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INTRODUCTION

Over 1.2 million people in America have missing limbs resulting from combat (e.g., wars and other conflicts) and
non-combat (e.g., accidents, birth defects) operations. Thus, availability of artificial limbs will help these people to
lead a more normal life. Although artificial devices have been around for the last 30 years, there are no artificial
hands that fully simulate the various natural/human-like operations of moving, grasping, lifting, and twisting.
Moreover, prosthetic devices still pose significant biocompatibility problems, that need to be addressed and tissues
surrounding implants develop —nflammatory reactions”.

The present Phase II of Smart Prosthetic Hand Technology focuses on the four closely connected areas of EMG
signal identification and estimation, hand motion estimation, intelligent embedded systems and control, robotic hand
and biocompatibility and signaling. The developed identification algorithm using a new sensor array, a proposed
hybrid estimation algorithm will provide for the decomposition and inference of multiple signals. Different
categories of amputation level will be simulated and the identification of EMG signals will be tested and adapted to
these different cases. Next, the proposed sensing and actuation system for the artificial hand overcomes the
limitations on dexterous manipulation of the prosthetic hands. Strategies on grasping and manipulation will be
developed to complement the myoelectric signals. The proposed fusion of soft and hard embedded control systems
strategy will alleviate the present problems associated with prosthetic devices. Finally, by investigating into the
issues of the inflammatory responses of cells/tissues in response to an artificial implant and the interference with
signaling of the artificial implant, the design of our in-vitro model will ultimately improve the design and construct a
functional and biocompatible artificial limb.

BODY
GOAL 1: EMG Signal Identification:
1. Overview

Prosthesis can be greatly useful for the amputees which can impact their life in a positive way. The objective of
this research is to design a _Smart Prosthetic Hand* for the people with upper extremity amputations. In control part
of the prosthesis we have two main objectives, force and position control. Therefore, to have an effective control of
force and position we need to have the information of force and positions in advance. This makes it absolutely
necessary to have an estimation scheme or model in place that can compute the required position and force to
perform a specific task of grasping or manipulation. There has been active research in past towards prosthetic hand
design that have similar functionality and appearance as human hands [1, 2]. Surface electromyographic (SEMQG)
signals are the sole control input for most of these research works where the recorded sEMG signal is used as an
input to activate the prosthesis. SEMG signals depend on the flow of specific ions including sodium (Na¥),
potassium (¥ *) and calcium (€z*7) resulting in the action potentials in nerves and their respective skeletal muscle
fibres which get activated and controlled by the central nervous system. These ion exchanges cause a potential
difference across neuronal membranes which can be measured as an electrical voltage change [3]. An EMG signal
recorded on the surface of the limb is expressed as an electric voltage ranging, between -5 and +5 mV. The
movement and force control of the prosthesis in [4, 5] uses SEMG signal as an input to the controller. Past research
results show that EMG signal amplitude generally increases with skeletal muscle force. However, this relationship is
not always same; as there are other factors that influence the muscular force. There are numerous factors such as the
varying motor unit recruitments, crosstalk, and biochemical interaction within the muscular fibres that affect the
SEMG signals. This makes EMG signals random, complex, and dynamic in nature and the control of the prosthesis
difficult. Moreover, it changes continuously due to the onset and progression of muscle fatigue which results
because of continuous high frequency stimulation or because of tetanic stimulation [6]. Synchronization of active
motor units along the muscle fibres, and a decrease in conduction velocity are reflected in the EMG signal as an
increase of amplitude in the time domain and a decrease of medium frequency in the frequency domain [6]. All
these factors make the relationship between EMG and force nonlinear. Correct interpretation of EMG signal is vital
to achieve precise motion and force control of prosthesis. EMG analysis is a well-accepted method for muscle
fatigue assessment [7].

In 1977, L. Lindstrom, R. Kadefors and I. Petersen developed a method that measures the localized muscle
fatigue based on the power spectrum analysis using myoelectric signals [8]. This approach permits real-time
investigations and can yield statistically based criteria for the occurrence of fatigue. Rate of fatigue development and
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changes in muscle action potential conduction velocity were used to interpret the findings in [8]. The joint analysis
method using EMG amplitude and spectrum (JASA) allows distinguishing between the difference of fatigue-induced
and force related EMG changes. Simultaneous changes in the EMG amplitude and spectrum are considered in the
JASA approach. The JASA principle states that muscle force decreases because of the decrease in EMG amplitude.
Fatigue can occur because of continuous high frequency stimulation or because of tetanic stimulation.

This part of the research addresses issues with the position and force estimation and their variations due to the
muscle fatigue. The sEMG, skeletal muscle force and the angles of the proximal interphalangeal (PIP) joint of the
index finger signals are filtered using different filters and modeled with linear and nonlinear System Identification
techniques and adaptive neuro-fuzzy inference (ANFIS) systems. The outputs of obtained models are fused using an
adaptive probability of Kullback Information Criterion (KIC) for model selection to achieve better force and angle
estimates. Following part of the report presents _Experimental Set-Up and Signal Pre-Processing,* _Skeletal Muscle
Fatigue and Spectral Analysis of SEMG Signals,* Different Modeling Approaches,” Data Fusion Algorithm,*
_Results and Discussion,‘ and _Conclusion and Future Work.*

2. Classification of amputation

Individuals with amputations of either the upper or lower extremities are generally classified by the level of the
amputation in relation to the most proximal joint. For example, a person having the hand amputated would be
considered a trans-radial/ulnar amputee (below the elbow). If the amputation was through the humerus, this would
be a trans-humeral (above the elbow) However, this classification only grossly defines amputations and makes no
reference to the true length of the residual limb or the specific musculature that remains after appropriate surgical
intervention. In line with our studies investigating SEMG signal identification and filtering, fatigue estimation and
array sensor development, we have completed the measurements of specific muscle lengths of 16 fully dissected
normal cadaver arms to determine the most appropriate and functional residuum length giving the best possible
potential for sSEMG signaling from the remaining musculature post amputation. It is well known that surgeons have
the task of making decisions related to level of amputation in both traumatic and planned amputations and the
general consensus is that the longer the residuum and proximal joint sparing, the better the potential for prosthetic
function [9]. There is also the concern of muscle atrophy in limbs post amputation which may affect the potential
for socket fit and myoelectric prosthetic use. The greater length of the residuum has clear functional benefits
especially when the musculature the limb is relatively intact and has enough length to maintain motor point
locations.

2.1 Physical classification

The arms of three female and four male cadaver specimens (16 arms) were procured from the existing cadaver
holdings at Idaho State University. The mean height of the specimens was 171.175 cm (SD 9.114). Cadavers were
neatly dissected with all superficial skin, adipose and fascia removed from the upper extremities and shoulder girdle.
Measurements were taken by three researchers with an inter-tester reliability of r=.866 using both 200mm and 300
mm Vernier Aerospace® calipers as seen in Fig. 2.1.1. The measurements of the upper extremity musculature
included the distance from the acromioclavicular (AC) joint to the medial and lateral condyles of the humerus, the
distance from the medial humeral condyle to the distal myotendinous (MTJ) junction of the majority muscles of the
flexor compartment of the forearm, and the distance from the lateral humeral condyle to the distal MTJ of the
majority muscles in the extensor compartment of the forearm (see Fig. 2.1.2). In addition, all muscle length
measurements of muscles of the upper arm on both posterior and anterior regions were taken from the AC joint to
the distal MTJ. The muscles measured in the forearm are considered extrinsic movers of the hand and fingers. The
muscles in the upper arm are considered movers of the elbow and, in part, the shoulder girdle. The measurement for
the forearm and upper arm musculature in both the flexor and extensor compartments were analyzed for means, and
standard deviations and ratios of the measurements to the mean AC to medical and epicondyle values. Table 2.1.1
includes the summary of measurements from the AC joint to the medial and lateral epicondyles. Table 2.1.2, 2.1.3
and 2.1.4 includes muscles which were measured at each compartment of the entire arm.
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Fig. 2.1.1. Vernier Aerospace” Caliper used in Measurements.

Fig: 2.1.2. Example of Measurement Taken on the Extensor Carpi Ulnaris Muscle in Forearm of Extensor
Compartment.

Fig: 2.1.3. Example of Measurement of Deltoid Muscle in Upper Arm.

TABLE 2.1.1
MEASUREMENT OF ACROMIOCLAVICULAR JOINT TO MEDIAL AND LATERAL EPICONDYLES
Mean SD

Medial Condyle 31.780cm  2.118 cm
Lateral Epicondyle 32.638 cm 2.205 cm
Combined 32209 cm  2.165 cm
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TABLE 2.1.2
MUSCLE MEAN MEASUREMENTS OF FOREARM AND UPPER ARM

EXTENSOR GROUPING
Muscle Mean (cm) SD (cm)
Brachioradialis 17.873 3.221
Extensor carpi radialis longus 18.477 2.650
Extensor carpi radialis brevis 15.683 2.205
Extensor digitiorum 18.306 2.598
Extensor digitorum minimi 16.776 2.705
Extensor carpi ulnaris 17.820 2.854
Anconeus 6.960 1.872
Supinator 6.856 1.598
Abductor policis longus 15.545 2.111
Extensor policis longus 13.820 1.896
Extensor policis brevis 7.631 1.601
TABLE 2.1.3
MUSCLE MEAN MEASUREMENTS OF FOREARM AND UPPER ARM
FLEXOR GROUPING
Muscle Mean (cm) SD (cm)
Pronator teres 15.040 1.705
Flexor carpi radialis 17.942 3.050
Flexor carpi ulnaris 21.030 3.339
Flexor digitorum superficialis 20.726 3.201
Flexor digitorum profundus 18.303 1.211
Flexor policis longus 15.438 2.063
TABLE 2.1.4
MUSCLE MEAN MEASUREMENTS OF FOREARM AND UPPER ARM
UPPER ARM
Muscle Mean (cm) SD (cm)
Biceps brachii long head 25.821 2.603
Biceps brachii short head 23.832 3.126
Brachialis 24.765 2.652
Deltoid 16.272 2212
Triceps long head 22.578 3.226
Triceps lateral head 16.671 2.716

Ratios of the mean muscle length values to the length of the mean AC to mean lateral and medial epicondyle
measures were calculated to ascertain the level of the distal residuum where the majority of muscles and respective
motor points would be located to enhance the potential for SEMG signal monitoring in individuals with amputations.
The calculated ratios for the forearm musculature in both flexor and extensor groupings was .636 & .0535. The ratio
of the mean upper arm musculature length to the AC condylar distance is .505 + .041. Given these ratios of length
to a known distance, the measurements suggest that residuum arms that are distal (Zone 1) to the ratio
measurement would be ideal for SEMG signaling since they would have almost all the forearm or upper arm
musculature intact. If the residuum was proximal (Zone 2) to the ratio measurement it would still be appropriate for
sEMG signaling since the motor points of the major movers of the hand would still be intact allowing for adequate
signaling. Although individual variation will occur, motor point mapping of specific musculature has been
documented [10]. However, residuum arm lengths that would be much shorter, would present some difficulty for
detecting SEMG signaling. As an example, Fig. 2.1.4 and 2.1.5 show one of the cadaver specimens on which the
Zones have been depicted. Arrows depict the Zone measurements as calculated per the derived ratios. The AC to
mean condylar measurement of this specimen is 30.5 cm. In both cases, the demarcation of Zone 2 suggests that the

Page 7 of 531



number of muscles and their motor points would be adequate for harvesting the SEMG signal in respective upper
arm and forearm musculature. In Fig. 2.1.4 the demarcation of Zone 1 and 2 is measured at 19.39 cm distal to the
elbow joint. In Fig. 2.1.5 the demarcation of the Zones is at 15.40 cm distal to the AC joint. In both cases it is
evident that the bulk of the musculature is located proximal to the line of Zone delineation.

Fig. 2.1.4. Zone Delineation on Forearm Musculature.

Fig: 2.1.5. Zone Delineation on Upper Arm.

With the development of this classification and the measurements of the distal Zones, we plan to move ahead in
this next quarter with sSEMG signaling from Zone 1 a 2 in the forearm to validate this amputation classification
sEMG signaling. In addition, the array sensor experiments using this classification will also investigate the
parameters of signal filtering and fatigue in the musculature in these zones. . Further, sSEMG signaling of the arm
musculature during the movements of forearm pronation and supination and force data in various normal subjects
will also be tested.

2.2 Experimental set-up and spatial filtering/signal pre-processing

2.2.1 Spatial Filtering:
"Spatial filtering" is broadly defined as methods which compute spatial density estimates for events that have

been observed at individual locations. Spatial filtering describes a set of tools for displaying functions estimated
from these data points which are generally distributed in two-dimensional space. Spatial filtering can also be thought
of as a form of data smoothing method which is designed to give us a clearer view of the general underlying
information.

Spatial filtering is a non-parametric analysis method which belongs within the field of exploratory spatial
analysis which relies, to a large degree, on graphical methods of analysis. Spatial filters are used when there is no a
priori curve to fit to a data series. Instead, it relies on nearby or adjacent, values to estimate the value at a given
point. These filters take out variability in a data set while retaining the local features of data. By varying the size of
the filter, features in the data that vary at different spatial scales can be differentially removed. Spatial filtering is
useful as an exploratory technique for identifying areas that are homogeneous or areas that have larger or smaller
values than which generally occurs.
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Spatial filtering is principally associated with digital image processing. This method may be applied to almost
any type of grid/data set or image (which contains the gray scale values or pixel data in the form of a grid). This
term can also be used, in a related manner, in the area of spatial statistics. The most commonly provided functions of
spatial filtering are the so-called low-pass and high-pass spatial filters. These are focal functions whose operation is
determined by a kernel or neighborhood of NxN cells around each pixel or grid position [11]. Grid cells —eovered”
by a kernel are multiplied by the matching kernel entry and then the weighted average is calculated and assigned as
the value for the central cell, G. For example, asymmetric 3x3 kernel may look like the one shown in (1), or any
combination of the weights. Typically a, b are positive integers. If a=b=1, then the kernel provides a simple
smoothing or averaging operation. The weights in the kernel can be modified for specific cases or data sets. In any
case the weighted average is divided by the sum of the elements of the kernel. Filters of this type are sometimes
referred to as low-pass filters.

a a a
Symmetric Kernel=|a b a (1)
a a a

If the weights in the kernel looks like the one in (2) and a, b, and c are positive integers.

c a c
Symmetric Kernel with different weights=|a b a 2)
c a c

And if the following, b>a>c, is true then the kernel is described as a Gaussian filter which is symmetric but center-
weighted.

The filtered grid value _G "of an m=NxN kernel matrix, with C; set of coefficients and P; - set of source grid
values, is calculated as;

>cp
— i=1

Se
i=1

Where, B is often set to 0. B is a bias term to increase or decrease the resulting value of _G "

There are many different forms of spatial filters depending on the weights and the symmetry associated with the
kernel. This kernel is also sometimes referred to as the ,filter mask*. Some of the other examples are given in Table
2.1.1.

Linear Spatial Filtering:

Linear spatial filtering modifies an image _f"by replacing the value at each pixel with a linear function of the
values of nearby pixels (This same analogy can be applied to data set in a grid format; similar to the case of multiple
SEMG sensors placed in grid). Moreover, this linear function is assumed to be independent of the pixel's location (%,
0), where (k, /) are the indices of the pixels in f, which is represented by a data matrix. This kind of operation can be
expressed as convolution or correlation. For spatial filtering, it's often more intuitive to work with correlation.

The filtered result g(k, I) is obtained by centering the mask over pixel (k, /) and multiplying the elements of f°
with the overlapping elements of the mask and then adding them up. A special case exists when the special when the
center of the mask is on the boundary of . The common assumption in this case is that the data matrix is periodic.
But this assumption does not always hold true. In such cases the non-existing entries assumed to be zero.

3)

G +B
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TABLE 2.2.1
LINEAR SPATIAL FILTERS

Filter Type Filter Kernel Description
a a a 0 a 0 Smoothing, Noise
Averaging a b al,|la b a Reduction or Blurring
Filter (focal mean)
Low-pass la a a| |0 a O
(symmetric) _c a c_ Smoothing, Noise
Gaussian b Reduction or Blurring
a a Filter (focal weighted
c a ¢ mean)
—¢ —-a -a 0 a 0 Mean ‘ effect
removal/sharpening
. —-a +b -a —a b —a filter (focal sum) .
High-pass . . L
. Sharpening Provides limited edge
(symmetric) -a —-a -a 0 —a O - )
L , detection. Typically

entries sum to 1 Dbut
may be greater.

M a b a a 0 a Kernel highlights
vertical and horizontal
Edge Detection 0 0 0f,|-b 0 b edges. Typically a=1I,
—a -b -a —a 0 a and b=1 or 2 and

- entries sum to 0.
B 0 +a +a Enhance edges in a
Embossing a4 +a +a selected direction to
provide embossed

Gradient —a —-a 0 effect.

(asymmetric)

-1 =2 1,1 =2 1
-1 1 1 -1 -1 -1
Directional -
2 1
0 0 O
-1 -2 -1

Application of Spatial Filters to SEMG data Array:

Recording and analysis of Surface EMG (sEMG) has been around for almost a century now. Surface electrodes
have been routinely used to record the gross electrical activity of skeletal muscles. However, when specific
information about individual motor unit discharge rates or recruitment needs to be extracted, SEMG signal have been
treated with some reservation. So previously, in most cases, intramuscular EMG recording using fine wire or needle
electrodes were employed to selectively record the single motor unit activity. Unfortunately, invasive recordings of
SEMG are inconvenient, do induce pain to the subject and may potentially damage muscle tissues and nerves. In
recent years, considerable efforts have been directed towards effectively recording single motor unit activity
noninvasively i.e. using surface EMG sensors.

The principle underlying this approach is to be increasingly selective in recording the information using surface
EMG electrodes. In other words, the objective is to amplify the activity of motor unit/s located closest to the
recording site (generally the actual motor location for the particular limb) and reducing the EMG signal generated by
other motor units located further away. The selectivity of surface EMG recordings can be increased by reducing the
electrode size (i.e., skin—electrode contact area or inter-electrode distance) [12, 13] and/or by applying temporal
filters [14]. More recent work has focused on recent advances in the design of surface electrode arrays [15-17] to
extract single motor unit information from SEMG. A large number of traditional [18—21] and adaptive [22, 23] linear
spatial filters have been extensively used to glean more information out of SEMG signals and to understand it much
better.

