMG signal for Palm-up Grasp 
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Figure 1.3: IEMG signal for Hook Grasp 
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Figure 1.4: IEMG signal for Oblique Grasp 
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Figure 1.5: IEMG signal for Precision Grasp 
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Figure 1.6: IEMG signal for Pinch Grasp 

Appendix-I 

In order to overcome the subjectivity of the signals, MVC normalization was used. 

The specifications of the preprocessing unit is as stated in section 3.2.2 in Chapter 3. 

The nIEMG signals for the six grasp types are shown in Figure 1. 7 through Figure I.12 

in this appendix. The preprocessed two channel nIEMG signals shown in this appendix 

arc for six grasp types of one subject. 
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Figure 1.7: Normalized IEMG signal for Power Grasp 
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Figure 1.8: Normalized IEMG signal for Palm-up Grasp 
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Figure 1.9: Normalized IEMG signal for Hook Grasp 
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Figure 1.11: Normalized IEMG signal for Precision Grasp 
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Figure I 12: Normalized IEMG signal for Pinch Grasp 
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Appendix-II: EMG Signals in 

Time / Frequency Domain 

WT is one of the most powerful signal processing tools for EMG recognition. I have 

investigated the EMG features from third level wavelet decomposition of the EMG sig­

nal as reported in Chapter 4. The results in this appendix shows the approximate WT 

coefficients at first, second and third level of decomposition using five mother wavelet 

functions: Biorthogonal, Symlet 4, Coiflet 2, Daubichies 2 and Haar for two channel 

EMG signals for one subject performing six grasp types. The approximate coefficients 

obtained at first, second and third level of decomposition through Biorthogonal WT 

for the six grasp types under study are shown in Figure II.1 through Figure JI.12. 
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Figure 11.1: Biorthogonal WT coefficients of EMG channell for power grasp 
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First Level Approximate coefficients of Blorthogonal WT 
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FIgure II 2 BlOrthogonal WT coefficIents of EMG channel 2 for power grasp 
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FIgure II 3 Symlet 4 WT coeffiCIents of EMG channell for palm-up grasp 
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First Level Approximate coefficients of Blorthogonal WT 
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Figure II 4 BlOrthogonal WT coefficients of EMG channel 2 for palm-up grasp 
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Figure II 5 BlOrthogonal WT coeffiCients of EMG channell for hook grasp 
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Figure 11.6: Biorthogonal WT coefficients of EMG channel 2 for hook grasp 
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Figure 11.7: Biorthogonal WT coefficients of EMG channell for oblique grasp 
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First Level Approximate coefficients of Biorthogonal wr 
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Figure ll.8: Biorthogonal WT coefficients of EMG channel 2 for oblique grasp 
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Figure 11.9: Biorthogonal WT coefficients of EMG channell for pinch grasp 
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First Level Approximate coefficients of Blorthogonal WT 

i:~l 
o 200 400 600 800 1000 1200 1400 

Number of Samples 

Second Level Approximate coeffiCients of Blorthogonal WT 

i:~l 
o 100 200 300 400 500 600 700 

Number of Samples 

Third Level ApprOXimate coeffiCients of BlOrthogonal WT 

i:~l 
o 50 100 150 200 250 300 350 

Number of Samples 

Figure IUD. BlOrthogonal WT coeffiCIents of EMG channel 2 for pinch grasp 
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Figure II.ll: Biorthogonal WT coeffiCients of EMG channell for precision grasp 
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First Level ApproXImate coeffiCients of Blorthogonal WT 
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FIgure II 12 BlOrthogonal WT coefficIents of EMG channel 2 fOJ pleclsion grasp 

The apprOXImate coefficIents obtamed at first, second and thIrd level of decompo­

sItion through COlfiet 2 WT for two channel EMG of SIX grasp types under study are 

shown in Figure II.13 through Figure II.24. 
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FIgure 11.13 COlfiet 2 WT coefficients of EMG channell for power grasp 
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First Level Approximate coefficients of Coiflet 2 WT 
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Figure II.l4: Coifiet 2 WT coefficients of EMG channel 2 for power grasp 
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Figure ILl5: Coiflet 2 WT coefficients of EMG channell for palm-up grasp 
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First Level Approximate coefficients of Coiftet 2 WT 
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Figure II.16: Coiflet 2 WT coefficients of EMG channel 2 for palm-up grasp 
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Fig, nre II.17: Coiflet. 2 WT coefficients of EM G channel 1 for hook grasp 
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Figure IU8 COiflet 2 WT coefficients of EMG channel 2 for hook grasp 
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Figure 1I.19: Coiflet 2 WT coefficlCnts of EMG channel 1 for oblique grasp 

