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Three Machine Learning Techniques for Automatic
Determination of Rules to Control Locomotion

Slavica Jorg; Student Member, IEEETamara Jankoei Vladimir Gajic, and Dejan Popogj* Member, IEEE

Abstract—Automatic prediction of gait events (e.g., heel con- a muscular system impose that a command signal precedes
tact, flat foot, initiation of the swing, etc.) and corresponding the required muscle activity when a real-time control is to be

profiles of the activations of muscles is important for real- ., emented, and are the most important arguments against
time control of locomotion. This paper presents three supervised . .
implementing closed-loop control.

machine learning (ML) techniques for prediction of the activation . ; X .
patterns of muscles and sensory data, based on the history of An alternative for control is using nonanalytlcal control to
sensory data, for walking assisted by a functional electrical stim- clone the biological control [36], [38]. The basic mechanism
ulation (FES). Those ML's are: 1) a multilayer perceptron with  for implementation of such algorithms is a rule-based system
Levenberg—Marquardt modification of backpropagation learning [37]. Rule-based controllers for locomotion were originally

algorithm; 2) an adaptive-network-based fuzzy inference system
(ANFIS); and 3) a combination of an entropy minimization type nand crafted [1], [2], [4], [12], [44]-[46], and lately automat-

of inductive learning (IL) technique and a radial basis function ically tuned [11], [15], [18], [20]-{24], [31]-[33] but none
(RBF) type of artificial neural network with orthogonal least was sufficiently practical to be widely used. A rule-based
squares learning algorithm. Here we show the prediction of the gntrol is an implementation of “iff—then” relations. “If" part

activation of the knee flexor muscles and the knee joint angle for ; ; “ »
seven consecutive strides based on the history of the knee jointOf a rule describes the sensory states, while a “then” part

angle and the ground reaction forces. The data used for training Of @ rule defines the corresponding motor, that is muscle
and testing of ML’s was obtained from a simulation of walking activity. In other words, when a characteristic sensory pattern

assisted with an FES system [39]. The ability of generating rules is recognized, a muscle activity must occur.
for an FES controller was selected as the most important criterion In order to design a rule-based system a knowledge base

when comparing the ML'’s. Other criteria such as generalization : . .
of results, computational complexity, and learning rate were also has to be generated. It was hypothesized that machine learning

considered. The minimal number of rules and the most explicit (ML) can help in acquiring the needed knowledge. Learning
and comprehensible rules were obtained by ANFIS. The best in general can be described as capturing and memorizing of a
generalization was obtained by the IL and RBF network. connectivism between facts. ML is a computerized capturing
Index Terms—Adaptive-network-based fuzzy inference system and memorizing process. ML’s were applied successfully to
(ANFIS), artificial neural networks (ANN's), functional electrical ~automate the walking [11], [18], [20], [33], [37], but the
stimulation (FES), inductive learning (IL), multilayer perceptron,  walking pattern was not improved.
radial basis function (RBF) ANN, walking. We propose to use simulation results of a fully customized
biomechanical model of a human with disability for inputs and
I. INTRODUCTION outputs required for ML, therefore to clone a desired pattern of
ONTEMPORARY functional electrical stimulation walkmg. The simulation desc_:rlb(_ad |n_[14] and [39] ge_neratgs a
. . set of inputs and outputs which is suitable for the said cloning.
(FES) systems use volitionally controlled four or sixX , . : ) :
ML’s used in this study are: 1) a multilayer perceptron

channels of stimulation [25], or a preprogrammed sequen . .
of stimulation patterns applied to as many as 48 muscl sLP) with the Levenberg-Marquardt improvement of back-

[19]. Tuning the stimulation patterns in the later case is hanE[Opag"’ltIon (BP) algorithm [41]; 2) an adaptive-network-

crafted for each user [19]. Several more sophisticated cont S}se(: fuzzy;nferenge_ syst(ta.m ('tA‘NFISf) '[ldS]; ta_md |3 )a gomtl)ll_na—
strategies were presented in the literature, involving ope on of an entropy minimization-type of inductive learning (IL)

loop [8], [19], [34] and closed-loop control [16], [17]. V\/hentechnique [11], [32], [33], [35], [47] and a radial basis function

considering the closed-loop control it is important to speak &?BF)-type of artificial neural network (ANN) [6], [32] with

dynamic characteristics of muscles. They operate as low-p ogonal Igast sc:ulaLres.tﬁOLj) Ite'arnllng.algo?thmk [G]ALN
filters with respect to neural inputs. Dynamics of muscles comparison o with adaptive logic networks ( )

can be characterized by rise time of approximately 50—16‘6"‘9 restriction rules [22], [24] shows that ALN's have some

ms, depending on the muscle type. Muscle activity is delayggvantages over IL. The application of ALN’s is intentionally

after the neural signal for about 30-50 ms. Those features%?itted since it was published earlier in great details [20]-[24].
Heller et al. [11] compared an IL method based on an
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The set of inputs and outputs for the supervised ML was
selected from the collection of results obtained by simulation.
Fig. 2 shows inputs borrowed with permission from the au-
thors of [39] and used in this pattern matching study. The top
panel is the angle at the knee joint, the middle panel shows
the ground reaction forces, and the bottom panel shows the
activation pattern of the equivalent knee flexor muscle. The
maximum activation was assumed to be one, while the resting
muscle is described as zero. The sampling rate for all data
was 100 per s.