Many types of nonlinear spatial filters have also been studied in the past. In this study comparison of a few
spatial filters is presented.
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Experiments were performed using multiple SEMG sensors in the array configuration as shown in Fig. 2.2.1. Nine
different experiments were conducted and the corresponding sSEMG was measured simultaneously from all the
different sensors. Information regarding the various experiments is given below:

Experiment 1 — Baseline — 30 sec — No Motion/ Force — Red Stress ball

Experiment 2 — Baseline — 30 sec — No Motion/ Force — Red Stress ball

Experiment 3 — 30 sec — Ring Finger Grasping Motion — Red Stress ball

Experiment 4 — 30 sec — Ring Finger Grasping Motion — Red Stress ball

Experiment 5 — 45 sec — Ring Finger Grasping Motion with Thumb Restrained — Red Stress ball

Experiment 6 — 45 sec — Ring Finger Grasping Motion with Thumb Restrained — Red Stress ball

Experiment 7 — 45 sec — Ring Finger Grasping Motion with Thumb Restrained — Yellow Stress ball

Experiment 8 — 45 sec — Ring Finger Grasping Motion with Thumb Restrained — Yellow Stress ball

Experiment 9 — 60 sec — Ring Finger Grasping Motion with Thumb Restrained — Red Stress ball

Experiments 1 and 2 were conducted to give insight into the SEMG generated by the subject‘s hand, in the absence
of any motion or force. Also, a thumb restrain was used to limit the influence of thumb while application of force to
the stress ball. A Force Sensitive Resistors (FSR) was mounted on the stress ball to record force levels for different
grasping force levels.

<—ram

Fig. 2.2.1. Experimental Setup — Location of SEMG Sensors.
Fig. 2.2.1 shows the variable associated with the various SEMG locations. Fig. 2.2.2 shows the thumb-restrain in use
during various contraction experiments. Fig. 2.2.3 also shows the location of the FSR. Fig. 2.2.4 shows the sSEMG
capture 16 channel Bagnoli measuring system.
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<——ram

Fig. 2.2.2. Experimental Setup — Variables Associated with the SEMG Channels.

Force Sensitive Resistor (FSR)

Thumb Restrain

/

Fig. 2.2.3. Experimental Setup — Location of Force Sensitive Resistor (FSR) and Thumb Restrain.
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Fig. 2.2.4. Experimental Setup — Bagnoli 16 Channel SEMG Measuring Device.
The most commonly used Linear Spatial filters for isolating the motor unit action potentials (MUAPSs) are:
1) Longitudinal Single Differential (LSD)
2) Transverse Single Differential (TSD)
3) Longitudinal Double Differential (LDD)
4) Transverse Double Differential (TDD)
5) Normal Double Differential (NDD)
6) Inverse Binomial (IB2) and the
7) Inverse Rectangular (IR) Filter

The mask of these filters and the corresponding resultant equations on application of the mask to the grid data
obtained from the SEMG array arrangement are given below.
CASE 1
Longitudinal Single Differential (LSD)
EMG Array Information, Spatial Filter Mask
sEMG7 sEMGS sEMG6

0 0 0
SEMG2 sEMGl sEMG3 4)
LSD =
-1 1 0
SEMGS sEMG4 sEMG9
0 0 0
Result Equation: —sEMG2+ sEMG1
0 -1 0 00 0 0 -1 0
TSD{O 1 0] LDD{1 2 1} TDD{O 2 o} (5)
0 0 0. 00 0. 0 -1 0

LSD Equation = sSEMG1-sEMG2; TSD Equation = sEMGI-sEMGS5. We can similarly deduce the equations for the
other spatial filters:
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0 -1 0 -1 -2 -1 1 -1 -
NDD=| -1 4 -1| IB2=|-2 12 —2| IR=| -1 8 -l (6)
0 -1 0], o2 1. 1 -1 -
b b

In contrast to the varied number of linear spatial filters which are available for multichannel surface EMG
signal analysis and isolation of MUAP‘s there is a dearth of nonlinear spatial filters. Few of these have been
reported in literature [24]. The nonlinear spatial filters used here are 1) 1-D Nonlinear Transverse Spatial Filter, 2)
1-D Nonlinear Longitudinal Spatial Filter, 3) 2-D Nonlinear spatial Filter in Two- Orthogonal Directions and 4)
Nonlinear Spatial Filter in All Four possible Directions. The results of spatially filtered data for the linear case and
the nonlinear case are compared based on the JKurtosis” criteria. Kurfosis is a measure of whether the data are
peaked or flat relative to a normal distribution. That is, data sets with high kurtosis tend to have a distinct peak near
the mean, decline rather rapidly, and have heavy tails. Data sets with low kurtosis tend to have a flat top near the
mean rather than a sharp peak. A uniform distribution would be the extreme case. The mathematical expression for
kurtosis is given in equation 11.

E[x*]-3(E[x*])°
E[.x2 ]2

Kurt = (7N

The Nonlinear Spatial Filters use the Teager-Kaiser Energy (TKE) Operator [25], [26]. This operator is derived
from Teager‘s experiments in 1983. This technique is a threshold _energy* based approach where outliers are first
detected and then replaced by their estimated values. Based on Newton‘s law of motion, a nonlinear quadratic
operator called Teager-Kaiser (TK) operator was first introduced by Teager and Kaiser [25], [26] to measure the real
physical energy of a system. This nonlinear operator differs from the common way to calculate the energy of a
discrete-time signal as the average sum of its squared magnitudes. The energy of a generating system of a simple
oscillation signal was computed as the product of the square of the amplitude and the frequency of the signal. It was
found that this nonlinear operator exhibits several attractive features such as simplicity, efficiency and ability to
track instantaneously-varying special patterns. Since its introduction, several applications have been derived for one-
dimensional [27], [28], and two dimensional signal processing [29].

Before the Teager-Kaiser operator was introduced, various filtering methods were proposed both linear and
nonlinear alternatives. Filtering is often a trade-off between different features, such as performance in Gaussian and
non-Gaussian environments, ability to adapt in case of non-stationary signals, edge preservation and computational
complexity. Two typical methods were running mean and median filters, which exploit a sliding fixed length
window. Mean filters are known to remove the additive Gaussian noise very well, but they tend to soften edges and
cannot fully cope with impulsive noise. Median filters on the other hand are nonlinear, which involve sorting of the
data, and are able to eliminate impulses at the expense of some streaking and edge jittering [30]. De-noising deals
with the same problem of estimating the underlying signal from the noisy observations, but now the data is not
needed to process online or is not time-dependent at all. De-noising is not restricted to the methods acting in time
domain, the signal is often processed in some transform domain. Wavelet transform has recently gained research
interest in several fields of signal processing, using thresholding of (orthogonal) wavelet coefficients and taking the
inverse wavelet transform has been proposed to solve de-noising problem.

The nonlinear spatial filters with the TKE operator incorporated are given as follows:

a) General Form of Nonlinear Spatial Filter using the Teager-Kaiser (TKE) operator

Y[x(n)] = x’ (n) —x(n+1x(n—1) ®)
b) 1-D Nonlinear Transverse Spatial Filter

2
VY, [x(m,n)]=x"(m,n)—x(m—1,n)x(m+1,n) )
¢) 1-D Nonlinear Longitudinal Spatial Filter

(10)
WV, [x(m,n)] = x*(m, n) —x(m,n —1)x(m,n+1)

d) Nonlinear Spatial Filter in Two Orthogonal Directions
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d,2m

Y, [x(m,n)] =¥

[x(m,m)]+¥, [x(m,n)]

=2x"(m, n) — x(m—1, n)x(m +1, n) — x(m, n —1)x(m, n +1)

e) Nonlinear Spatial Filter in all Four Directions

Y, [x(m,n)] = 4x* (m,n) — x(m —1,n)x(m +1,n)

—x(m,n—=1)x(m,n +1)

—x(m-1L,n+Dx(m+1,n-1)

—x(m—-1L,n-1)x(m+1,n+1)

(In

Fig. 2.2.5 and 2.2.6 show the plots of the raw sEMG signal for the experiment without any force being applied.
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Fig. 2.2.5. Raw sEMG Data Plots Channels 1 to 6
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Fig. 2.2.6. Raw sEMG Data Plots Channels 7 to 9

The sEMG data was then filtered using a Chebyshev Type II filter with a pass-band frequency of 60-450 Hz. The
force data was also filtered using a 3™ order Low-pass Butterworth filter with cutoff frequency of 10 Hz. The same
filtering was carried out for all the experiments conducted. The plots of the filtered force and SEMG data are given
in Fig. 2.2.7. Fig. 2.2.7 shows the baseline SEMG and force levels generated by the subject where no contractions
were performed.
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Filtered Force and Filetred sEMG Data Channel 1
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Fig. 2.2.7. Filtered SEMG and Force Data — No Force Generation

Fig. 2.2.8 and 2.2.9 plots the raw SEMG of all the channels (1-9) for another experiment where the subject was
performing the action of squeezing the force ball with a force sensor attached to the ball.
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Fig. 2.2.8. Raw sEMG Data Plots Channels 1 to 6
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Fig. 2.2.9. Raw sEMG Data Plots Channels 7 to 9

Fig. 2.2.10 shows the SEMG and the force signal generated by the subject where the subject performed random
variation of force by squeezing the stress ball.
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Fig. 2.2.11 (a), (b), (c) and (d) show the results of the Non-linear Spatially Filtered SEMG data for the multi-sensor
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array setup shown in Fig. 2.2.1.
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1D Spatial Filter Transverse to the Muscle Fiber Direction
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Fig. 2.2.11. Spatially Filtered sSEMG a) 1-D Nonlinear Transverse Spatial Filter, b) 1-D Nonlinear Longitudinal
Spatial Filter, ¢) Nonlinear Spatial Filter in Two Orthogonal Directions, d) Nonlinear Spatial Filter in All Four
Directions

Fig. 2.2.12 shows the results of the various Linear Spatially Filtered sSEMG data for the multi-sensor array setup
shown in Fig. 2.2.1.
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Fig. 2.2.12. Spatially Filtered SEMG a) Longitudinal Single Differential (LSD), b) Longitudinal Double Differential
(LDD), ¢) Normal Double Differential (NDD), d) Inverse Rectangular (IR) Filter, e) Transverse Single Differential
(TSD), ) Transverse Double Differential (TDD), g) Inverse Binomial (IB2)

The sEMG signal was subjected to various spatial filters as mentioned in the previous section. In addition to these
11 spatial filters, the SEMG data was also filtered using 4 other filters — Bessel, Butterworth, Chebyshev Type I and
Chebyshev Type II filters. The filter characteristics of these 4 filters were in accordance to the ISEK standards. The
relation of SEMG-Force was modeled using Non-Linear Hammerstein-Wiener models. This modeling method has
been proven to work in the past, in assuming a black-box model structure for the system. In order to model the
sEMG-Force relation, the filtered data from the various experiments was split into various four (4) time windows.
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Equation (12) describes the general Hammerstein-Wiener model structure:
B; i(q)
w(t) = (&), b(t)=—L—w(1), y(t)=h(x(0)), (12)
F;i(q)
where, w(t) and b(¢) are internal variables, w(f) has the same dimensions as u(¢) - input, and x(f) has the same
dimensions as y(z) - output. g()and #4() are the input and output non-linearity functions respectively. B(g)and
F(q) are regression polynomials. The model fit values are computed using Equation (13)
as follows:
e —100+ 1221 (3)
y—y
where, p is the estimated output by the model.

The time windows used for estimation and validation of the models were called _ze “and _zv “respectively. ze"
contained 8000 sample points and _zv “contained data points shifted by 2000 sample points. For example, if _ze “was
a time window between 2-6 seconds i.e. samples 4000-12000, then _zv“was between 3-7 seconds i.e. 6000-14000
samples. Thus the Hammerstein-Wiener method uses _ze™ to estimate the model structure and based on this
information predicts the next 2000 sample points. The data was filtered using the various filters mentioned in the
previous sections. We would like to stress once again the point that the force was varied randomly and the subject
was in no way trying to achieve maximum voluntary contractions during each cycle. A cycle is defined as the
subject starting without any force on the stress ball, squeezing it (to any force level) and then going back to no force.
The subject has to keep the finger in contact with the force ball throughout this cycle.

A plot of the variations in force achieved for 3 experiments is shown in Fig. 2.2.13. The Matlab® code for the

.

Hammerstein-Wiener model is: nlhw(ze, [n, ny n; ], ..., ...). The modeling was carried out by varying n, - the
number of past output terms used to predict the current output, n; - the number of past input terms used to predict

the current output and n; - the delay from input and output in terms of the number of samples for the various

Hammerstein-Wiener models.

s L L L L L L

Force (mV)

Samples

Fig. 2.2.13. Force Levels Experiment 3 (blue), 5(red) & 7(green)

42 models Withz,aozariations ir% n,

models estimated were 15 (filter types) x 4 (time windows) x 42 models per time window x 4 experiments = 10,080
models.

(Refer for additional details Publication — —Evaluation of Filtering Techniques Applied to Surface EMG Data and
Comparison Based on Hammerstein-Wiener Models™) [P1]

Table 2.2.2 and 2.2.3 show the results of modeling for the time window 0-9 sec. 42 models were estimated by

and n, were tested while the value of n, was kept as 1. The total number of

varying n, and n, only 35 of those are shown here on account of page size limitation. The Hammerstein-Wiener

models worked very well in capturing the dynamics of the force levels for the various experiments conducted. This
method of modeling could help in improving the control over the motors used in prosthetic devices to mimic the
actual changes force levels in a real hand. This method also performed very well in the scenarios where the subject
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did fatigue but the affects were successfully modeled by the Hammerstein—Wiener models. The nonlinear and linear
spatial filters (TDD, NDD and NLT, NLTO and NLAFD) did outperform the other filtering methods used especially
for the later time windows. The only other filter which had a comparable performance to the spatial filters was the
Bessel filter. Further investigation into reducing the wide range of the fit values obtained needs to be performed.

One of the possible methods to pursue would be to use Genetic Algorithm to optimize the model parameters n,, and

ny and also the number of iterations used for the modeling of sSEMG-force levels. One of the possible reasons for

poor fit values could also be attributed to the model trying to over-fit the data sets.

We pursued optimization of the filter mask using GA and the details of this investigation are presented in detail in
the paper titled -Optimized Spatial Filter Mask Using Genetic Algorithm And sEMG-Force Modeling Using System
Identification”. [P2]

EXAMPLE OF MODEL FIT VALUES Fgﬁ}%{i\ié‘\zﬁNDOW 0-9 SEC — VARIED N4 AND NB

NMu ror?‘t:r nb  nk Bessel Butter-worth Cheby I Cheby I NLT NLL NLTO
ml 2 3 1 40.67 10.37 34.65 13.09 3417  17.52 60.13
m2 2 4 1 53.19 41.72 31.75 30.02 3125 12.08 10.54
m3 2 5 1 51.32 29.32 13.5 1.644 3551 3741 32.78
m4 2 6 1 56.36 2.764 12.19 36.28 34.07 13.87 33.57
m5 2 7 1 54.23 11.82 31.93 35.53 39.7 28.23 28.91
m6 2 8 1 53.2 11.05 12.01 36.59 19.71  26.51 26.17
m7 2 9 1 46.88 323 32.7 -0.297 33.8 15.8 35
m8 3 3 1 52.05 31.56 30.21 36.3 34.64  19.16 17.8
m9 3 4 1 48.66 6.734 19.66 39 3645  19.74 33.04
ml0 3 5 1 13.79 34.23 32.11 36.06 17 17.92 16.44
mll 3 6 1 51.9 42.87 15.19 36.39 3375 17.84 19.51
ml2 3 7 1 50.05 18.56 2.805 36.66 34.7 29.34 34.02
ml3 3 8 1 51.74 26.33 33.82 43.69 2841  27.05 32.79
ml4 3 9 1 33.48 34.44 25.83 37 32.56 27 18.55
ml5 4 3 1 48.02 18.53 12.38 39.07 1527  26.56 15.54
ml6 4 4 1 52.36 35.9 15.09 3.257 1495  26.84 32.16
ml7 4 5 1 12.1 40.11 14.74 30.87 2777  17.76 4091
ml8 4 6 1 54.11 1.436 14.84 38.77 2745  30.69 16.55
ml9 4 7 1 50.38 30.62 27.6 35.76 46.37 23.5 27.66
m20 4 8 1 44.06 -0.4972 9.644 36.71 36.58  26.63 11.47
m21 4 9 1 50.44 1.269 -0.0622 37.15 36.07  40.85 34.55
m22 5 3 1 48.26 34.89 13.48 17.98 2648  18.41 58.38
m23 5 4 1 51.51 5417 13.53 38.45 3921 2589 46.88
m24 5 5 1 52.61 43.02 12.5 36.78 3326 17.92 25.49
m25 5 6 1 47.45 10.01 12.22 36.45 3425 2774 27.41
m26 5 7 1 52.25 30.03 14.07 36.29 3395  30.69 27.12
m27 5 8 1 52.22 31.85 12.61 37.87 34 28.33 26.55
m28 5 9 1 55.21 33.96 12.32 31.98 5796  26.95 25.52
m29 6 3 1 50.12 -0.3022 -0.1301 29.63 1548  30.51 16.15
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m30 6 4 43.39 21.07 30.2 2.117 3432 2546 37.36
m31 6 5 49.26 1.169 19.23 10.32 36.3 31.73 16.04
m32 6 6 53.1 15.03 14.63 9.181 2698  14.11 26.16
m33 6 7 52.9 0.9796 15.35 0.6897  46.02  33.64 34.97
m34 6 8 51.92 5.604 11.16 1.212 2786  46.24 16
m35 6 9 51.35 21.36 19.06 39.84 4141  27.68 20.68
TABLE 2.2.3
EXAMPLE OF MODEL FIT VALUES FOR TIME WINDOW 0-9 SEC — VARIED NA AND NB
Model
Number na nb  nk NLAFD LSD TSD LDD TDD NDD 1B2 IR
ml 2 3 1 17.21 41.39 -9.685  31.06 39.53 4555 33.79 35.38
m2 2 4 1 16.75 17.4 43.19 31.86 39.36 36.84 16.88 23.89
m3 2 5 1 17.99 35.94 2247 23.54 30.09 39.87  36.17 38.16
m4 2 6 1 20.51 41.99 43.46 3.266 41.28 10.83 36.41 36.7
m5 2 7 1 34.41 40.55 31.28 31.58 44.65 2.593 32.26 36.34
mé 2 8 1 12.24 4.259 20.08 37.84 21.89 8.036  36.22 36.57
m7 2 9 1 31.1 -0.1887 2871 31.42 35.78 38.11 35.54 35.82
m8 3 3 1 18.97 40.04 12.33  36.59 36.17 4478  41.09 35.81
m9 3 4 1 25.54 40.72 36.57 20.74 31.53 29.76 3743 38.76
ml0 3 5 1 22.03 11.53 30.24  39.87 39.83 39.25 3515 37.9
mll 3 6 1 18.37 35.41 4424 3879 40.76 39.01 35.66 38.17
ml2 3 7 1 17.87 41.67 42.69 3554 39.93 36.81 31.31 35.6
ml3 3 8 1 23.09 0.2404 2.988 37 39.6 374 36.18 15.24
ml4 3 9 1 5.519 39.42 4421 37.83 26.8 4136  37.53 34.42
ml5 4 3 1 21.62 41.48 15.21 34.4 43.01 39.58  0.8962 30.42
mlé 4 4 1 35.08 37.8 29.57 37.76 40.12  -0.3683 36.65 36.9
ml7 4 5 1 32.36 40.53 203 23.31 17.97 3297 3722 34.48
ml8 4 6 1 31.55 41.86 33.33  33.27 22.13 30.85 3848 39.23
ml9 4 7 1 17.66 41.51 4228  36.6 41 41.16  38.11 35.41
m20 4 8 1 20.88 42.04 29.77 353 40.65 18.03 373 37.03
m21 4 9 1 18.93 41.33 374 2797 36.73 6.661 37.54 36.21
m22 5 3 1 18 14.08 41.46 2.748 42.14 4136  33.82 34.69
m23 5 4 1 25.55 7.815 42.19  30.54 39.49 3647 3793 35.36
m24 5 5 1 17.81 38.31 30.71  39.16 41.95 3629 3453 16.75
m25 5 6 1 17.72 16.64 3141 3713 41.81 37.15  36.03 36.3
m26 5 7 1 20.48 33.97 37.15 3843 34.96 34.03  29.84 35.49
m27 5 8 1 16.78 34.58 29.29 18.8 41.45 39.14 3547 34.89
m28 5 9 1 15.89 35.33 36.44  37.96 42.36 4024 21.59 35.36
m29 6 3 1 18.76 42.76 30.01 38.74 39.93 3722 4046 -0.1423
m30 6 4 1 22.08 38.44 29.07 38.81 39.93 29.86  33.32 33.93
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m31 6 5 1 17.71 42.58 29.1 3944 38.74 36.42 36.17 38.93
m32 6 6 1 16.67 38.6 41.18 19.42 40.12 40.96 35.99 35.34
m33 6 7 1 20.38 42.05 31.74  10.04 39.55 43.21 35.88 31.28
m34 6 8 1 17.05 3.922 25.66 28.73 39.85 39.5 31.34 13
m35 6 9 1 17.24 -0.4172 4273 1523 39.03 36.42 21.46 34.38