178 



Appendix-II 
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Figure 11.20: Coiflet 2 WT coefficients of EMG channel 2 for oblique grasp 
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Figure 1l.21: Coiflet 2 WT coefficients of EMG channell for pinch grasp 
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First Level Approximate coefficients of COlllet 2 WT 
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FIgure II 22 COlfiet 2 WT coeffiCients of EMG channel 2 for pInch grasp 
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FIgure II 23 COlfiet 2 WT coefficIents of EMG channell for precIsIon grasp 
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Figure TI.24: Coiflet 2 WT coefficiellts of EMG channel 2 for precision grasp 

The approximate coefficients obtained at first, second and third level of decomposi­

tion through Daubichies WT for two channel EMG of six grasp types under study are 

shown in Figure 11.25 through Figure II.36. 
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Figure 11.25: Daubechies WT coefficients of EMG channell for power grasp 
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FIgure II 26 Daubechles WT coefficIents of EMG channel 2 for power grasp 
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FIgure II 27 Daubechles WT coefficIents of EMG channell for palm-up grasp 
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Figure 11.28: Daubechies WT coefficients of EMG channel 2 for palm-up grasp 
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Figure II.29: Daubechies WT coefficients of EMG channell for hook grasp 

183 



Appendix-II 

First Level Approximate coefficients of Daubechies 2 WT 

I:~l 
a 200 400 600 800 1000 1200 1400 

Number of Samples 

Second Level Approximate coefficients of Daubechies 2 WT 

I:~l 
a 100 200 300 400 500 600 700 

Number of Samples 

Third Level Approximate coefficients of Daubechies 2 WT 

I:~l 
a 50 100 150 200 250 300 350 

Number of Samples 

Figure 11.30: Daubechies WT coefficients of EMG channel 2 for hook grasp 

First Level Approximate coefficients of Daubechies 2 WT 

I:~l 
a 200 400 600 800 1000 1200 1400 

Number of Samples 

Second Level Approximate coefficients of Daubechies 2 WT 

I:~l 
a 100 200 300 400 500 600 700 

Number of Samples 

Third level Approximate coefficients of Daubechles 2 WT 

I:~l 
o 50 100 150 200 250 300 350 

Number of Samples 

Figure 11.31: Daubechies WT coefficients of EMG channell for oblique grasp 
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First Level Approximate coefficients of Daubechies 2 WT 

I:~l 
o 200 400 600 800 1000 1200 1400 

Number of Samples 

Second Level Approximate coefficients of Daubechles 2 WT 

I:~l 
o 100 200 300 400 500 600 700 

Number of Samples 

Third Level ApprOXimate coefficients of Daubechies 2 WT 

i:~l 
o 50 100 150 200 250 300 350 

Number of Samples 

Figure 11.32: Daubechles WT coefficients of EMG channel 2 for oblique grasp 
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Figure 11.33: Daubechies WT coefficients of EMG channel 1 for precision grasp 
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First Level Approximate coefficients of Daubechies 2 WT 
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Figure 11.34: Daubechies WT coefficients of EMG channel 2 for precision grasp 
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Figure II.35: Daubechies WT coefficients of EMG channell for pinch grasp 
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Figure 1I.36 Daubechies WT coefficients of EMG channel 2 for pinch grasp 

The approximate coefficients obtained at first, second and third level of decomposi­

tion through Haar WT for two channel EMG of six grasp types under study are shown 

in Figure II.37 through Figure II.48. 
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Figure 1I.37: Haar WT coefficients of EMG channell for power grasp 
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Figure II.38: Haar WT coefficients of EMG channel 2 for power grasp 
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Figure 11.39: I-Iaar WT coefficients of EMG channel 1 for palm-up grasp 
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Figure 11.40: Haar WT coefficients of EMG channel 2 for palm-up grasp 
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Figure 11.41: Haar WT coefficients of EMG channell for hook grasp 
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FIgure II 42 Haar WT coefficIents of EMG channel 2 for hook grasp 
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FIgure II 43 Haar WT coefficIents of EMG channell for oblIque grasp 
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Flgure II 44 Haar WT coefficlents of EMG channel 2 for obhque grasp 