The design of rules has the following two elements: 1) the
pattern matching, that is the prediction of activation patterns
of the equivalent knee flexor muscle; and 2) the pattern
matching, that is the prediction of the knee joint angle. The
estimation of muscle activation patterns with respect to the
sensory signals provides the timing for the onset and offset
of the change of activity, but as said this command must
precede the actual activity. Thus, the pattern matching of a
sensory data is required to predict a sensory pattern which
will follow after 100 ms. The knee joint angle and the ground
reaction forces preceded for 50 ms were used as inputs when
predicting the muscle activation pattern. The knee joint angles
preceding for 50, 100, and 150 ms were used as inputs when

Fig. 1. Model of a human body showing the knee joint angle, grourﬁredicting the sensory pattern. The training set for this study
reaction forces, and the equivalent hip and knee flexors and extensors. The,

model is used for calculating data used as inputs and outputs for pattgﬂﬁ:IUded intentionally oply the fpur consecutive strides (Fig. 2,
matching. HC3 to HC7). The testing set included the sequence of seven

consecutive strides (Fig. 2). The first two strides and the last
minimization of entropy and the RBF network in predictingtride were not used for the training. The learning algorithms
muscle activation and sensory data from the history of sensavgre implemented using MatLab 4.2c.1 on a PC platform
data for a human with spinal cord injury (SCI) [15] showgPentium 133-MHz, 16-Mb RAM).
that the best generalization comes from combining both. TheThe evaluation of results for all three techniques was done
benefits of merging fuzzy logic and an ANN were exploredy comparing the following:
extensively in the literature [13], [27]. 1) the errors in the timing of muscle activatiohs, that is

The aim of the study was to analyze which technique is  periods when a muscle is active given in the form
the best when considering the number of rules, the simplicity D = hlald) — a*) — A N
and comprehensibility of rules, and the generalization of the ter(1) = h(a(i) — o) (@des (i) — a”)
wherea(i) and aqes(¢) are theith sample of estimated

results.

and simulated (desired) muscle activations, respectively,
a* is a threshold defined for the desired signal allowing
to say that a muscle is active if the activation is bigger

[I. TASK FORMULATION
The muscle activation patterns and sensory data used for

pattern matching were obtained from biomechanical analysis
of a human walking with FES [39]. The leg is modeled as
a planar, two-segment linkage of rigid bodies (Fig. 1). It is
assumed that the leg was driven by two pairs of equivalent2)
monoarticular flexor and extensor muscles acting around the
hip and knee joints (Fig. 1). The term equivalent muscle relates
to the simplification that all of the muscles contributing to
the activity at a joint are represented with a single muscle.
The inputs for simulation are: the ground reaction forces,
hip acceleration, the knee and hip joint angles, and the angle
between the trunk and the horizontal. This data was recorded
during a self-paced, level walking of an able-bodied human.
The outputs are the muscle activation patterns at the knee and
hip joints, as well as the corresponding knee and hip joint
angles. Dynamic programming was used to determine muscle
activation patterns by optimizing the tracking of the trajecto-
ries of the joints and minimizing the overlap of agonist and

antagonist activities as showed in details in Popetial. [39]. 3)

than a*
1, z>0
h(x):{o, <0

cross correlation between simulated (desired) and esti-
mated signals (muscle activation and joint angle) in the
form

r

3()Sdes (1)

i=1

SONDIERT

cor =

r

2

=1

wheres(:) andses(¢) are theith sample of the estimated
and the desired signals, respectively, anslthe number
of signal samples;

elapsed time for the training and testing.
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Fig. 2. Data obtained from the simulation and used as input and output sets for pattern matching. (a) Shows the angle at the knee joint, (b) shows the

ground reaction forces, and (c) shows the activation patterns of the equivalent knee flexor muscle. The activation is normalized at one. Theiddiews in m
panel show heel contact. Time interval between two consecutive arrows is one gait stride.