Some of the models for this time window were selected and then recomputed using GA to optimize the filter
mask with the fitness function being the fit value of an identified model achieved for a given model order. Table
2.2.4 shows an example of the fits that were obtained on varying the parameters of the Hammerstein-Wiener model.
The highlighted models (and a few other models) were selected randomly to be optimized using GA. We had two
scenarios under GA —1) GA Constrained and 2) GA — Unconstrained. The first scenario GA constrained optimized
only the mask entry a,, (location of the SEMG sensor on the motor unit). The other entries of the filter mask were
then computed from this optimized value. In the second scenario, GA unconstrained we let GA optimize all the
entries for various masks. The GA parameters for optimization were as follows: number of iterations: 50; initial
population size Generation 0: 96; population size Generation 1: 48; Number of Chromosomes kept for mating: 24;
and mutation rate was set to 4%.

TABLE 2.2.4
EXAMPLE OF SYSTEM IDENTIFICATION RESULTS USING FILTER MASK FROM LITERATURE — HIGHLIGHTED MODELS
OPTIMIZED
Model . my i LDD LSD TDD TSD NDD B2 IR
Number

ml 2 3 1 31.06 41.39 39.53 9.685 45.55 33.79 35.38

m2 2 4 1 31.86 17.4 39.36 43.19 36.84 16.88 23.89

m3 2 5 1 23.54 35.94 30.09 2247 39.78 36.17 38.16

m4 2 6 1 3.266 41.99 41.28 43.46 10.83 36.41 36.7

mS 2 7 1 31.58 40.55 44.65 31.28 2.593 32.26 36.34

mé 2 8 1 37.84 4259 21.89 20.08 8.036 36.22 36.57

m7 2 9 1 3142 -0.1887  35.78 28.71 38.11 35.54 35.82

m8 3 3 1 36.59 40.04 36.17 12.33 4478 41.09 35.81

m9 3 4 1 20.74 40.72 31.53 36.57 29.76 37.43 38.76

m10 3 5 1 39.87 11.53 39.83 30.24 39.25 35.15 37.9

m40 7 1 34.91 10.18 40.79 35.21 35.24 33.42 37.92

m41 7 8 1 -0.1127 3628 39.68 40.26 20.27 35.88 24.32

m42 7 9 1 36.55 0412 25.24 31.31 354 34.26 39.82
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TABLE 2.2.5 (A)
RESULTS OF CONSTRAINED AND UNCONSTRAINED GA OF HIGHLIGHTED MODELS FROM TABLE 1

Longitudinal Single Differential (LSD)

Longitudinal Double Differential (LDD)

Fit %
Fit % From GA GA
From GA GA Literature  Constrained  Unconstrained
Literature  Constrained  Unconstrained ml 4139 48,9135 50,8055
ml 31.06 42.8291 61.3475 ma 41.99 415731 68.4191
.84 53.3134 724
m6 378 ) 337 m8 40.04 40.5924 63.8523
ml2 35.54 44.2513 51.7942
m9 40.72 452322 56.5113
m31 39.44 47.0034 60.6489
Transverse Double Differential (TDD) Transverse Single Differential (TSD)
Fit % Fit %
From GA GA From GA GA
Literature  Constrained Unconstrained Literature Constrained  Unconstrained
ml 39.53 41.5297 59.8055 m2 43.19 44.0017 65.9038
m5 44.65 49.4667 68.4191 m4 43.46 43.0529 58.2755
ml0 39.83 41.307 63.8523 mll 44.24 39.7867 44.8431
ml5 43.01 43.3466 56.5113 m31 29.1 43.5787 47.6688
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TABLE 2.2.5 (B)
RESULTS OF CONSTRAINED AND UNCONSTRAINED GA OF HIGHLIGHTED MODELS FROM TABLE 3

Normal Double Differential (NDD) Inverse Binomial 2 (IB2)
Fit % Fit %
From GA GA From GA GA
Literature  Constrained Unconstrained Literature Constrained Unconstrained
ml 45.55 53.1512 57.9496 ml 33.79 38.6076 58.2365
m3 39.87 47.1084 60.7374 m3  36.17 38.9074 58.1653
m7 38.11 51.8065 60.5535 m4 36.41 38.9957 55.5179
mil 3901 46.881 56.1193 m8 41.09  47.2971 55.0537

From the results in Table 2.2.5 (A) & (B) we can see that the optimization of the filter mask using GA worked in
almost all the cases chosen. GA without constraints performed significantly better, in most cases, than the filter
masks reported in literature and also the mask which we computed using GA, which only optimized the entry (ay,)
i.e. the weight associated with the SEMG signal at the motor unit. This restriction on GA would leave the filter mask
symmetrical. But looking at the results of the GA, we can conclude that the filter mask need not always be
symmetrical for analysis of SEMG, especially for data recorded using an array. Examples of the filter mask that we
obtained for TDD, model m5 and NDD, model 3 spatial filters are given below:

0 —41.5561 0 0 -11579%0 0
TDD=|0 547329 ¢o| NDD=|-46.7773 36.9276 —11.8061]|.

0 -22 0 0 —=70.0491 0

The linear spatial filter masks reported in literature had poor kurtosis improvements which we optimized using GA,
these were compared based on the model fit values achieved using Hammerstein-Wiener models. The fit values did
improve significantly in the two GA scenarios — GA with and without constraints. The GA without constraints
performed better than the GA with constrains, which brings into focus the possibility that the SEMG signal
distribution over the entire grid cannot be assumed to be symmetrically distributed and that the weights associated
with the sSEMG signal at various locations need to be modified depending on probably the subject and also based on
the experimental design. This is in contrast to the reported filter mask in the literature, which are all symmetric.
Almost all the filter masks optimized resulted in a significant improvement over the masks reported in literature.

2.2.2 Signal Pre-processing:

An experimental set-up is designed with a 5” circular FSR from Interlink™ Electronics and a stress ball. The
experimental set-up is shown in Fig. 2.2.2(a). Using this experimental set-up both sSEMG and muscle force signals
were acquired simultaneously using LabVIEW™ at a sampling rate of 2000 Hz. The sSEMG data capturing was
aided by a DELSYS® Bagnoli-16 EMG system with DE-2.1 differential EMG sensors. One sEMG sensor was
placed on the motor point of the ring finger and two adjacent to the motor point of a healthy subject. Prior to placing
the SEMG sensors, the skin surface of the subject was prepared according to International Society of
Electrophysiology and Kinesiology (ISEK) protocols.
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Fig. 2.2.2(a). Experimental Set-Up.

Pre-processing of the signals captured was done according to previous research based on [31], where the
Bayesian based filtering method yields the most suitable SEMG signals. The nonlinear filter significantly reduces
noise and extracts a signal that best describes EMG signals and may permit effective use in prosthetic control. An
instantaneous conditional probability density F{EM | x} provides the resulting EMG for the latent driving signal x
[31]. The model for the conditional probability of the rectified EMG signal emg = |EM{| is used in this current
estimation algorithm. EMG signals are usually described as amplitude-modulated zero mean Gaussian noise
sequence [32]. For the rectified EMG signal, the -Half-Gaussian measurement model” in [31] is given by Equation
(2.2.2.1).

Plemg|x) =2 =exp(— femgd "2/(2=x"2)) f(2+m «x*2)](1/2). (2.22.1)

The EMG signal is modeled for the conditional probability of the rectified EMG signal as a filtered random
process with random rate. The likelihood function for the rate evolves in time according to a Fokker—Planck partial
differential equation [31]. The discrete time Fokker—Planck Equation is given by Equation (2.2.2.2).

plr.t—dae+plx—st -1+ (1 —2=a)+plet—1Dte«plx+at -1+ + (1 —8) = p(x.t —
13.
(2.2.2.2)

Here, @ and § are two free parameters, & is the expected rate of gradual drift in the signal, and £ is the expected
rate of sudden shifts in the signal. The unknown driving signal x is discretized into bins of width &. These two free
parameters of the non-linear Half-Gaussian filter model are optimized for the acquired EMG data using elitism
based Genetic Algorithm (GA). GA belongs to a class of optimization algorithms that are based on observing nature
and its corresponding processes to imitate solving complex problems, most often optimization or estimation
problems, see [33-35]. A Chebyshev type II low pass filter with a 550 Hz pass frequency is used to filter the force
signal. Fig. 2.2.2(b) depicts the raw and Chebyshev type-II low pass filtered force signals.

(a) Raw Skeletal Muscle Force Signal
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(b) Chebyshev Type - II Filtered Force Signal
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Fig. 2.2.2(b). (a) Raw and (b) Chebyshev Type-II Filtered Skeletal Muscle Force Signals.
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Fig. 2.2.2(e).

Fig. 2.2.2(c), (d) and (e) show the rectified EMG and Half-Gaussian Filtered EMG signal for three sensors. After
this, experiments with an array of nine sensors were conducted. The experimental set-up for the ring finger

experiment is shown in Fig. 2.2.2(f) and 2.2.2(g).
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Fig. 2.2.2(f). Experimental Set-Up for Ring Finger with Nine SEMG Sensors and Red Stress Ball.
In this case, there is an array of nine sensors; where the motor point sensor is at the center of the array. With this
experimental set-up, nine sets of experiments with different time duration and with two different stress balls of

different stiffness and with and without of thumb restrictor were conducted. Fig. 2.2.2(h) shows the corresponding
30 seconds time-amplitude plot for the ring finger associated EMG signal and above-mentioned experimental set-up.

Fig. 2.2.2(g). Experimental Set-Up for Ring Finger with Nine SEMG Sensors and Yellow Stress Ball.

Motor Point sSEMG Signal For Nine Sensor Array
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Fig. 2.2.2(h). Ring Finger Motor Point SEMG Signal for Nine-Sensor Array.

This sSEMG signal is filtered using nonlinear spatial filtering for multichannel surface EMG. As given in [36],
this nonlinear spatial filter is derived from —Nonlinear Teager-Kaiser Energy (TKE) Operator.” In [36], the
schematic description of the multiple channel surface EMG recording is given in Fig. 2.2.2(i). Here the array is of
nine sensors covers the four directional spatial distribution of the SEMG signal.
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Fig 2.2.2(i). Schematic Description of the Multiple Channel Surface EMG Recording [36].

As given in [36], the TKE operator in time domain on sSEMG signal is defined by Equation (2.2.2.3).
Y] = x2m) —x(n + 1) = x(n - 1). (2.2.2.3)
Here, W is TKE operator and x(n} is time domain SEMG signal. Based on the TKE operator, the one-dimensional
nonlinear spatial filters are given by Equation (2.2.2.4) and (2.2.2.5). Two-dimensional and four-dimensional
nonlinear spatial filters are given by Equation (2.2.2.6) and (2.2.2.7) respectively.

Wy plxlm, n)] = x*im,n) —xlm = 1L,n) =+ x(m+ 1,n). (2.2.2.4)
Wy oLxlmn)] = x¥(m.n) — xlm,n — 1) s x(m.n+ 1), (2.2.2.5)
Wy lxlmm] =2 x%mn) —xlm —Ln) sx(m + Ln) —xlm.n— 1) = x(m,n + 1). (2.2.2.6)

Wy lxlmonl] = 4= x*lmn) —xlm — L) =x(m + Ln) —xlmn— U sxlmn+1) —xlm — Ln+ 1) =
sm+ln—1)—xim—-1n—-1s=x(m+1n+1)

(2.2.2.7)
Fig. 2.2.2(j) and 2.2.2(k) shows the one-dimensional nonlinear spatially filtered data plots for ring finger. Fig.
2.2.2(1) and 2.2.2(m) shows the two and four-dimensional nonlinear spatially filtered data plots for ring finger
signals respectively.
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Fig. 2.2.2(j). One-Directional — Along the Muscle Fiber — Nonlinear Spatially Filtered Data for Ring Finger
SEMG Signals.
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1-Directional Spatially Filtered Data - Orthogonal to Muscle Fiber
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Fig. 2.2.2(k). One-Directional — Orthogonal to Muscle Fiber — Nonlinear Spatially Filtered Data for Ring Finger
sEMG Signals.
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Fig. 2.2.2(1). Two-Dimensional Nonlinear Spatially Filtered Data for Ring Finger sEMG Signals.
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Fig. 2.2.2(m). Four-Dimensional Nonlinear Spatially Filtered Data for Ring Finger sEMG Signals.

These nonlinear spatially filtered data is not yet modeled using SI. In the future work, we will model these
nonlinear spatially filtered data for different fingers and different time durations.

We designed a new experimental set-up to simultaneously acquire the SEMG from the motor point of the index
finger and the joint angle of the PIP joint of the index finger. Nine DE-3.1 SEMG sensors of the DELSYS®
Bagnoli-16 EMG system are placed in a three-by-three array [36]; the arrangement covers the four directional
spatial distributions of the SEMG signal. The middle three SEMG sensors were attached directly on the skin surface
above the motor point of the index finger of a healthy subject. Using a 10k-Ohm wheel potentiometer, an angle
measurement device is designed to measure the joint angles of the PIP joint of the index finger of a healthy subject.
Appropriate SEMG electrode attachment point for the motor point of the index finger was identified using a wet
probe muscle stimulator at the FDS (RICH-MAR, HV 1000).
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Fig. 2.2.2(n): Experimental Set-Up for Angle Measurement.

Prior to placing the SEMG sensors, the skin surface of the subject was prepared according to International
Society of Electrophysiology and Kinesiology (ISEK) protocols. An Interlink™ Electronics FSR 0.5” circular force
sensor on a stress ball is used to press with the movement to introduce some resistance to the movement of the PIP
joint of the index finger. Experimental set-up is shown in Fig. 2.2.2(n) where nine sensors are shown on a healthy
subject forearm, with an angle measurement device on the PIP joint of the index finger and having a stress ball for
force measurements. The various signals are sampled at a rate of 2000 Hz using LabVIEW™ in conjunction with
DELSYS® Bagnoli-16 EMG and NI ELVIS™. With this experimental set-up we conducted several experiments of
30 seconds, 45 seconds and 60 seconds durations.

To investigate the change in SEMG signal as a result of muscle fatigue we conducted two different sets of fatigue
inducing experiments. One experiment using dynamic force variations and another with 50 pounds of static force
was conducted. For the dynamic force variation we used an Interlink™ Electronics FSR 0.5” circular force sensor
on a stress ball and for the static force experiment we used a cable tensionmeter (T5166) by _Pacific Scientific
Company.‘ Fig. 2.2.2(n) and (0) shows the experimental set-up for dynamic force variations and static force level.
For the dynamic force experiment we restricted the thumb movement using a thumb splint. For the static force
experiment we held the force of the dynamometer at 50 pounds and tried to maintain this force level to induce
fatigue in skeletal muscles. Force data for dynamic force experiments was captured using NI ELVIS™ with
Interlink™ Electronics FSR 0.5” circular force sensor.

Fig. 2.2.2(n). Experimental Set-Up for Dynamic Force Levels.
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Fig. 2.2.2(0). Experimental Set-Up for 50 Pounds Static Force Levels.

3 Array sensors
3.1 Physical development

In this method we are using an array of 8 sensors which are arranged in such a way that they cover the maximum
area and they are further attached to the SEMG sensors which are further connected to the Bagnoli system. The best
part of this type of sensor is the ease of application but the drawback is the crosstalk which hinders the collection of
EMG signals. But the results which we got during tests were very encouraging and removing the factor of crosstalk,
it will be of great importance as it has 8 sensors on a single board and thus the area under observation increases,
without increasing the number of sensors. The output is derived the same way as it is taken with SEMG sensors
setup. So there is not much difference in the technique but the only factor is the number of sensors that a board
comprises.

Fig. 3.1.1(a). Array Sensors Connected to the System.

Fig. 3.1.1(b): Array Sensors Tested on NI LabVIEW ™.

Construction:
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The array sensor is a group of 8 sensors arranged in a circular manner on a single board, the surface of the board
should be something that prevents cross-talks between signals. So after choosing the surface the small sensors are
placed and are further connected to the Bengali system which derives signals from SEMG signals and thus this is the
way the whole set up is made. The connection between sSEMG sensors is made with array sensors in a way that the
output from them is easily derivable so they are connected with multithread wires so that the stable connection is
maintained and the signal is continuous.

Scope:

The type of array sensor arrangement shown can be extremely useful as the area under the observation is
increased and also the cost of this is very low as compared to the conventional array sensors. So if the problem of
crosstalk is removed then this can be a huge step as it will not only help us to get excellent results but also at the
same time reduce the count of array sensors applied as it has 8 sensors on board as compared to the 2 or 3 on board
sensors available.