First Level Approximate coefficients of Haar wr 

I:~l 
o 200 400 600 800 1000 1200 1400 

Number of Samples 

Second Level Approximate coefficients of Haar wr 

I:~l 
/ 0 100 200 300 400 500 600 700 

Number of Samples 

Third Level Approximate coefficients of Haar wr 

j:~l 
o 50 100 150 200 250 300 350 

Number of Samples 

Flgure II 45 Haar WT coeffiCients of EMG channell for preClSlOn grasp 
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FIgure II.46 Haar WT coefficients of EMG channel 2 for precision grasp 
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FIgure II.47 Haar WT poeffiClents of EMG channell for pinch grasp 
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Figure 1I.48: Haar WT coefficients of EMG channel 2 for pinch grasp 

The approximate coefficients obtained at first, second and third level of decompo­

sition through Symlet WT for two channel EMG of six grasp types under study are 

shown in Figure I1.49 through Figure II.60. 
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Figure 11.49: Symlet 4 WT coefficients of EMG channell for power grasp 

193 



Appendix-II 

First Level Approximate coefficients of Symlet 4 WT 

I:~l 
o 200 400 600 800 1000 1200 1400 

Number of Samples 

Second Level Approximate coefficients of Symlet 4 WT 

I:~l 
o 100 200 300 400 500 600 700 

Number of Samples 
Third Level Approximate coefficients of Symlet 4 WT 

I:~l 
o 50 100 150 200 250 300 350 

Number of Samples 

Figure 11.50: Symlet 4 WT coefficients of EMG channel 2 for power grasp 
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Figure II.51: Symlet 4 WT coefficients of EMG channel 1 for palm-up grasp 
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Figure II.52: Symlet 4 WT coefficients of EMG channel 2 for palm-up grasp 
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Figure II.53: Symlet 4 WT coefficients of EMG channell for hook grasp 
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Figure II.54: Symlet 4 WT coefficients of EMG channel 2 for hook grasp 
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Figure II;55: Symlet 4 WT coefficients of EMG channell for oblique grasp 
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Figure 11.56: Symlet 4 WT coefficients of EMG channel 2 for oblique grasp 
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Fignre 11.57: Symlet 4 WT coefficients of EMG channel 1 for precision grasp 
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Figure 1I.58: Symlet 4 WT coefficients of EMG channel 2 for precision grasp 
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Figure II.59: Symlet 4 WT coefficients of EMG channell for pinch grasp 
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Figure II 60: Syrnlet 4 WT coefficients of EMG channel 2 for pinch grasp 
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Appendix-III: Simulation Results 
of Prototype 1.0' 

For stable grasping, the finger joint trajectories of Prototype 1.0 should follow the 

human finger joints t.rajectories. For finding the' torqnes (as tabulated in Table 5.8) 

to be applied to the finger joints of Prototype 1.0 to follow natural trajectories, the 

corresponding finger joint trajectory, velocity and acceleration have been computed. 

The results of finger joint trajectories, velocities and accelerations are shown in this 

appendix in Figure III.1 through Figure III.12. 
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Figure III.I: Joint trajectory, velocity and acceleration of the Index Finger DIP joint 
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Figure III.2: Joint trajectory, velocity and acceleration of the Index Finger PIP joint 
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Figure 111.3: Joint trajectory, velocity and acceleratlon of the Index Finger MCP joint 
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Figure 1I1.4: Joint trajectory, velocity and acceleration of the Middle Finger DIP joint 

35r--~---, 

30 ~ 
25 

Q) 

~ 
C'I 

c3 20 
.s 
Q) 

rn 
~ 15 
"E 
·0 -, 

10 

5 

lJ 
O~-'-----' 

o 50 100 
Time in msec 

250r--~--' 

200 

~ 150 

~ 
~ 
C'I 100 
Q) 

o 

~ 50 
0:: 
"E 
6 -, 0 

-5( v 

-1010----'----' 
o 50 100 
Time in msec 

5000~~,---, 

4000 

"'u 
c'l 3000 
Qj 
~ 
C'I 

c3 2000 
.s 
c: 
~ 1000 
~ 
Q) 

~ 
:i. 
"E 

o 

~ -100 

-200( 

-30010-0---=5:':-0---'100 

Time in msec 

Figure 1I1.5: Joint trajectory, velocity and acceleration of the Middle Finger PIP joint 
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Figure IlL8: Joint trajectory, velocity and acceleration of the Ring Finger PIP joint 
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Figure III.9: Joint trajectory, velocity and acceleration of the Ring Finger MCP joint 
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Figure III 10' Joint trajectory, velocity and acceleratIOn of the Llttle Finger DIP joint 
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Figure III 11' Jomt trajectory, velocity and acceleration of the Llttle Fmger PIP jomt 
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Figure 1II.12: Joint trajectory, velocity and acceleration of the Little Finger MCP joint 
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