3.2 Fusion of data

In this part of the research work, array of three SEMG sensors as shown in Fig. 2.2.2(a) are used along with a
proposed sensor fusion scheme that results in a simple Multi-Input-Single-Output (MISO) transfer function.
Experimental data is used along with System Identification to find this MISO system. A Genetic Algorithm (GA)
approach is employed to optimize the characteristics of the MISO system. The proposed fusion-based approach has
promising results discussed in simulation results section.

Method I:

The data collected from multiple sensors are processed, estimated using sensor fusion technique. A data fusion
technique, by combining the data from different sensors, enables one to achieve more specific inferences about the
measured data. The SEMG sensors pick up the cross-talk from muscle fibers adjacent to motor units. In [P3], sensor
fusion was done in the time domain, by taking SEMG as input and force signal as the output. We used combinations
of different filters (Butterworth, Chebyshev, Exponential and Half-Gaussian filters) and different information
criteria based on Akaike (AIC), Bayesian (BIC), and Kull-back (KIC) and concluded that the KIC criterion with
Half Gaussian filtering gives the best EMG-Force model fit.

In the present work, sensor fusion is done in the frequency domain for the SEMG data. Fig. 3.2(a) gives the flow
diagram of the fusion technique used based on the GA [P4].

g ‘ ‘ Uz Uz

v

u; —®  MISO Transfer function
uz ¥ (H)

Uz »
i

Fig. 3.2(a). Flow Diagram of the Fusion Technique.

The data from the three sensors around the individual motor unit are collected, rectified and then filtered using a
Half-Gaussian filter. By using the system identification technique the dynamic relationship between the sEMG
datauy,.u;, and uz from the three sensors and their corresponding force are determined. In this proposed fusion
algorithm, SI is achieved by utilizing an Output Error (OE) model first for each individual data set. The OE model
structure is given as follows:
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y() = %u{t — nk) + e(f) (3.2.1)

where E, and Fare the polynomials, g is shift operator, &(t} is output error, ¥{t} is system output, u is input, 1k is
the system delay and ¢ is time index.
The corresponding continuous-time model is given by the transfer function in Equation (3.2.2).
_ Bl Bps ™ U g PE TR p by
Gls) = Pl S g Lty (3.2.2)

Similar to the discrete-time case the orders of the numerator and denominator are determined by nkand nf. For
multi-input systems, nb and nfare row vectors. b f are the coefficients of the numerator and denominator
polynomials respectively.

MISO transfer function (H7} is constructed by using the poles of the three individual identified OE models,
corresponding to each sensor, while the denominators of the respective individual transfer functions (corresponding
to each OE model) are transferred over to the new MISO transfer function, the corresponding zeros are found
through the use of a GA. Generally GA‘s can find global optimum points if elitism is used and sufficient number of
generations is allowed in the algorithm. This optimization algorithm is rather computationally expensive, but since
there was not a computational time requirement, one is free to use GA rather than other intelligent based algorithms.
Chromosomes are constructed by designating each zero of a numerator as a gene. Since a discrete time model is
utilized, the search area is limited to the unit circle (and the resulting MISO model is decreased to be minimum
phase). The number of potential zeros was set to the order of the corresponding denominator because the number of
zeros is at most the number of poles (for a causal system, can't predict the future). The objective function was set as
the error squared of the resulting MISO system {H'} can be constructed as follows:

From u; to output - )
5% — 384357 + 7.7205% —10.785% + 10.65% — 7.4175% + 3.6035% — 0.9795s + 0.1192

5% — 402857 + 6.3255% — 4.1215% — 1.5455% + 5.87s5? — 543357 + 2.285 — 0.3496
From u; to output — )
55— 433957 +9.0055% — 12,4255 +12.225% — 811757 +$3.42757 - 0.9134 5 + 0.1424

5% — 402857 + 632555 — 4121 5% — 1545 5% + 5.87s% — 543357 + 2285 — 0.34%96
From 3 to output —
58— 352257 + 6.655 55— 886457 + 8183 5% — 536557 + 242357 — 0557 5 + 0.09585

58— 402857 + 632555 — 412155 — 1,545 5% + 5.875% — 5.433 5% + 2,285 — 0.3498

Method II:

In this method also, fusion algorithm was done in frequency domain. First sSEMG was rectified and filtered using
Half-Gaussian filter. Three output error models were obtained using the system identification toolbox. By plotting
the bode plots of three models separately and combining the peaks of all three models using the fusion algorithm
proposed in method I, we got the results as shown in the following section.

Simulation Results:
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Fig. 3.2(b). Final Fusion Based Force Vs. Measured Force Signal.
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Fig. 3.2(c). Estimated Force Output for Individual OE Models and the Measured Force Signal.
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Fig. 3.2(d). Validation Plot for Data Set-I.
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Fig. 3.2(f). Comparison between Measured, Fusion Based and Single OE Model Output Force.
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Fig. 3.2(g). Bode Plots of Three Different Sensors.
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Fig. 3.2(h). Fusion Based Force Signal.

Conclusion:
Both the methods were done in frequency domain. Method I gave 82 % fit value and Method II needs to be
improvised. In future, we want to compare the three different fusion techniques.

4. Skeletal Muscle Fatigue and Spectral Analysis of SEMG Signals

As it is explained in the earlier part of the report that muscle fatigue is a complex phenomenon and affects the SEMG
signals as it progress. We conducted the experiments to capture the muscle fatigue as a change in SEMG as the
muscle fatigue progress. SEMG signals are analyzed to investigate the change in frequency domain during skeletal
muscle fatigue [P4]. Fig. 2.2.2(n) and (o) shows the experimental set-ups for dynamic and static force experiments
to induce skeletal muscle fatigue. The sSEMG signals are filtered with a nonlinear Teager—Kaiser Energy (TKE)
operator-based nonlinear spatial filter [36]. Two sets of dynamic force data are segmented into three and five parts
and two sets of static force data are segmented into five parts each. There is a 75% overlap between the two adjacent
segments. A number of classical, model-based and eigenvector based spectral estimation techniques are used to
study the change in the sSEMG signals as a result of muscle fatigue. In classical methods Fast Fourier transform
(FFT) and Welch‘s averaged modified periodogram methods are used. In case of model-based methods Yule-Walker
(Y-W), Burg, Covariance (Cov.) and Modified Covariance (Mcov.) Autoregressive (AR) methods are applied. For
eigenvector methods Multiple Signal Classification (MUSIC) and Eigenvector (EIG) spectral estimation methods
were selected for processing sSEMG signals. Using these spectrum analysis techniques, Power Spectral Density
(PSD) estimates and detailed documentations of the SEMG signals were obtained. These methods were compared in
terms of their frequency resolution and the effects in determination of skeletal muscle fatigue.

A. Discrete Fourier Transform (DFT):

DFT which is the computational basis of the spectral analysis transforms the time or space domain data into
frequency domain data [37]. The DFT of a vector x of length N is given as
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(f-13(k-1)

() = B, x(eay , (4.A.1)
where cy, = ™3/ is the N,y root of unity [37].

B. Welch’s averaged modified periodogram method:

As the name suggests, the _Welch‘s averaged modified periodogram method® depends on the periodogram of the
signal {x (n)} } which is given by Equation (4.B.1), [37].

Sper(F) =< IZH_ x(m)exp (—j2mfm)l%. (4.B.1)
In Welch method, the signal is segmented into eight parts of equal length with an overlapping ratio of 50% and each
part is segmented using a Hamming window as given by Equation (4.B.2), [37].

win) = 054—0.46cos(222).0=n =N . (4.B2)

C. Yule-Walker (Y-W) autoregressive (AR) method:

The Yule-Walker autoregressive method, also called the autocorrelation method, estimates the power spectral
density (PSD) of the input. This method fits an autoregressive (AR) model to the windowed input data by
minimizing the forward prediction error in the least-squares sense. This formulation leads to the Yule-Walker
equations, which are solved by Levinson-Durbin recursion [37].

D. Burg autoregressive (AR) method:

The Burg autoregressive (AR) method is a parametric spectral estimation method of the signal, x. The power
spectral density is calculated in units of power per radians per sample. This method is based on the minimization of
the forward and backward prediction error and on estimation of the reflection coefficients [37].

E. Covariance (Cov.) autoregressive (AR) method:

The covariance autoregressive (AR) method uses the covariance algorithm to estimate the parametric spectral
density of the signal, x. Based on causal observation of the input signal, the covariance method minimizes the
forward prediction error and fits an AR linear prediction filter model to the signal [37].

F. Modified covariance (Mcov.) autoregressive (AR) method:

Modified covariance autoregressive (AR) method estimates the PSD of the signal using the modified covariance
method. Based on the causal information of the input signal, the modified covariance method fits an autoregressive
(AR) linear prediction filter model to the signal by simultaneously minimizing the forward and backward prediction
errors. The spectral estimate returned by this method is the magnitude squared frequency response of the AR model
[37].

G. Multiple Signal Classification (MUSIC) spectral estimation method:

The MUSIC algorithm estimates the pseudospectrum (in rad/sample) at the corresponding vector of frequencies for
the input signal x [37]. This algorithm uses the estimates of the eigenvectors of a correlation matrix associated with
the input signal using Schmidt's eigenspace analysis method [37]. The MUSIC pseudospectrum estimate is given by
Equation (4.G.1),

Pmusir{f:] = : :

Pr— H e TN PR
8 (F)EE=pes PEVEIECN E%=F_1||:f__"9|_,r'j| ’

4.G.1)

where N is the dimension of the eigenvectors and 1 is the k-th eigenvector of the correlation matrix [37]. The
signal subspace has a dimension g and the eigenvectors ¥ used in the sum corresponds to the smallest eigenvalues
and also spans the noise subspace [37]. The vector €{f} consists of the complex exponentials, so the inner product
vHe(f) amounts to a Fourier transform. To estimates the pseudospectrum, the squared magnitudes are summed for
FFT computed for each ¥ [37].

H. Eigenvector (EIG) spectral estimation method:

The eigenvector spectral estimation method estimates the pseudospectrum (in rad/sample) at the corresponding
vector of frequencies using estimates of the eigenvectors of a correlation matrix associated with the input signal x
[37]. This method estimates the pseudospectrum from a signal or a correlation matrix using a weighted version of
the MUSIC algorithm derived from Schmidt's eigenspace analysis method [38, 39]. To find the frequency content of
the signal the algorithm performs eigenspace analysis of the signal's correlation matrix. Singular value
decomposition is used to compute the eigenvalues and eigenvectors of the signal's correlation matrix [37]. This
method computes the pseudospectrum estimate as given by Equation (4.H.1).

'EEL-{..F:] =

(4H.1)

(N pealvfe A e
where the eigenvectors have a dimension of IV and v is the k-th eigenvector of the correlation matrix [37]. The
signal subspace has a dimension p and the eigenvectors ¥; used in the sum corresponds to the smallest eigenvalues
and also spans the noise subspace [37]. The vector e(f} consists of the complex exponentials, so the inner product
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v e(f) amounts to a Fourier transform and to estimate the pseudospectrum, the squared magnitudes are summed
for FFT computed for each v [37].

1. Selection of Model Orders for Model-Based and Eigenvector Based Methods:

Model-based and eigenvector-based methods need to have a specific model order which is an important aspect of the
use in these methods. Using the SEMG and force data as input and outputs for three and five sets of the segments for
different data sets, we created model structure matrices using _struc* function in MATLAB®, using _arxstruc we
compared a model order of 1 to 50™ with varying delay of 1 to 50 using cross-validation on the second half of the
data set. With this approach, it was possible to select the order that gives the best fit for the validation data set.

J.  Results and Discussion:

SsEMG signal changes as a consequence of muscle fatigue [40-45], the amplitude of the PSD of the signal increases
and the median frequency shifts towards the lower frequency range [43-45]. In this study, PSDs of the different
segments of each sEMG data set were obtained using FFT, Welch‘s averaged modified periodogram, Yule-Walker,
Burg, Covariance, Modified Covariance autoregressive (AR), Multiple Signal Classification (MUSIC), and
Eigenvector spectral estimation methods. The objective of this study was to determine preferred methods of signal
processing that elevates the sensitivity of muscle fatigue as represented in the PSD of the sEMG signal. An
increased sensitivity allows for better modeling of the fatigue phenomena and hence more accurate SEMG models.
Ultimately this may lead to better prosthetic control.

Data of two experiments for dynamic force variations was segmented in three and five parts respectively. Each
segment is with an overlap of 75% with its adjacent segment. Using different methods, we computed the PSDs for
each segment. For the dynamic force experiments, the maximum value of PSDs of sSEMG signal increases with
muscle fatigue as time or segment number is increased. The classical methods (FFT and Welch) and eigenvector
based methods (MUSIC and Eigenvector (EIG.)) are representing this change well in case of maximum PSD values
and show a clear difference.

TABLE 4.1
MAXIMUM VALUE OF PSD FOR CLASSICAL METHODS AND EIGENVECTOR BASED METHODS - DYNAMIC
VARYING FORCE — EXPERIMENT 2

Segment No.  Classical-Methods  Eigenvector-Methods

FFT Welch MUSIC  EIG

IS 4.1et6  0.0082 371.59 1.0819
ond 5.09¢+6  0.0100 424.43 1.3892
3H 5.74e+6  0.0111  480.71 1.4132
4t 6.79¢+6  0.0133  508.64 1.4936
5t 2.13e+7 0.0379  695.08 10.2118

Table 4.1 lists the peak values of the PSDs of five segments using classical and eigenvector based methods for a
dynamically varying force experiment. Fig. 4(a) shows the overlapping plot of PSDs for five segments using the
MUSIC algorithm based spectral estimation method. The increase in the maximum PSD value is evident from the 1%
to the 5" segment of the data.

MUSIC - Dynamic Force - Experiment 2

¢ 15t Segment
oy ] e 2nd Segment

X [ A N E 3rd Segment
----- 3rd Segment
----- 5th Segment

Amplitude (dB)

500 1000 1500 2000
Frequency (radian/sample)

Fig. 4(a). PSD vs. Frequency Plot for MUSIC Algorithm — Dynamic Force Experiment.

Fig. 4(b) shows the resulting PSD using the Burg method. Comparing Fig. 4(a) and 4(b), the progression of fatigue
influence shift in PSDs is evident in both plots. However, the MUSIC algorithm not only shows larger amplitudes,
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but also a greater relative sensitivity to fatigue. The rather equal spacing between the lines of the PSD for the
MUSIC algorithm compared to the Burg method indicates a rather more linear relationship of the fatigue
progression.

10 Burg - Dynamic Force - Exp88

Amplitude

0 2000 4000 6000 8000 10000 12000 14000 16000
Frequency

Fig. 4(b). PSD vs. Frequency Plot for Burg Method — Dynamic Force Experiment.

TABLE 4.2
MAXIMUM VALUE OF PSD FOR CLASSICAL METHODS — STATIC FORCE - 50 POUNDS - EXPERIMENT 1

Segment No.  Classical-Methods  Eigenvector-Methods

FFT Welch  MUSIC  EIG

1 1.03e+5 6.8le-5 1413 9.93¢-4

ond 1.80e+5 1.12e-4 1793 16e-4

31 321et5  1.80e-4 2296 28e-4

40 425e+5 2.62e-4 3102 37e-4

5t 6.23e+5 3.58e-4 7723 104e-4

TABLE 4.3
MAXIMUM VALUE OF PSD FOR CLASSICAL METHODS — STATIC FORCE — 50 POUNDS - EXPERIMENT 1

Segment No. 1™ 2nd 31 4™ 50
Model-Based 7.7e-7 1.3e-6 2.3e-6 3.1e-6 7.81-6

Methods

The sEMG data of two experiments for static force (50 pounds) were processed and the maximum PSDs of five
segments using classical, model-based, and eigenvector based methods were computed. Data from both the
experiments show similar results as the dynamic case. Table 4.2 lists the peak values of the PSDs of five segments
using classical and eigenvector based methods for static force (50 pounds) for one experiment. Table 4.3 lists the
maximum values of the PSD for model-based methods: Y-W, Burg, Covariance, and modified covariance. All of
these methods resulted in the same maximum values for each segment. Comparing Table 4.2 and 4.3, we recognize
the large difference in maximum value between the model-based methods and the corresponding values from the
FFT and MUSIC method. Fig. 4(c) shows the overlapping plot of PSDs for five parts using eigenvector algorithm
based spectral estimation method. The increase in the maximum PSD value is evident from the 1% to the 5" segment
of the static force SEMG data.

The eigenvector method produces a similar characteristic as the MUSIC algorithm and distinguishes itself by also
providing a more linear characteristic of the fatigue progression and a greater relative sensitivity. Fig. 4(d) depicts
the PSD generated by using FFT method for the 1% and 5" segments of a static force experiment. While providing a
large maximum value, the FFT method is limited by its own spectral resolution (1/N) and, due to windowing of the
finite data set, results into spectral leaking.
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Fig. 4(c). PSD vs. Frequency Plot for Eigenvector Method — Static Force of 50 Pounds.
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Fig. 4(d). PSD vs. Frequency Plot for FFT Method — Static Force of 50 Pounds.

All the model-based methods for both dynamic and static force levels produce the same peak values and the same
PSD for the corresponding experiment. Since Burg and Y-W methods guarantee stability while the covariance and
modified covariance methods have conditions for stability to be satisfied (i.e. min. order must be of certain length of
the input frame size), Burg and Y-W should be the preferred methods for SEMG analysis. However, the Burg
method is to be preferred if short data sets are used.

Comparing the eigenvector based methods (MUSIC and Eigenvector), both of these methods are frequency
estimator techniques based on eigenanalysis of the autocorrelation matrix where the resulting estimate has sharp
peaks at the frequencies of interest. The eigenvector method uses inverse eigenvector weighting whereas the MUSIC
method uses unity weighting, implying that the eigenvector method gives fewer spurious peaks than the MUSIC
algorithm [46]. As seen from the dynamic experiment results, the MUSIC method provides for a better spacing
between the segments based PSDs compared to the Burg and eigenvector method. From static experiments, we
conclude that all three (MUSIC, Burg, and Eigenvector) methods perform similarly if a linear relationship of the
fatigue progression is desired.

Conclusion and Future Work

In this part of the research, we characterized muscle fatigue using a PSD representation of different segments of
SEMG data. Classical (fast Fourier transform and Welch‘s averaged modified periodogram), model-based (Yule-
Walker, Burg, Covariance, and Modified Covariance autoregressive (AR) method) and eigenvector based methods
(Multiple Signal Classification (MUSIC) and eigenvector spectral estimation method) are used to compute the
PSDs. Classical and eigenvector based methods are more sensitive than the model-based methods for analyzing the
fatigue related changes in sSEMG signal. However, the MUSIC algorithm provides good maximum value in the PSD
as well as a clear distinction between the segmented SEMG data. The latter point is indicative of a relative linear
fatigue progression in time for the same case when the MUSIC algorithm is utilized. In the future work these results
can be used to design and improve the skeletal muscle Force-sEMG-Fatigue® based models [P4] for prosthetic
design and other rehabilitation research.

5. Force models

To model the skeletal muscle force and SEMG signals we tried all the possible models available in MATLAE#®. For
the data set acquired using the experimental set-up in Fig. 2(a).
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5.1 Regular force model

5.1.1 Skeletal Muscle Force Estimation Using Nonlinear Models for an array of three Semg sensors

We tried multi nonlinear Auto Regressive eXogenous (ARX) and Wiener-Hammerstein models with different
nonlinearity estimators/classes using System Identification (SI) for three sets of sensor data. For the motor point,
ring 1 and ring 2 sensors we obtained seven, seven and eight nonlinear models respectively [P5, P6]. First, the
outputs of these nonlinear models are fused separately and then the final fusion based outputs from three sensors are
fused further to have better force estimates for an array of three SEMG sensors. Data fusion is done using an

adaptive KIC probability.

Results and Discussion
This section deals with the results, discussion and future work. The following plots show the nonlinear (ARX and

Wiener-Hammerstein) model and adaptive fusion algorithm based estimated force output for each sensor first and
then finally combined adaptive fusion based output for all three sensors. Fig. 5.1.1(a) shows the overlapping plot of
the original and adaptive fusion based force output for the motor point sensor. The output is the result of the
adaptive fusion algorithm on three nonlinear ARX and four nonlinear Wiener-Hammerstein models for the motor
point sensor signal. Fig. 5.1.1(b) shows the overlapping plot of the original and adaptive fusion based force output
for ringl sensor. This output is the result of adaptive fusion algorithm of three nonlinear ARX and four nonlinear
Wiener-Hammerstein models for ringl sensor signal. Fig. 5.1.1(c) shows the overlapping plot of the original and
adaptive fusion based force output for ring2 sensor. This output is the result of adaptive fusion algorithm on three

nonlinear ARX and five nonlinear Wiener-Hammerstein models for ring2 sensor signal.
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Fig. 5.1.1(a): Original and Fusion Based Output for Motor Point Sensor.
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Fig. 5.1.1(b): Original and Fusion Based Output for Ringl Sensor.
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Fig. 5.1.1(c): Original and Fusion Based Output for Ring2 Sensor.

Fig. 5.1.1(d) shows the overlapping plot of the original and final combined adaptive fusion based force output for
motor point, ringl and ring2 sensors. The output is the result of adaptive fusion algorithm on the final outputs of

three sensors i.e. motor point, ringl and ring2 as shown in Fig. 5.1.1(a) to 5.1.1(c). Fig. 5.1.1(d) shows the best
skeletal muscle force estimate, which is the result of the multi nonlinear ARX and Wiener-Hammerstein models and

an adaptive hybrid data fusion on these nonlinear models.
Original Force and NL-ARX - NL-HW Models Output - MotorPoint - Ringl - Ring2 Sensors

L

Time

Fig. 5.1.1(d): Final Plot - Original and Fusion Based Output for All Three Sensors.

Fig. 5.1.1(e) shows the error plot of the original and best-estimated model output for the motor point sensor. Fig.
5.1.1(f) shows the error plot of original and final multi nonlinear modeled and adaptive hybrid data fusion based
force estimate (results from three sensors, nonlinear modeling and adaptive data fusion algorithm). If we compare
Fig. 5.1.1(e) and 5.1.1(f), it is very clear and conspicuous that the error has decreased remarkably and is very close

to zero.

Fig. 5.1.1(e): Error Plot — Original and Best-Estimated Model Output for Motor Point Sensor.
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Fig. 5.1.1(f): Final Error Plot — Original and Fusion Based Output for Motor Point, Ringl and Ring2 Sensors.

5.1.2 Skeletal Muscle Force Estimation Using Linear and Nonlinear Models for an array of three SEMG
sensors

Once we tried all the possible nonlinear models available in MATLAE#® to estimate the skeletal muscle force for
three sensor array, we thought of using linear and nonlinear models together to model the relationship between the
skeletal muscle force and SEMG [P7, P8]. First we tried this approach for the motor point sensor and then we tried
this for the all three sensors as shown in the experimental set-up in Fig. 2.2.2(a). For three sensor array data set we
obtained multi linear and nonlinear models for motor point, ring 1 and ring 2 data sets. For motor point, ring 1 and
ring 2 sensors we obtained _six linear and three nonlinear models, _three linear and five nonlinear models,* _six
linear and five nonlinear models,‘ respectively.

Results and Discussion

An adaptive KIC probability based data fusion algorithm is applied to linear and nonlinear models separately for the
models obtained using three sets of input and output data for three SEMG sensors. First the fusion based output for
each sensor is obtained and then the three fusion based outputs from three SEMG sensors are fused to get the
improved estimates of the skeletal muscle force. The following plots show the improvement in the force estimates in
succession with different sensors separately and then combined. All the plots have the measured skeletal muscle
force signal in green and the estimated force signal in red color. Fig. 5.1.2(a) is a plot of measured and Chebyshev
type II filtered finger force data with the adaptive KIC probability fusion based force for the first sensor named as
ringl. The two signals are very clear and the estimated signal shows good follow up of the measured signal. Fig.
5.1.2(b) shows the measured and Chebyshev type II filtered skeletal muscle force with the adaptive KIC probability
fusion based force signals for the second sensor named as ring2. It is evident that the measured signal has a very
close follow up by the estimated signal. Fig. 5.1.2(c) shows the measured and Chebyshev type II filtered skeletal
muscle force with the adaptive KIC probability fusion based force signals for third sensor placed on the motor point
of ring finger. The results for this sensor are best among the three based of the used three sensor data and it is

evident that the measured signal has a very close follow up by the estimated signal.
Chebyshev Type II Filtered Vs. Linear-NL Models - Adaptive KIC Probability - Ring!

Amplitude

Time (60 Seconds) w10t

Fig. 5.1.2(a). Chebyshev Type II vs. Adaptive KIC Probability Based Force from Linear and Nonlinear Models for
Ringl Sensor.
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Chebyshev Type II Filtered Vs. Linear-NL Models - Adaptive KIC Probability - Ring2
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Fig. 5.1.2(b). Chebyshev Type II vs. Adaptive KIC Probability Based Force from Linear and Nonlinear Models for
Ring2 Sensor.
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Fig. 5.1.2(c). Chebyshev Type II vs. Adaptive KIC Probability Based Force from Linear and Nonlinear Models for
Motor Point Sensor.

2

Finally the estimated skeletal muscle force from three SEMG sensors is further fused with adaptive KIC probability
based data fusion algorithm. Fig. 5.1.2(d) shows the comparison of the measured and Chebyshev type II filter with
the final adaptive KIC probability based fusion skeletal muscle force estimate using three SEMG sensors. The final
result for three sensors is the best estimate of skeletal muscle force and it is evident that the measured signal has a

very close follow up by the estimated signal.
Chebyshev Type I Filtered Vs. Ringl-Ring2-MotorPoint - Linear-NL Models - Adaptive KIC Probability

A\* \"I\

Amplitude

P ,!"'"

6 8 10 2
Time ( 60 Seconds) a0’

Fig. 5.1.2(d). Chebyshev Type II vs. Adaptive KIC Probability Based Force from Linear and Nonlinear Models for
Ringl, Ring2 and Motor Point Sensor Combined.

2 4

The results show that there is a decrease in the percentage error from the linear and nonlinear model fusion based
separate outputs to the fusion based combined output of linear and nonlinear models combined for all three sensors.
However, these results show that there is a 16% improvement in the mean fit value of the motor point signal models
with the adaptive KIC probability based data fusion algorithm for multi-sensors (three in this case). Fig. 5.1.2(e) and
(f) show the validation plots of this approach for two separate sets of SEMG and skeletal muscle force data where
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green signal is the Chebyshev type II filtered measured force signal and the blue signal is estimated using this
approach.

Validation Plot - Separate Experiment Data |
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Fig. 5.1.2(e). Validation Plot 1 - Chebyshev Type II vs. Estimated Force Signal using Adaptive KIC Probability.
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Fig. 5.1.2(f). Validation Plot 2 - Chebyshev Type II vs. Estimated Force Signal using Adaptive KIC Probability.

5.1.3 Adaptive Neuro Fuzzy Inference Systems (ANFIS) and Smoothing Spline Curve Fitting Based
Estimation of Skeletal Muscle Force

Another method that we tried to estimate the skeletal muscle force using the SEMG signal is _ANFIS and Smoothing
Spline Curve Fitting.© Here we used the data set captured using an array of nine SEMG sensors as shown in the
experimental set-up of Fig. 2.2.2(f). Eight Takagi-Sugeno-Kang ANFIS with different membership functions each
with a rule base of ten are designed. The training of each ANFIS is done using a hybrid optimization method with
zero error tolerance and 40 epochs. Each of the force signals simulated using these ANFIS and measured force
signals are applied to a smoothing spline curve fitting method [P9]. The outputs from the smoothing spline curve
fitting are supplied to a data fusion algorithm with adaptive KIC probability. The final output of this approach gives
improved estimates of the skeletal muscle force.

Results and Discussion
This method of skeletal muscle force estimation gives good estimation of the skeletal muscle force. A data set of 45

seconds is used to estimate the output. Fig.5.1.3(a) shows the measured and estimated skeletal muscle force using
this method.
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Fig. 5.1.3(a). Plot of Measured and Proposed Method Estimated Skeletal Muscle Force.

Fig. 5.1.3(b) and (c) are the validation plots for 45 seconds and 60 seconds of data sets respectively. All of these
three plots show a very close follow up of the measured signal by the estimated signal using this approach. Fig.
5.1.3(d) shows the percentage error between the measured force signal and estimated finger force signal for 45
seconds of data set. The percentage error reduced to the lower values and the maximum percentage error value is 1.7
percent. The mean fit value between the measured and estimated output is 91.3 percent.
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Fig. 5.1.3(b). Validation Plot 1 Using Different Data Set.

Fig. 5.1.3(e) shows the percentage error plot for different data set of 60 seconds duration. Percentage error reduced
to lower values and the maximum percentage error value is 3.7 percent. The mean fit value between the measured

and estimated output is 40 percent. The mean fit value for another 45 seconds of data set is 73 percent.
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Fig. 5.1.3(c). Validation Plot 2 Using Different Data Set.
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Fig. 5.1.3(d). Percentage Error Plot.
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Fig. 5.1.3(e). Percentage Error Plot for 60 Seconds Data Set.

5.2 Force-fatigue model

As it is explained in earlier part of the report that muscle fatigue is a natural and dynamic phenomenon and cannot
be avoided. So, it is equally important that while estimating the skeletal muscle force from sSEMG we address the
issue of muscle fatigue or have some compensation for the change in SEMG as a result of muscle fatigue. This part
of the research deals with the issue of skeletal muscle fatigue and try to design the mathematical model that can
capture the dynamics of muscle fatigue. Here we used the experimental set-up shown in Fig. 2.2.2(a), and the data is
captured for a muscle fatiguing contraction for the dominant hand of a healthy subject. The data is pre-processed
using nonlinear Half-Gaussian Bayesian filter. The data was segmented into five parts with 91 percent overlap
among the adjacent data segments for three SEMG sensors. Output Error (OE) models for each segment is obtained
and the state space matrices are transformed using Modal transformation. The eigenvalues are the transformed
matrices are plotted and curve fitted to capture the dynamics of muscle fatigue. Finally using this method we
obtained three discrete-time dynamic state space models for three SEMG sensors for the ring finger [P10].

Results and Discussion
Based on previous research results and after trying different model orders for SEMG/Force data, an optimal
model order of ny = 2,my = 2,m; =1 is used in this work. Equation (5.2.1), (5.2.2), and (5.2.3) give three resulting
discrete time state-space SEMG-Force-Fatigue models for motor point sensor, sensor-1 and sensor-2 respectively.
imlh +1) = Ay x . (h) + B, EMG,, (h);

Vi (h) = Cppt (R + Dy EMGy, (h). (5.2.1)
xy(h+1) = A, x, (h) + B,EMG, (h):
¥, (h) = C,x, (k) + D,EMG, (h). (5.2.2)
x,(h+1) = A, x,(h) + BLEMG, (h):
¥, (h) = Cyx,(h) + D, EMG, (h). (5.2.3)
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In these case matrices Dy, Iy, and Dy are zero matrices, whereas matrices Ay, By Cpa Ay, By, €. A5, By and € are

: am (£} 0 By (£) a 0
given as: Ay, = [ mh i By = b::(t] i Cp= Lo () @] 4, = [ a"' ﬂ'1:]:

Gmy
B, = [bn]: €y =ley e3li 4z = [u.u{t:] 0 ]: B, = [b:,_{t_] ;and C; = [e53(£) c;5(£}]; where the elements of
by 0 o= bya (£}
matrices A By e dz. B and £ are function of time and the elements of matrices A4;. By, and £ are constants
for this particular data set. The time variables Gy (£, Gy (£, By (£}, By (8) 4 £y (£), £a ()
@y, (£ agy (£), By, (£), by (£), 5, (£), and c52(£) are given by quadratic polynomials obtained by curve fitting the
tracked modal transformed coefficients. These time variables are given as:

Gy (&) = 0.00026¢% — 0.033¢ — 11;

Gz (£) = —0.0018¢% 4 0.24¢ — 33;

by (£) = —0.002¢% + 0.33t + 42; by, (t) = —0.0017¢% + 0.33¢ + 25;
Cme (£) = (3.2 107707 — (4.2 = 107%)t + 0.71;

Cma(t) = (4.6 + 107%)¢% — (5.8 + 1075)t — 0.71;

gy, (1) = —(1.2=107%)0t% + 0.0013¢t — 0.47;

a,; (£) = 0.001¢? — 0.037¢ — 35,

by, (£} = (6.4 = 107%)t* — 0,001t + 0.3;

by, (t) = 0.0023¢2 — 0.12¢ — 75;

£ (8) = —(1.8=1077)¢% + (6.4 107 %)t + 0.71; and €5, () = —(2.1 = 107707 + (2.4 = 1077}t — 0.71.
Elements of matrices 4. By, and C; are constants for this particular data set, they are given as:

a,; = —0.0159; a,, = —43.1883; b,, = 0.0090; b,, = —72.1875; c,, = 0.7147; and ;5 = —0.7071.

The discrete models have a sampling time of At = 0.0003 seconds.

Fig. 5.2(a) and (b) shows the measured and estimated fused output, depending on the error between the two later
follows the measured signal very closely. This approach identifies a fused fatigue model and estimates an adaptive
probability based output that follows the measured output very closely. The outcome of this research can be used to
estimate the skeletal muscle force of a human hand for prosthetic hand design, application and improvement.

Measured Output Vs. Estimated Fused Output with Adaptive Probability
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Fig. 5.2(a). Measured Output Vs. Estimated Fused Output with Adaptive Probability.
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Validation Plot - Measured Output Vs. Estimated Fused Output With Adaptive Probability
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Fig. 5.2(b). Validation Plot - Measured Vs. Estimated Fused Output with Adaptive Probability.

6. Motion model

This part of the report presents a novel approach to dynamic modeling and estimation of the angles of the
proximal interphalangeal (PIP) joint of the index finger with the corresponding sSEMG signal. This can be used as an
angle control signal for the controller and replace the need of pre-programmed motion sets, which are initiated when
some threshold value of the measured sSEMG signal is reached. Here we are using System Identification (SI) in order
to obtain a dynamic finger angle model/estimation. The data for the simulation and modeling is captured using an
experimental set-up as shown in Fig. 2.2.2(n) that we designed for this specific purpose.

Index Finger Raw SEMG Signal

b

Amplitude
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4-Directional Spatial Filter to 9-sEMG Sensor Array

| | I
JIJ.JMLMMM “JAMAMMA lJMHJ' LL“‘AAAAL diddalad

Amplitude

0 5 10 15
Time x10'

Fig. 6(a). Raw and Spatially Filtered sEMG Signal from Index Finger.
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Fig. 6(b). Raw and Chebyshev Type II Filtered PIP Joint Angle for Index Finger.
The recorded sEMG signal for the index finger is filtered using nonlinear spatial filtering for nine channel

surface EMG. The nonlinear spatial filter is obtained from the Nonlinear Teager-Kaiser Energy (TKE) Operator,”
[25]. Fig. 6(a) shows a comparison between the measured and nonlinear spatial filtered SEMG signals. A Chebyshev
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type II infinite impulse response (IIR) low pass filter with a 550 Hz pass band frequency is used to filter the PIP
joint angle data. Fig. 6(b) shows the comparison between the measured and Chebyshev type II filtered skeletal
muscle force signal.

The filtered signals are smoothed using a smoothing spline curve fitting. The smoothed sEMG data is used as
input and the respective smoothed finger angle data is used as output for a system identification routine to obtain
multiple linear and nonlinear models. Five linear and three nonlinear models are obtained and to achieve better
estimates of the finger angles, an adaptive probabilistic Kullback Information Criterion (KIC) for model selection
based data fusion algorithm is applied to the linear and nonlinear model‘s outputs. Final fusion based output of this
approach results in improved estimates of finger angles [P11].

Results and Discussion

The sEMG signals from the sensor array and angle signals of PIP joint of index finger are filtered; smoothing
spline curve fitted and modeled using multiple linear and nonlinear models. First the outputs of linear and nonlinear
models are fused separately and then the resultant outputs are fused using an adaptive KIC based probability. This
approach gives improved estimates of the finger angles of the PIP joint of the index finger of the dominant hand of a
healthy subject. Results are presented in the following figures.

Curve Fitted Angle Vs. Data Fusion Angle Using Linear Models
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Fig. 6(c). Curve Fitted Vs. Data Fusion Based Angle Using Linear Models.

Curve Fitted Angle Vs. Data Fusion Using Nonlinear Models
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Fig. 6(d). Curve Fitted Vs. Data Fusion Based Angle Using Nonlinear Models.

Fig. 6(c) shows the overlapping plot of the measured-curve fitted angle vs. data fusion based angle using linear
models. Fig. 6(d) shows the overlapping plot of the measured-curve fitted angle vs. data fusion based angle using
nonlinear models. Fig. 6(e) shows the overlapping plot of the curve fitted angle vs. data fusion based angle using
linear-nonlinear models. It is clearly evident that the data fusion based output follows the measured-curve fitted
output. Mean percentage error of the linear, nonlinear and linear-nonlinear models data fusion based angles are
2.5191e-005, -4.5807e-006, and 8.1167e-006 respectively.
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Curve Fitted Angle Vs. Data Fusion Using Linear - NL Models
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Fig. 6(e). Curve Fitted Vs. Data Fusion Based Angle Using Linear-Nonlinear Models.
Fig. 6(f) shows the validation plot for a different experimental data where the measured-curve fitted and the

linear-nonlinear modeled data fusion based angle signal shows a close follow up. Mean percentage error of the

linear, nonlinear and linear-nonlinear models data fusion based angles are 2.8202¢-005, 3.3191e-005, and 6.8079¢-
006 respectively.
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Fig. 6(f). Validation Plot - Curve Fitted Vs. Data Fusion Based Angle Using Linear-Nonlinear Models.

In addition to the research conducted on the SEMG-force and sEMG-angle modeling, we also investigated
various optimization methods for improving the non-linear Hammerstein model fits for SEMG-force models. This
research was published in 2010 [P15]. -A Study on Hybridization of Particle Swarm and Tabu Search Algorithms
for unconstrained Optimization and Estimation Problems.”

Also, we learnt a great deal about the Hammerstein-Wiener models from our previous research which led to the
classification of amputation utilizing various spatial filters. This research was published in 2010 [P16].
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[Goal 2A: Intelligent Controll

The overall research is accomplished under four goals: Goal 1: EMG Signal Identification and
Estimation, Hand Motion Estimation, Goal2: Intelligent Control of Prosthetics, Goal 3: Robotic
Hand and Goal 4: Biocompatibility and Signaling.

The schematic diagram of the proposed work is shown in Figure 1 (see the works of Light et al.
(2002); Rodriguez-Cheu and Casals (2006); Zhao et al. (2006)). The overall system, in brief, consists
of electromyographic (EMG) signal acquisition from user arm for surface or implanted electrodes
(in the implanted case we focus on biocomptibility based on nano-materials research). The EMG
signal is then processed for feature extraction and classification or identification of EMG signal to
correspond to different motions of the prosthetic hand. The classified signal is then used to control
the prosthetic hand using actuators and driving mechanisms.

Biomaterials &
Biocompatibility

A 4

EMG Signal
Extraction &
Classification

Prosthetic .
Object
Hand jee

A 4

A

Sensory Feedback

Visual Feedback

Figure 1: Schematic Diagram of Prosthetic Hand Technology

Soft computing (SC) or computational intelligence (CI) (Konar (2005)) is an emerging field
based on synergy and seamless integration of neural networks (NN), fuzzy logic (FL) and genetic
algorithms (GA) (Karray and De Silva (2004)). The previous works on prosthetic hand used arti-
ficial neural networks by Hudgins (1991); Christodooulu and Pattichis (1999); Light et al. (2002),
fuzzy logic by Weir and Ajiboye (2003); Chan et al. (2000); Ajiboye and Weir (2005), genetic algo-
rithms in (Fernandez et al. (2000)) etc mostly for EMG signal classification for various movements
or functions of the prosthetic hand.

Goal 2: Intelligent Control of Prosthetics

The research accomplishments under Goal 2A: Intelligent Control of Prosthetics are

1. a comprehensive literature updated on the topic of control techniques for prosthetic hands
was conducted,

2. trajectory planning, kinematics and dynamics of a prosthetic hand with a two-link thumb
and four three-link fingers based on analytical models were investigated,

3. hard control techniques (feedback linearization, PD, PID, optimal and adaptive) to prosthetic
hand,
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4. soft computing strategies (neural networks, fuzzy logic, adaptive neural-fuzzy inference system
and genetic algorithm) to prosthetic hand, and

5. fusion of hard and soft control techniques (fuzzy logic+PD and genetic algorithm+PID) to
the five-fingered smart prosthetic hand.

Overview of Control Strategies for Smart Prosthetic Hand Tech-
nology

In research and development of a prosthetic hand using non-invasive techniques, the three basic
problems are, first, electromyographic (EMG) signal acquisition, and classification to correspond
to various human-like operations or features, second, conversion of EMG feature signals to control
signals to input to actuators to operate the prosthetic hand, and third, design and building of a
prosthetic hand with necessary sensors to operate according to the control signal that corresponds
to the EMG signal intended for the particular identified hand operation. In this paper, a chrono-
logical overview of the applications of control theory to prosthetic hand is presented. The overview
focuses on hard computing or control techniques such as multi-variable feedback, optimal, nonlinear,
adaptive and robust and soft computing or control techniques such as artificial intelligence, neural
networks, fuzzy logic, genetic algorithms and on the fusion of hard and soft control techniques.
This overview is not intended to be an exhaustive survey on this topic and any omissions of other
works is purely unintentional.

A hand is considered as an agent of human brain and is the most intriguing and versatile ap-
pendage to the human body. Over the last several years, attempts have been made to build a
prosthetic hand to replace a human hand to fully simulate the various natural/human-like opera-
tions of moving, grasping, lifting, twisting and so on. Replicating the human hand in all its various
functions is still a challenging task due to the extreme complexity of a human hand, which is 27
bones, controlled by about 38 muscles to provide the hand with 22 degrees of freedom (DOFs), and
incorporates about 17,000 tactile units of 4 different types Kandel and Schartz (1985); Zecca et al.
(2002). Parallels between dextrous robot and human hands were explored by examining sensor
motor integration in the design and control of these robots through bringing together experimental
psychologists, kinesiologists, computer scientists, and electrical and mechanical engineers.

Artificial hands have been around for the last several years developed by various researchers
in the field and some of the prosthetic devices developed are given below (in chronological order)
Zecca et al. (2002, 2006):

1. Russian arm - Kobrinski (1960); Sherman (1964); McKenzie (1965),
2. Waseda hand - Kato et al. (1967),
3. Boston arm! - Mann and Reimers (1970),

4. UNB hand (University of New Brunswick) - Rohland (1975); Hudgins (1991); Light et al.
(2002),

5. Hanafusa hand - Hanafusa and Asada (1977),

6. Crossley hand - Crossley and Umholtz (1977),

IThe ”Boston Arm,” project involved the Harvard Medical School, Massachusetts General Hospital, the Liberty
Mutual Research and Rehabilitation Centers, and M.I.T.
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10.
11.
12.
13.
14.
15.

16.

17.

18.

19.
20.
21.
22.

23.

24.

25.
26.
27.
28.
29.

30.

Okada hand - Okada (1982),

. Utah/MIT hand (University of Utah/Massachusetts Institute. of Technology) - Jacobsen

et al. (1982, 1985); Iversen et al. (2005),

. JPL/Stanford hand (Jet Propulsion Laboratory/Stanford University) - Salisbury (1982);

Venkataraman and Djaferis (1987),

Minnesota hand - Lian et al. (1983),

Manus hand - Kyberd and Pons (2003); Pons et al. (2004),
Kobayashi hand - Kobayashi (1985),

Rovetta hand - Rovetta (1983),

UT/RAL hand - Kim et al. (1987),

Dextrous gripper - Van Brussel et al. (1989),

Belgrade/USC hand (University of Belgrade/University of Southern California)- Bekey et al.
(1990),

Southampton hand (University of Southampton, Southampton, UK) - Kyberd and Chappell
(1994),

MARCUS hand (Manipulation And Reaction Control under User Supervision) - Kyberd et al.
(1995),

Kobe hand (Kobe University, Japan) - Okuno et al. (1996),

Robonaut hand (NASA Johnson Space Center) - Lovchik and Diftler (1999),
NTU hand (National Taiwan University) - Huang and Chen (1999),
Hokkaido hand - Nishikawa et al. (2001),

DLR hand (Deutschen Zentrums fiir Luft- und Raumfahrt-German Aerospace Center) - Liu
et al. (1999); Butterfass et al. (2001),

TUAT /Karlsruhe hand (Tokyo University of Agriculture and Technology /University of Karl-
sruhe) - Fukaya et al. (1996),

BUAA hand (Beijing University of Aeronautics and Astronautics) - Zhang et al. (2001),
TBM hand (Toronto/Bloorview MacMillan) - Dechev et al. (2001),

ULRG System (University of Louisiana Robotic Gripper) - Kolluru et al. (2002),
Oxford hand - Kyberd and Pons (2003),

IOWA hand (University of Iowa) - Yang et al. (2004),

MA-T hand - Suédrez and Grosch (2004),

Page 57 of 531



31. RCH -1 (ROBO CASA hand 1 2) - Roccella et al. (2004),

32. UB hand (University of Bologna) - Lotti et al. (2005),

33. Ottoback SUVA hand - (www.ottobock.co.uk),

34. Northwestern University system - Farrell et al. (2005),

35. SKKU Hand IT (Sungkyunkwan University, Korea) - Choi et al. (2006),

36. Applied Physics Laboratory (APL) at Johns Hopkins University (JHU) - DARPAO6b (2006);
APL-JHU-06 (2006); APL-JHU-07 (2007),

and some of the commercial web sites for prosthetic devices are
1. Sensor Hand”™ Speed from Otto Bock (www.ottobock.co.uk),

2. VASI (Variety Ability Systems Inc.), a company of the
Otto Boch Group (http://www.vasi.on.ca/index.html),

3. Utah Arm from Motion Control (www.utaharm.com),
4. The i-LIMB Hand from Touch Bionics (www.touchbionics.com), and
5. so on.

A very useful comparison table between several hands listed above and human hand, adapted from
Zecca et al. (2002, 2006), is updated and shown in Table 1.

However, about 35% of the amputees do not use their prosthetic hand regularly according to
Atkins et al. (1996) due to various reasons such as poor functionality of the presently available
prosthetic hands and psychological problems. To overcome this problem, one has to design and de-
velop an artificial hand which “mimics the human hand as closely as possible” both in functionality
and appearance.

There are a number of surveys, and/or state-of-the art articles that appeared over the years on
the subject of myoelectric prosthetic hand including the work in USSR (Russian) given by Sherman
(1964) and some of them are given by Childress (1980); Scott and Parker (1988); Grupen et al.
(1989); Sears and Shaperman (1991); Shimoga (1996); Bicchi (2000); Okamura et al. (2000); Zecca
et al. (2002); Kyberd et al. (2003); Muzumdar (2004); Cotton et al. (2006); Arimoto (2008); Birglen
et al. (2008); Inoue and Hirai (2009).

The complete details are given in our book chapter attached as Appendix 2A-1.

Modeling of a Five-Fingered Smart Prosthetic Hand

Human Hand Anatomy

Figure 2 (a) shows a normal human hand composed of thumb (¢), index (i), middle (m), ring (),
little (1) fingers and palm. The wrist is located between the forearm and the hand and consists of
eight carpal bones organized in two rows of proximal (movable) and distal (immovable) carpal bones
as shown in Figure 2 (b) Seeley et al. (2007). The proximal row (top) of carpal bones from lateral to
medial is the Scaphoid, Lunate, Triquetrum and Pisiform; the distal row (bottom) of carpal bones
from medial to lateral has the Hamate, Capitate, Trapezoid and Trapezium. The hand is composed

2the Italy-Japan joint laboratory for Research on Humanoid and Personal Robotics
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Table 1: comparison of Human Hand with Artificial Hands: Robotic and Prosthetic
Hands: Force indicates power grasp Speed indicates the time required for a full closing
and opening; E: stands for external; I: stands for internal

Size # of # of # of # of Weight | Force Speed | Controls
(Norm) | Fingers | DOFs | Sensors Actuators | (gms) (N) (sec)
Human hand 1.0 5 22 ~ 17,000 | 38(I+E) ~ 400 >300 0.25 E
Russian arm 5 3 1 ~ 147
Waseda hand
UNB hand
Hanafusa hand
Crossley hand
Utah/MIT hand ~20 |4 16 16 32(E) - 318 | - E
JPL/Stanford hand ~ 1.2 3 9 - 12(E) 1100 45 - E
Minnesota hand
Kobayashi hand
Rovetta hand
UT/RAL hand
Dextrous gripper
Belgrade/USC hand ~1.1 4 4 23+4 4(E) - - - E
Southampton hand ~ 1.0 5 6 - 6(E) 400 38 ~5 E
MARCUS hand ~ 1.1 3 2 3 2(I) - - - 1
Kobe hand
Robonaut hand ~ 1.5 5 1242 | 43+ 14(E) - - - E
NTU hand ~ 1 5 17 35 17(E) 1570 - - E
Hokkaido hand ~1 5 17 35 17(E) 1570 - - E
DLR hand II >1 5 7 - 7(E) 125 - - E
TUAT/Karlsruhe hand | ~ 1 5 17 - 17(E) ~ 120 12 0.1 E
BUAA hand 4 2
TBM hand
Oxford hand
IOWA hand
MA-T hand
Robo Casa hand-1 ~ 1 5 16 24 6(E+I) 350 ~ 40 0.25 E
Ottobock SUVA 1 3 1 2 1(E) 600 - - I
UB hand
Hokkaido hand >1 5 7 - 7(E) 125 - - E
Northwestern
SKKU Hand II 1.1 4 4 - 3 900
APL-JHU System
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Figure 2: Human Wrist and Hand: (a) Physical Appearance of Right Hand (Anterior View) (b)
Bones of Left Hand (Posterior View)

of five Metacarpals and five Digits. The metacarpals produce a curve, so the palm is concave in
the resting position. The five digits contain one thumb (¢) and four fingers, e.g. index (i), middle
(m), ring (r), and little (1) fingers, respectively. The thumb has two bones, Proximal phalanx
and Distal phalanxz. Each finger consists of three bones, Proximal phalanz, Middle phalanz and
Distal phalanz. In this work, we assumed that the palm is fixed, the thumb has two links (proximal
phalanx and distal phalanx), and each finger has three links (proximal phalanx, middle phalanx
and distal phalanx).

Synovial joints are formed at the surface of relative motion between two bones. The joints of
thumb and four fingers contain two saddle-shaped articulating surfaces between two bones and can
be classified as saddle joints. Index, middle, ring, and little fingers include three revolute joints in
order to do the angular movements (Figure 2 (b)). Metacarpal-phalangeal (MCP) joint is located
between metacarpal and proximal phalange bones; proximal and distal interphalangeal (PIP and
DIP) joints separate the phalangeal bones. Thumb contains metacarpal-phalangeal (MCP) and
interphalangeal (IP) joints Seeley et al. (2007). In this work, ¢, ¢} and ¢} (j = ¢, m, r and [)
represent the angular positions (or joint angles) of the first joint MCP?, the second joint PIP/ and
the third joint DIP’ of index, middle, ring and little fingers, respectively; ¢! and ¢} are the angular
positions of the first joint MCP' and the second joint IP! of thumb (), respectively.
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Trajectory Planning

The trajectory planning using cubic polynomial was discussed in our previous work Chen (2009);
Chen et al. (2008a,b, 2009a,c, 2010) for a two-fingered (thumb and index finger) smart prosthetic
hand. For three-link fingers, we present the same technique for fingertip orientation control. A
time history of desired (d) fingertip orientation (¢) and its differentiation (¢ and ¢) is given as

Ph(t) = w4 wit + wot? + wst?, (1)
Ph(t) = wi+ 2wat + 3wst?, (2)
() = 2ws + bwst, (3)

where wg-ws are undetermined constants and the superscript j indicates the index of each finger
(j =4, m, r and 1). The relations (1) and (2) need to satisfy the constraint conditions at initial
time ?p and final time ¢;. This can be written as

T Q=7®. (4)
Here, the matrices T, €2, and ® are
1ty ¢ tgz'
Tl e | ®
0 1 2ty 3t3
Q = [w wi wy ws ]/, (6)
= [a & o &) (7)

Therefore, the 4 unknown constants, wo-ws, can be computed by Q = T~1®.

Kinematics

Kinematics is the study of geometry in motion and is restricted to a natural geometrical description
of motion by the manners, including positions, orientations, and their derivatives (velocities and
accelerations) Jazar (2007); Siciliano et al. (2009). Forward and inverse kinematics of articulated
systems study the analytical relationship between the angular positions of joints and the positions
and orientations of the fingertips. A desired trajectory is usually specified in Cartesian space and
the trajectory controller is easily performed in the joint space. Therefore, conversion of Cartesian
trajectory planning to the joint space Siciliano et al. (2009) is necessary. Using inverse kinematics,
the joint angular positions of each finger need to be obtained from the known fingertip positions.
Then the angular velocities and angular accelerations of joints can be obtained from the linear
and angular velocities and accelerations of fingertips by differential kinematics. The inverse and
differential kinematics of two-link thumb and three-link fingers were discussed in our previous
publications Chen (2009); Chen et al. (2008a,b, 2009a,c, 2010) for a two-fingered (thumb and index
finger) smart prosthetic hand.

For five fingers shown in Figure 3, X9 Y¢ and Z© are the three axes of global coordinate.
Local coordinate xt-y/*-2* of thumb can be reached by rotating through angles a and § to X& and Y¢
of the global coordinate, subsequently. Local coordinate z*-y’-2* of index finger can be obtained by
rotating through angle o to X and then translating a vector d! of the global coordinate; similarly,
the local coordinate x/-y7-2/ of middle finger (j = m), ring finger (j = r), and little finger (j = 1)
can be obtained by rotating through angle o to X“ and then translating the vector dJ (j = m, r
and ) of the global coordinate.
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Figure 3: Relationship between Global Coordinate and Local Coordinates: Local coordinate x?-y’-
2! of thumb can be reached by rotating through angles a and 8 to X and Y of global coordinate,
subsequently. Local coordinate x’-y’-z* of index finger can be obtained by rotating through angle
a to X and then translating a vector d! of the global coordinate.

Adaptive Neuro-Fuzzy Inference System (ANFIS)

The inverse kinematics problems can be solved by using adaptive neuro-fuzzy inference system
(ANFIS) method Jang et al. (1997) where the input of fuzzy-neuro system is the Cartesian space and
the output is the joint space. ANFIS is a fuzzy inference system implemented in the framework of
adaptive networks which provides the best optimization algorithm to find parameters in order to fit
the data. ANFIS includes premise parameters, that defines membership functions, and consequent
parameters, that defines the coefficients of each output equation. ANFIS tunes the membership
function and identifies the coefficients by the backpropagation gradient descent and least-squares
methods, respectively. ANFIS uses a hybrid learning algorithm to identify parameters of Sugeno-
type fuzzy inference systems for fuzzy modeling procedures to learn information about a data set
in order to compute the membership function and track the given input/output data. Figure 4
(a) shows a two input first-order Sugeno fuzzy model with two rules and Figure 4 (b) depicts
the equivalent ANFIS structure for all the computation below. Sugeno-type fuzzy system has
the following Rule Base Jang et al. (1997); Karray and De Silva (2004); Nguyen et al. (2003);
Nandikolla and Naidu (2005); Nandikolla (2005).

If xis A; and yis By, then fi; = p1x + q1y + r1.

If xis As and y is Bs, then fo = pox + goy + ro.

Here, z and y are inputs to constitute the premise parameters A;, As, By, and By (Layer 1 in
Figure 4 (b)). p;, ¢;, and r; (i = 1,2) are the consequent parameters. We evaluate the rules by
choosing product [ for T-Norm (Layers 2 and 3) which results in

w; = /‘Ai("n) /‘Bi(y)v i=1,2. (8)

Here, pa, () and pp, (y) are designed fuzzy membership functions. Now after leaving the arguments
(Layer 4), we get the output f(z,y) by Rule Consequences.

. wl(:Evy)fl(:Evy)+w2($7y)f2($7y)
T Y R C ?)
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Figure 4: ANFIS Architecture: (a) A Two Input First-Order Sugeno Fuzzy Model with Two Rules
(b) Equivalent ANFIS Structure Jang et al. (1997). The inverse kinematics problems are solved
by using adaptive neuro-fuzzy inference system (ANFIS) method where the input of fuzzy-neuro
system is the Cartesian space and the output is the joint space. ANFIS is a fuzzy inference system
implemented in the framework of adaptive networks which provides the best optimization algorithm
to find parameters in order to fit the data.

f (Layer 5) can be written as

w1 f1 + wafo
fo= T2
w1 + w2
= Wy f1 + Wafa, (10)
where
_ w1q _ w2
W = —— W= —— . 11
! w1 + w2 2 w1 + wa (11)

Dynamics of Hand

The dynamic equations of hand motion are derived via Lagrangian approach using kinetic energy
and potential energy as Lewis et al. (2004); Kelly et al. (2005); Jazar (2007); Siciliano et al. (2009);

Chen (2009)
d (0L oL
at <—aq> “8q (12)

where L is the Lagrangian; ¢ and q represent the angular velocities and angle vectors of joints,
respectively; 7 is the given torque vector at joints. The Lagrangian £ can be expressed as

L=T-V, (13)
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where T and V denote kinetic and potential energies, respectively. Substituting (13) into (12),
dynamic equations of thumb can be obtained as below.

M(q)4q + C(q,q) + G(q) = T, (14)

where M(q) is the inertia matrix; C(q, q) is the Coriolis/centripetal vector and G(q) is the gravity
vector. (14) can be also written as

M(q)d +N(q,q) =7, (15)

where N(q, q) = C(q, Q)+ G(q) represents nonlinear terms. The dynamic relations for the two-link
thumb and the remaining three-link fingers are quite lengthy and omitted here due to lack of space
Nikoobin and Haghighi (2008); Arslan et al. (2008); Chen (2009).

Control Techniques

Feedback Linearization

The nonlinear dynamics represented by (15) is to be converted into a linear state-variable system
using feedback linearization technique Lewis et al. (2004). Alternative state-space equations of the
dynamics can be obtained by defining the position/velocity state x(¢) of the joints as

x(t) = [d'(t) a®)]. (16)
Let us repeat the dynamical model and rewrite (15) as

%Q(t) = -M""(q(1)) [N(q(t), 4(t)) — 7(t)]. (17)

Thus, from (16) and (17), we can derive a linear system in Brunovsky canonical form as

.on_ |0 I 0
x(t) = [ 0 0 ]x(t) + [ I ] u(t) (18)
with its control input vector given by

u(t) = -M~'(q(t) [N(a(t), a(t) - 7(1)]. (19)

Let us suppose the prosthetic hand is required to track the desired trajectory qq(t) described under
path generation or tracking. Then, the tracking error e(t) is defined as

e(t) = qa(t) — q(?). (20)

Here, qq(t) is the desired angle vector of joints and can be obtained by trajectory planning Chen
(2009); Chen et al. (2008a,b, 2009a,c); q(t) is the actual angle vector of joints. Differentiating (20)
twice, to get

é(t) = qa(t) — q(t), &(t) = qa(t) —a(). (21)

Substituting (17) into (21) yields

&(t) = da(t) + M~ (a(1) [N(a(t), &()) — 7(t)] (22)
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from which the control function can be defined as

u(t) = da(t) + M~ (a(t)) [N(a(t), a(t)) — 7(t)]- (23)

This is often called the feedback linearization control law, which can also be inverted to express it
as

7(t) = M(q(?)) [Ga(t) —u(t)) + N(a(t), q(1)]- (24)

Using the relations (21) and (23), and defining state vector x(t) = [€/(t) &'(t)], the tracking error
dynamics can be written as

.on_ |0 I 0
x(t) = [ 0 0 ]x(t) + [ I ] u(t). (25)
Note that this is in the form of a linear system such as

x(t) = Ax(t) + Bu(t). (26)

Adaptive Control

The tracking error e(t) and the filtered tracking error r(¢) are defined as

e(t) = aa(t) —a(t), (27)

r(t) = é(t) + Ae(t). (28)
Here, qq(t) is the desired angle vector of joints; q(t) is the actual angle vector of joints; A =
diag(Ai, A2, ..., \p) is the positive-definite diagonal gain matrix. The filtered error (28) ensures
stability of the overall system so that the tracking error (27) is bounded. Figure 5 shows the
block diagram of the adaptive controller. Here, the filtered signal r(¢) is derived from the tracking
error e(t) and the trajectory planner and is fed to the adaptive controller of the prosthetic hand.
Differentiating and substituting (28) into (14) gives the dynamic equation in terms of the filtered
error r(t) as

M(q(t))i(t) = —=Cm(a(t), a(t))r(t) + £() — 7(?), (29)
where C(q(t), q(t)) = Cn(q(t), a(t))q(t) and the nonlinear term f(¢) can be defined as

f(t) = M(a(t)(da(t) + Aé(t)) + G(a(t)) +
Crm(a(t), 4(t))(qa(t) + Ae(t)) + Tais,
- Ynr. (30)

Here, 745 is the unknown disturbance. Y is a regression matrix of known robot functions and 7
is a vector of unknown parameters Lewis et al. (1999). The regression matrix Y and the unknown
parameter vector 7 of two-link thumb and three-link index finger are given in Appendix Chen
(2009). The torque vector 7(¢) can be calculated by

7(t) = £(t) + Kpr(t). (31)
The unknown parameter rate vector 7« can be updated by
7 =T"1Y'r(t) (32)

where I' is a tuning parameter diagonal matrix.
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Figure 5: Block Diagram of Adaptive Control Technique

Finite-Time Linear Quadratic Optimal Control

Figure 6 shows the block diagram of finite-time linear quadratic optimal controller for prosthetic
hand. For the linear system (26), we can formulate the well-known finite-time linear quadratic
optimal control problem by defining a performance index J Naidu (2003) such as

o= SX(F)(ty)
+5 [ KOQ@x + W ORGu() d (3)

to

where the terminal cost matrix F(¢;) and the error weighted matrix Q(t) are positive semidefinite
matrices, respectively; the control weighted matrix R(t) is a positive definite matrix. The optimal
control u*(t) is given by

u*(t) = ~ROBP#)x"(t) = —K()x*(1). (34)

Here, K(t) = R7(¢)B'P(t) is called Kalman gain and P(t), the symmetric positive definite matrix
(for all t € [to, tf]), is the solution of the matrix differential Riccati equation (DRE)

P(t) = —P(t)A — A’P(t) — Q(t) + P(t)BR ' (¢t)B'P(¢) (35)
satisfying the final condition

P(t=ts) =F(ty). (36)
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Figure 6: Block Diagram of Hybrid Optimal Controller for Prosthetic Hand

The optimal state x* is the solution of
x*(t) = [A - BR ' ()B'P(t)] x*(¢). (37)
Therefore, the required torque 7*(¢) can be calculated by the optimal control u*(¢).
T (t) = M(q(t))(da(t) — u™(t)) + N(q(t), §(t)). (38)

The Stability of Finite-Time Optimal Control

Our previous work Chen (2009); Chen et al. (2009b,c) shows optimal control can avoid overshooting
and get better results than PID control, but the regular optimal control takes time to be convergent.
To study the convergent stability of the optimal control, we modify the performance index J Naidu
(2003) as

T = ¥R +

I

3 / e [x'(1)Q(t)x(t) + ' ()R (t)u(t)] dt, (39)
to

where « is a positive parameter. To find the optimal control which minimizes the performance index

(39) under the dynamical constraint (26). This problem can be solved by changing the previous

system, so the following transformations can be developed as

X(t) = e™x(t);  a(t) = e u(t). (40)
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Then, using the transformations (40), it is easy to see that the modified system becomes

x(t) = %{eatx(t)} = ae™x(t) + e*x(t)
ax(t) + e [Ax(t) + Bu(t)]
x(t) = (A+aD)x(t)+Bua(t). (41)

Considering the minimization of the modified system (41) and the performance index (39), we
see that the optimal control Naidu (2003) is given by

W (t) = ~R™IB'Px*(t) = ~Kx*(t), (42)

where K = R™'B’P and the matrix P is the positive definite, symmetric solution of the algebraic
Riccati equation

P(A +ol) + (A’ +al)P - PBR'B'P +Q = 0. (43)

Using the optimal control (42) in the modified system (41), we get the optimal closed-loop system
as

X (t) = (A4 ol — BR7'B'P)x*(t). (44)

Hence, applying the transformations (41) in the modified system (42), the optimal control of the
original system (26) and the associated performance measure (39) is given by

ut(t) = e M (t) = —e MRTIB/Pex*(t)
~R7IB'Px*(t) = —Kx*(t). (45)

We see that the closed-loop optimal control system (44) has eigenvalues with real parts less than
—a. In other words, the state x*(t) approaches zero at least as fast as e~,

GA-Based PID Hybrid Control

Figure 7 shows the block diagram of a hybrid GA-based PID controller for the presented five-
fingered prosthetic hand with control signal as

u(t) = —Kpe(t) — Ki / o(t)dt — Kpé(t) (46)

with the proportional Kp, integral Ky, and derivative Kp diagonal gain matrices. We then rewrite
(24) as
r(t) = M(a(t) i) + Kee(t) + K [ et)at
+Kpé(t)) + N(q(t), a(t)]. (47)

Then we use GA to tune all gain coefficients Kp, Kp and Kp of PID controller. Figure 8
shows the flowchart of GA and the procedure is briefly stated below.

1. Define the GA parameters: include initial population, population at the end of the first
generation, number of chromosomes kept for mating, mutation rate, and tolerance € so on.
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Figure 7: Block Diagram of the Hybrid GA-Based PID Controller for 14-DOF Five-Fingered Pros-
thetic Hand

2. Create a homogeneous population: generate N elements (chromosomes) and N is the initial
population.

3. Evaluate cost (fitness) function of each chromosome: calculate the fitness value of the ith
member in the population.

4. Select mate based on the performance of each gene: create a new population from the current
population based on the ranking of the current fitness value, e.g. determine which parents
participate in producing offspring for the next generation.

5. Reproduce the generation by crossover: use the single or multiple crossover points to generate
new chromosomes that retain the good feature and discard the bad feature.

6. Mutate: utilize the mutation rate which can randomly mutate the gene to avoid falling into
the local minima area.

7. Repeat steps 3 to 6 until it reaches the maximum number of iterations or stopping condition
defined by € is satisfied.
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Figure 8: The Flowchart of Genetic Algorithm (GA)

Fuzzy Logic-Based PD Hybrid Control

Figure 9 shows the block diagram of the hybrid fuzzy logic-based PD controller for the presented
five-fingered prosthetic hand with control signal as

u(t) = —Kp(He(t) — Kp(H)é(t) (48)

with the proportional Kp(¢) and derivative Kp(t) diagonal gain matrices with time varying. We
then rewrite (24) as

\]
=
Il
=)
=
ol
.
=
+
~
e}
=
o
=
+
~
)
=
-
=
+

N(a(t), at)]- (49)

Then we use mamdani fuzzy inference system to tune the time-varying parameters Kp(t) and
Kp(t) of PD controller. Figure 10 shows the structural characteristics of proposed fuzzy inference
system, which includes two inputs (error e and error change &) on the left and one output (Kp)
on the right. Each input or output layer contains seven triangular membership functions as shown
in Figure 11 and 49 logic rules as listed in Table 2. After using 49 logic rules, the output surface
Kp of fuzzy inference system is generated as shown in Figure 12. Similarly, Kp can be computed
by the same way.
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Figure 9: Block Diagram of the Presented Hybrid Fuzzy Logic-Based Proportional-Derivative (PD)
Controller for a Five-Fingered Prosthetic Hand: Errors and error changes are calculated by actual
and desired angles, which are based on adaptive neuro-fuzzy inference system (ANFIS) trajectory
planner. Then fuzzy logic controller tunes all parameters of closed-loop PD control so that the
required torque of the prosthetic hand nonlinear system is computed by control input.

Figure 10: The Structural Characteristics of Proposed Fuzzy Inference System: Two inputs (error
e and error change €) on the left and one output (tuned Kp) on the right with 49 logic rules

Page 71 of 531



Figure 11: All Membership Functions: Each of Two Inputs (Upper Panel) and One Output (Lower
Panel) Uses 7 Triangular Membership Functions

Table 2: A Complete Fuzzy Logic Rule Base

é\e |[NL NM NS ZR PS PM PL
NL | ZR ZR ZR ZR VS S SM
NM | ZR ZR ZR VS S SM ML
NS |ZR ZR VS S SM ML L
ZR | ZR VS S SM ML L VL
PS | VS S SM ML L VL VL
PM | S SM ML L VL VL VL
PL |SM ML L VL VL VL VL

N: negative; P: positive; ZR: zero; L: large; M: medium;
S: small; V: very

1500

1000

500

Figure 12: The Output Surface of Fuzzy Inference System with Two Inputs and 49 Logic Rules
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Simulation Results and Discussion

Adaptive Control

Figure 13 shows that five-fingered prosthetic hand with 14 DOFs is reaching a rectangular rod in

Figure 13: Five-Finger Prosthetic Hand Reaching a Rectangular Rod

order to grasp the object. When thumb and the other four fingers are performing extension/flexion
movements, the workspace of fingertips is restricted to the maximum angles of joints. Referring
to inverse kinematics, the first and second joint angles of the thumb fingertip are constrained in
the ranges of [0,90] and [-80,0] (degrees). The first, second, and third joint angles of the other four
fingers are constrained in the ranges of [0,90], [0,110] and [0,80] (degrees), respectively Lavangie
and Norkin (2001).

Next, we present simulations with an adaptive controller for the 14 DOFs five-fingered smart
prosthetic hand. The parameters of the two-link thumb/three-link fingers Arimoto (2008) were
related to desired trajectory. All parameters of the smart prosthetic hand selected for the simula-
tions are given in Table 3 and the side length and length of the target rectangular rod are 0.010
and 0.100 (m), respectively. All initial actual angles are zero. The relating parameters between
the global coordinate and the local coordinates are defined in Table 4. Besides, in this work, we
assumed that each link of all fingers is a circular cylinder with the radius (R) 0.010 (m), so the
inertia I7 , of each link k of all fingers j (=t, i, m, r and [) can be calculated as

= imgzﬁ + %miLiz. (50)

Figure 14, Figure 16, Figure 18, Figure 20 and Figure 22 show the tracking errors of thumb,
index, middle, ring, and little fingers for the proposed five-fingered smart prosthetic hand, respec-
tively. Figure 15, Figure 17, Figure 19, Figure 21 and Figure 23 show the desired/actual angles of
thumb, index, middle, ring, and little fingers for the proposed five-fingered smart prosthetic hand,
respectively. The observation that all tracking errors dramatically drop within one second and are
less than one degree after convergence provides the evidence that the adaptive controller for the
14-DOF's prosthetic hand enhances performance. The other observation that after convergence, all
three-link fingers show more unstable errors than two-link thumb suggests that the more DOF's
increase the difficulty of the adaptive controller without knowing the mass and inertia of the links
of all fingers.
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Table 3: Parameter Selection of the Smart Hand

Parameters Values
Thumb
Time (to,t)* 0, 20 (sec)

Desired Initial Position (X§,Y{])**
Desired Final Position (X},Y;)**
Desired Initial Velocity (X§,Y{)*
Desired Final Velocity (X},Y]f)*
Length (LY,L})

Mass (mf,m})

0.035, 0.060 (m)

0.0495, 0.060 ()
0, 0 (m/s)

0, 0 (m/s)

0.040, 0.040 (m)

0.043, 0.031 (kg)

Index Finger

Desired Initial Position (X§,Y{)**
Desired Final Position (X},Y})™
Length (Li,Li,Li)

Mass (m,mb,m})

0.065, 0.080 (m)
0.010, 0.060 (m)
0.040, 0.040, 0.030 (m)
0.045, 0.025, 0.017 (kg)

Middle Finger

Desired Initial Position (X, Yg™)**
Desired Final Position (X}",Y;")™
Length (L7",L1, L)

Mass (m{*,mg",m5")

0.065, 0.080 (m)
0.005, 0.060 (m)
0.044, 0.044, 0.033 (m)
0.050, 0.028, 0.017 (kg)

Ring Finger

Desired Initial Position (X{,Y;)**
Desired Final Position (X},Y[)™
Length (L7,L5,L5)

Mass (mf],mb5,mj)

0.065, 0.080 (m)
0.010, 0.060 (m)
0.040, 0.040, 0.030 (m)
0.041, 0.023, 0.014 (kg)

Little Finger

Desired Initial Position (X},Y¢)**
Desired Final Position (X},Y;)**
Length (LY,L},L%)

Mass (mf,mj,mj)

0.055, 0.080 (m)
0.020, 0.060 (m)
0.036, 0.036, 0.027 (m)
0.041, 0.023, 0.014 (kg)

*All fingers use same parameters

**All parameters are in local coordinates

Table 4: Parameter Selection of Conversion between Global and Local Coordinates

Parameters Values
Rotating « 90 (deg)
Rotating 3 45 (deg)

Translating d
Translating d™
Translating d*
Translating d!

(0.035, 0, 0) (m)

(0.040, 0, -0.020) (m)
(0.035, 0, -0.040) (m)
(0.025, 0, -0.060) (m)
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Figure 14: Tracking Errors of Adaptive Controller for Two-Link Thumb
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Figure 15: Tracking Angles of Adaptive Controller for Two-Link Thumb

Figure 16: Tracking Errors of Adaptive Controller for Three-Link Index Finger
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Figure 17: Tracking Angles of Adaptive Controller for Three-Link Index Finger
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Figure 18: Tracking Errors of Adaptive Controller for Three-Link Middle Finger
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Figure 19: Tracking Angles of Adaptive Controller for Three-Link Middle Finger

Optimal Control

Referring to inverse kinematics, Figure 24 exhibits that the fingertip workspace of the thumb and
index finger. We present simulations with the stability of optimal controller for the two-link thumb
and three-link index finger of a smart prosthetic hand. All used parameters are the same to our
previous work Chen et al. (2009c). The initial and final orientation ¢¢ and ¢y are 75 and 160
degrees, respectively. Figure 25 displays the tracking errors and desired/actual angles of thumb for
the smart prosthetic hand by using the presented optimal controller with the stability (o = 0, 0.1,
and 1). Figure 26 to Figure 28 are the tracking errors and desired/actual angles of index finger for
the smart prosthetic hand (o = 0, 1, and 10). To compare with the original system (« = 0), these
results demonstrate that the presented optimal controller behaves fast convergent and accurate as
the stability « increases. For the three-link index finger, we design the orientation ¢ to calculate the
angular positions via inverse kinematics. To compare with our previous works Chen (2009); Chen
et al. (2009b,c,a) by using adaptive neuro-fuzzy inference system (ANFIS) and genetic algorithm
(GA), the simulations show that the presented method is not time consuming.
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Figure 20: Tracking Errors of Adaptive Controller for Three-Link Ring Finger
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Figure 21: Tracking Angles of Adaptive Controller for Three-Link Ring Finger
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Figure 22: Tracking Errors of Adaptive Controller for Three-Link Little Finger
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Figure 23: Tracking Angles of Adaptive Controller for Three-Link Little Finger
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Figure 24: The Fingertip Workspace of Thumb and Index Finger and a Square Object
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Figure 25: Tracking Errors (left) and Joint Angles (right) of Thumb for Optimal Control with the
Stability (« = 0, 0.1, and 1)
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Figure 26: Tracking Errors (left) and Joint 1 Angles ¢¢ (right) of Index Finger for Optimal Control
with the Stability (o = 0, 1, and 10)
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Figure 27: Tracking Errors (left) and Joint 2 Angles ¢4 (right) of Index Finger for Optimal Control
with the Stability (o = 0, 1, and 10)
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Figure 28: Tracking Errors (left) and Joint 3 Angles ¢ (right) of Index Finger for Optimal Control
with the Stability (o = 0, 1, and 10)
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GA-Based PID Hybrid Control

We present simulations with a PID controller and GA-tuned PID controller for the 14 DOFs five-
fingered smart prosthetic hand grasping a rectangular object as shown in Figure 13. All parameters
of the smart prosthetic hand selected for the simulations are the same as our previous works Chen
et al. (2009b, 2010). All initial actual angles are zero and the diagonal coefficients, Kp, Ky and
Kp, for the PID controller alone are arbitrarily chosen as 100. From the derived dynamic and
control models, after the parameters (Kp, K1 and Kp) are determined, the torque matrix 7 can
be computed, and then the squared-tracking errors e!(t) of the joint i of the finger j are obtained.
Therefore, the total error E(t), which is a time-dependent function, can be described as

5= [ 7 (), (51)

where ty and t; are initial and terminal time, respectively. The tuned diagonal parameters (Kp,
Ki and Kp) and the total error E(t) of PID controller by GA are listed in Table 5. To study

Table 5: Parameter Selection of GA-Tuned PID Controller and Computed Total Errors

Input Output
Fingers Kp K; Kp E(t)
Case I | [976,956] [779,279] | [170,236] | 0.3107
Case II| [988,999] [ 78,848] | [ 80,109] | 0.1557
Case III| [199,198] [127,157] | [104,102] | 0.8100
Index |[794,398,960]|[960,918,914](15,59,242]| 0.0465
Middle {[794,398,960]([960,918,914]|[15,59,242]| 0.1003
Ring |[794,398,960]([960,918,914]|[15,59,242]| 0.0465
Little |[794,398,960]|[960,918,914]|[15,59,242] 0.0607

whether the tuned parameter range influences total tracking errors, we design three different cases
with altering lower and upper bounds of tuned parameter ranges for two-link thumb. Cases I,
II, and III for the thumb represent that the PID parameters Kp, Ky and Kp are constricted in
three different bounded ranges [100,1000], [50,1000], and [100,200], respectively. Figure 29 and
Figure 30 show that tracking errors and desired/actual angles of joints 1 and 2 of PID and GA-
based PID controllers for Thumb. These simulations show that the large ranges [100,1000] (Case I)
and [50,1000] (Case II) provide better results than the PID controller parameters arbitrarily chosen
as 100. However, the small range [100,200] (Case III) gives worse result than the PID controller
alone. These results suggest that the bigger parameter range, the smaller the total error. Cases I
and II explain that GA finds some parameter values € [100,1000] and [50,100] escaping the local
minimum area. Case III covers the value 100 in lower bound, but both total error and convergent
speed are even worse than PID alone, suggesting that GA performs better for a large range, but is
poor for searching on the boundary. To further consider the convergent speed, Case I gives smaller
total error, but does not improve its convergent speed when comparing to PID control alone. Yet,
Case II gives good total error and convergent speed. Case III gives poor total error and convergent
speed. Taken together, these results imply that the global minimum could be located in the ranges
[50,100] and [200,1000] and the parameter ranges play an important role in GA tuning. Based on
these findings, we use the range [50,1000] for the remaining three-link fingers. Figures 31 to 34
show the simulations of PID and GA-based PID controllers for the remaining three-link fingers.
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Figure 29: Tracking Errors of Joint 1 (left) and Joint 2 (right) of PID and GA-Based PID Controllers
for Thumb
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Figure 30: Tracking Angles of Joint 1 (left) and Joint 2 (right) of PID and GA-Based PID Con-
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Figure 31: Tracking Errors (left) and Joint Angles (right) of PID and GA-Based PID Controllers
for Index Finger
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Figure 32: Tracking Errors (left) and Joint Angles (right) of PID and GA-Based PID Controllers
for Middle Finger
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Figure 33: Tracking Errors (left) and Joint Angles (right) of PID and GA-Based PID Controllers
for Ring Finger

35 90
30 20
25 --=--Joint 1 of Little Finger (PID)
Joint 2 of Little Finger (PID) 70
% aof  —=-Joint 3 of Little Finger (PID) .
8 il —— Joint 1 of Little Finger (GA+PID) g 60
F s Joint 2 of Little Finger (GA+PID) 5
7 5 —— Joint 3 of Little Finger (GA+PID) = 50
S X %
£ 10 |3 =2
) } ] N g
£ 5|l =
g “ = 30 o sired Joint 3
= i, =] Actual Toint 1 (PID)
= 0 i Z w - Acxm .Tmnt 2 (BID)
S === Actual Joint 3 (PID)
5 7 20 ——— Actual Joint 1 (GA+PID) 1
- Actual Joint 2 (GA+PID)
; ——— Actual Joint 3 (GA=PID)
.10 10
-15 0
0 5 10 15 20 0 5 10 15 20
Time (seconds) Time (seconds)

Figure 34: Tracking Errors (left) and Joint Angles (right) of PID and GA-Based PID Controllers
for Little Finger
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Fuzzy Logic-Based PD Hybrid Control

In this study, we assumed that each link of all fingers is a circular cylinder with the radius (R)
0.010 (m), so the inertia I7 , of each link k of all fingers j (= ¢, ¢, m, 7 and [) can be calculated as

I 1 52
Iy =y R + Sl (52)

All initial actual angles are zero and the diagonal coefficients, Kp, K1 and Kp, for the PD or PID

controller alone are arbitrarily chosen as 100. From the derived dynamic and control models, after

the parameters (Kp and Kp) are selected, the control signal u and torque 7 can be calculated.
Figure 35 shows tracking errors (e} and e} on the left column) and desired/actual angles (¢} and

100

—==-PD (k= 100)
o == PID (K, = 100) o
ﬁ 50 i (KP % 50 ====Dezired
= —— FuzzytPD (K, = [50,1000]) = 8
N = g -—=-PD (K, =100)
n —— FuzzytPD (K, = [50,2000]) > PID &, = 100)
< s E —— =
E U iy G %‘3‘ -50 —— Fuzzp+PD (K, [50,1000]
4
b -100 ——FuazzytPD (K, € [50,2000])
-SGO 5 10 15 20 0 5 10 15 20
Time {sec) Time (sec)
20 0
B0 W _sofy
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™ .20 FD (¥, = 100) = 100 PD (K, =100)
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’5 40 Fuzzy+PD (¥, & [50,1000]) ED _150 Fuzzy+PD (K, € [50,1000])
—— Fuzzy+PD (K, € [50,2000]) —— Fuzzy+PD (K,, & [50,2000])
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Figure 35: Tracking Errors (Left) and Desired/Actual Angles (Right) of Joints 1 (Upper) and 2
(Lower) for Two-Link Thumb Using PD (Dash Line), PID (Dot Line) and Fuzzy Logic Based PD
(Solid Line) Controllers

¢4 on the right column) of joints 1 (the top row) and 2 (the bottom row) for two-link thumb using
PD (dash line), PID (dot line) and fuzzy logic based PD (solid line) controllers. The tracking errors
for PD control are convergent within 5 seconds without overshooting, but PID control acts longer
(approximate 10 seconds) with overshooting and oscillation. The proposed hybrid fuzzy logic PD
control using parameters Kp € [50, 1000] and Kp € [50, 500] provides faster convergence than both
PD and PID controllers. To further study whether the parameter range influences tracking errors,
we found that the larger parameter range, the faster convergent speed after altering Kp € [50, 2000]
without additional computational time. We also used fuzzy logic controller with two inputs (error
and error rate) and one output (control signal), but the control system could not obtain convergent
tracking errors (data not shown). These data suggest that fusion of soft computing (SC) and hard
control (HC) is superior to either HC or SC methodology alone.

The time-variant computed control signals (u} and ub) and torques (7 and 7%) for two-link
thumb within the first 0.01 second are shown in Figure 36, suggesting that the presented hybrid
fuzzy logic PD controller requires more power (torque) than PD and PID controllers in order to
obtain faster convergent tracking errors.

Similarly, Figures 37, 39, 41 and 43 show tracking errors and desired/actual angles for all
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Figure 36: Control Signals (Left) and Actuated Torques (Right) of Joints 1 (Upper) and 2 (Lower)
for Two-Link Thumb Using PD (Dash Line), PID (Dot Line) and Fuzzy Logic Based PD (Solid
Line) Controllers in 0.01 Second

remaining three-link fingers. Figures 38, 40, 42 and 44 show control signals and torques for the
mapping three-link fingers.
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Figure 37: Tracking Errors (Left) and Desired/Actual Angles (Right) of Joints 1 (Top), 2 (Middle)
and 3 (Bottom) for Three-Link Index Finger Using PD (Dash Line), PID (Dot Line) and Fuzzy

Logic Based PD (Solid Line) Controllers
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Figure 38: Control Signals (Left) and Actuated Torques (Right) of Joints 1 (Top), 2 (Middle) and
3 (Bottom) for Three-Link Index Finger Using PD (Dash Line), PID (Dot Line) and Fuzzy Logic
Based PD (Solid Line) Controllers in 0.01 Second
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Figure 39: Tracking Errors (Left) and Desired/Actual Angles (Right) of Joints 1 (Top), 2 (Middle)
and 3 (Bottom) for Three-Link Middle Finger Using PD (Dash Line), PID (Dot Line) and Fuzzy

Logic Based PD (Solid Line) Controllers
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Figure 40: Control Signals (Left) and Actuated Torques (Right) of Joints 1 (Top), 2 (Middle) and
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Based PD (Solid Line) Controllers in 0.01 Second
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Figure 41: Tracking Errors (Left) and Desired/Actual Angles (Right) of Joints 1 (Top), 2 (Middle)
and 3 (Bottom) for Three-Link Ring Finger Using PD (Dash Line), PID (Dot Line) and Fuzzy

Logic Based PD (Solid Line) Controllers
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Figure 42: Control Signals (Left) and Actuated Torques (Right) of Joints 1 (Top), 2 (Middle) and
3 (Bottom) for Three-Link Ring Finger Using PD (Dash Line), PID (Dot Line) and Fuzzy Logic

Based PD (Solid Line) Controllers in 0.01 Second
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1. Power grasping control for fully actuated prosthetic hand

1.1. Introduction

Human hand is one of the most important and complex parts of the body, which has the ability to handle different
tasks. The ultimate goal of robotic hand is to achieve the functionality of a human hand. In the past three decades,
there have been numerous investigations to achieve dexterity and ability of human hand, especially in the fields of
humanoid robotics and prosthetic hand [1-6]. In spite of all these advances in this field, the current state of research
on prosthetic hands is far from that objective of achieving the functionality of human hand. Commercially available
prosthetic hands have very limited functionality and they are just simple grippers. The present research on prosthetic
hands involves complex control schemes to achieve the most important functions of the hand [7-8].

Grasping can be categorized into two main groups: precision and power grasping. In precision grasping the object is
held by tips of the fingers, while in power grasping, the whole the finger is active and in contact with the object [9].
Many research works addressed the precision grasping problem [12-15] mainly because of the well-established
techniques for control of end effector; however the problem of power grasping is not studied in depth.

Many control methods require the knowledge of the shape of the object. For humans this information is available by
visual feedback from eyes, while in case of a prosthetic hand this visual information is not directly available for
hand controller, and the only available information is electromyographic (EMG) signal related to patient’s arm
muscle activities. However, normally the EMG signal is not available for all individual joints and besides, due to
measurement noise, accessing high quality EMG signal is hard [10]. Moreover, using EMG signal to control all the
movements requires lot of attention during grasping and leads to fatigue for the amputees [11]. Hence it is required
for prosthetic hand to be semi-autonomous which means a part of command information will be provided by the
EMG signal and the rest of the required command should be provided automatically by hand controller.

Defining finger trajectory without the knowledge of shape of object to be grasped is a challenging task for many
path planning techniques. For multi DOF's robots there are two common methods for trajectory planning which are
—nverse kinematic” and —inerse dynamic” [12-15]. Both these methods require object shape and are based on
solving optimization problem which requires high computation, hence they are hard to implement for real-time
applications.

To avoid solving the path planning problem for prosthetic hands, many researchers advocated under-actuated
mechanisms, which are capable of adapting to object shape mechanically and without additional computation [16-
18]. In these mechanisms, the number of actuators are less than the DOFs, and because of less actuators they have
less weight. However fewer actuators result in less functionality, because fingers joints can‘t move independently.

Arimoto et al. [19] used —irtual spring-damper hypothesis” for control of robotic arm-hand systems. A similar
method called —#rtual model control” is also suggested by J.Pratt et al. [20] used for walking robots, and it is based
on defining virtual forces between two points. Both methods are based on the use of Jacobian matrix to relate task
space movement to joint space. In [20] it is shown that any kind of force can be defined between two points and the
other study [19] shows that use of spring-damper forces will result in human like movement. From physiological
point of view, human skilled multi-joint reaching movement has these characteristics that 1) endpoint trajectory
become a quasi-straight line and less variable, 2)velocity profiles of the endpoint has a bell-shape, and 3) joint
trajectories are rather variable from trial to trial [19].

In this report, a new control scheme is proposed that can efficiently address the problem of power grasping without
complete knowledge of the shape of the object which may be called -blind power grasping” for prosthetic hand. The
proposed method is based on the works by Arimoto et al. [19] using virtual spring-damper (VSD) hypothesis used
for control of robotic arm-hand systems. In our report, we use the above mentioned hypothesis, in particular for the
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power grasping of a prosthetic hand. In this method, we define a virtual spring-damper between finger tip and
desired point for control of movement of fingers. Further, in this method there is no need to introduce any
performance indices to solve inverse kinematics uniquely and Jacobian pseudo-inverse or inverse dynamics which
are common methods to define trajectories of redundant DOFs robots. Besides, in the present method, there is no
need for any information on tactile or force sensing.

The report is organized as follows. In Section 2 modeling of prosthetic hand is discussed, Section 3 covers virtual
spring damper method. Section 4 describes control strategy. Section 5 analyzes the efficiency of the proposed
control scheme using numerical simulation. Finally, conclusion and discussion are presented in section 6.

1.2. Modeling of Prosthetic Hand

In this control method, controller is not derived directly from dynamic model of the system. Kinematics equation
and Jacobian matrix are the required for controller design.

A model of a robotic hand system is shown in Fig.1. The model consists of a finger with 3DOF which represents
three joints of a finger and palm.

Fig. 1: Model of a Robotic Hand System.

In this report we assume the following:

1- Movement of both finger and object are confined to a two dimensional horizontal plane, and therefore there is no
gravity effect.

2- The object is assumed to be initially stable in its position.

3- The initial movement toward object is handled by amputee, so the hand is close enough to the object before
grasping.

The position of the tip of the finger is evaluated as (see Figure 1):

x =1y cosq, +1; cos(g, +gq;) + 13 cos(q, + gz -

(1)
y =1y singy+1; sin(gy + g;) +1; sin(g, + g, +

(2)

where, /;, [,, and /; are lengths of each finger and ¢q;, ¢,, and g; are angles of each corresponding joint.
Based on above equation the Jacobian matrix is as:

J= Jur Jaz fﬂ] 3)
Jz1  Jzz  Jeal

ju = —ly sing, — 5 sin(g, + g;) — I sin(g, +
, “4)

Jiz = —lp sin(g, + qz) — I3 sin{gq, + q; + q3), %)
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jiz = —ly sin(g, + q2) — I3 sin{gq, + g2 + q2), (6)

jiz = —l3 sin(gy + 92 + 93], (7
jar =1y cos gy +1; cos(gy +g2) + 13 cos(gy +q

, (®)
jaz = Iz cos{gy + q2) + 13 cos{qy + q: + q3). ©)
Jza = 13 cos(gy + g2 + q3). (10)

1.3. Virtual Spring-Damper Method

—Virtual model control” is a motion control scheme that uses simulations of virtual components to generate desired
joint torques [20]. These joints produce the same effect that the virtual elements placed on robot would have created,
hence they create the illusion that these virtual elements are connected to the real robot. Virtual elements can be any
kind of real physical elements such as springs, dampers, gravity fields, nonlinear fields or any other components.
Virtual model control was proposed by J. Pratt et al [20] for biped walking robot. In a study by Arimoto [19] on
robotic hand arm system, it is shown that using a virtual spring damper between robot end effector and desired point,
and virtual dampers at each joint, human like movement can be achieved.

For power grasping by a prosthetic hand, one of the best options is the use of Virtual Spring-Damper (VSD)
hypothesis. Some benefits of VSD control scheme are that it has a simple structure and requires relatively less
computation. Besides, it doesn‘t need inverse dynamics to precisely define the robot movement. Thus, we use spring
set points instead of commanded movement and robot automatically adapts its shape. Since finger joints at
prosthetic hand work as virtual dampers, which is sensitive to velocity and not to position, they don‘t have a forced
shape, instead just finger tip follow a defined path as will be discussed more in control strategy section.

The joint torques to virtual forces is given by:

t=]F, (11)
where 7 is the torque, and F’ is the force due to virtual spring damper given as
F = —(8ki + kix), (12)

and
Tepring—damper = _IT{EM-'EA‘- + kﬂx}! (13)

where k represents the stiffness of the virtual spring, Ax is distance between finger tip and desired point, and & is the
damping ratio. The damping force is defined at each joint as

Tjgints damping = —C 4§ (14)
where, C denotes a diagonal positive definite matrix as follows:

C =& diagley, ... cpl (15)
Hence control signal would be sum of these two terms

u=—Cq— JT(@(EVhs + kax). (16)

Higher values of k re