lll. USE oF MLP The weight vector contains all the weights and biases called
parameters of the network.
A. MLP and BP Learning Algorithm The BP learning algorithm is a generalization of a gradient

estgaions of MLPS have been inensied since WESCETLAINI I vees 8 raent search echviae o i
formulation of the BP learning algorithm [41]. An MLP is a : que quares
t}etween desired and estimated net outputs. Derivatives of error

feed-forward network, typically consisting of several layers g
ypicaly 9 y gglled delta vectors) are calculated for the network’s output

nonlinear processing nodes called hidden layers with a Iini X
. . r, and then backpropagated through the network until delta
output layer. Processing nodes take as input only the output tors are available for each hidden layer of the network. The

the previous layer, which are combined as a weighted sum aé'elgcal orithm may lead to a local, rather than a global error
then passed through a nonlinear processing function known as . 9 y ’ 9

the “activation function.” This activation function is typicallymm'mum' If the local minimum found is not satisfactory, use

sigmoidal in shape. An MLP with three hidden layers can forr%f several different sets of initial conditions or a network with

arbitrarily complex decision regions and can separate clasS¥€ neurons can be tried.
that are meshed together. It can form regions as complex as

those formed using mixture distributions and nearest neigh
classifiers [28]. The MLP used here has a single linear out
node and a single hidden layer. The network function can beA simple BP algorithm is very slow because it must use
described by small learning rates for stable learning. There are ways to
improve the speed and general performance of a BP algorithm.
It can be improved in two different ways: by heuristics and by
using more powerful methods of optimization. Speed and reli-
ability of BP can be increased by techniques called momentum
wherew is the input vector NV is the number of nodes in theand adaptive learning rates. The momentum technique helps
hidden layer, and)(-) is activation function selected here ashe network to get out, if stacked in shallow minimum. By
sigmoidal. The input vector is connected to th hidden the use of adaptive learning rates it is possible to decrease the
node by weighti,, and#d, is the scalar bias for this node. Thdearning time. In this paper we used a Levenberg—Marquardt
output fromgth hidden node is connected to the output nodmodification of BP algorithm. By using Levenberg—Marquardt
by weight¢,, and &, is the scalar bias for the output nodeoptimization the training time can be shortened. Its update

:ﬁ{ Improvements of BP Learning Algorithm

N
F) =6+ &u(dgv+6,)

g=1
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Fig. 3. Results of applying the MLP with Levenberg—Marquardt modification of BP learning algorithm. (a) Shows the simulated activation patterns of
the equivalent knee flexor muscle shown at Fig. 2 (full line) and the predicted activation patterns (dashed line). The inputs used for this plaittgrn matc
were the simulated knee joint angle and the ground reaction forces shifted back for 50 ms. (b) Shows the errors in the muscle activation timing. (c)
Shows the simulated knee joint angle (full line) and the predicted angle (dashed line). The three inputs for this matching were the simulatedd knee join
angle shifted back for 50, 100, and 150 ms.

rule is C. Results of Using Multilayer Perceptron
- 1 with Levenberg—Marquardt Modification of
Aw= (JTT +pl) Jhe Backpropagation Learning Algorithm

where Aw is column matrix whose number of rows matches Fig- 3 shows results of application of the MLP with
the number of network parametets,is the Jacobian matrix Levenberg-Marquardt modification of BP learning algorithm.
of derivatives of network function error, that is the differenc&id. 3(a) shows the predicted (dashed line) and simulated (full
between desired and estimated net outputs, for each trainli§) activation patterns of the equivalent knee flexor muscle.
pattern to each network parameters. The number of rows TiR€ inputs for this pattern matching were the knee joint angle
J matches the number of training patterns, and the numi¥td the ground reaction forces from the preceding 50 ms,
of columns matches the number of network parametersWwhile the output was the muscle activation pattern. Fig. 3(b)
is a column matrix of errors for each training pattern. Thghows the errors in the muscle activation timing. Fig. 3(c)
number of rows in: matches the number of training patternsshows the simulated (full line) and the predicted (dashed line)
I is the identity matrix whose number of rows as well aknee joint angle. The inputs for this pattern matching were
columns matches the number of network parameteris a the knee joint angle preceding for 50, 100, and 150 ms, while
scalar. If ;. is very large, the above expression approximatége output was the knee joint angle. Two different networks
gradient descent, while i is small this expression becomegvere used for matching of muscle activation and joint angle.
the Gauss-Newton method. The coefficignis changed in ~ The number of nodes in a hidden layer of the network
such a way as to join good features of both algorithms: gradiegtgtimating muscle activity was chosen to be six, and the
descent algorithm (it does not require that initial values a¢fumber of nodes in a hidden layer of the network estimating
parameters are well chosen), and Gauss—Newton algorithnifié joint angle was chosen to be four. The multiplier factor
has guadratic convergence near an error minimum). As lofay increasingu. was selected to be 1.2, and the multiplier
as the error gets smallet,is made bigger, but, once the errofactor for decreasing qf was selected to be 1/1.2 in both case
starts increasing, is made smaller. The Levenberg—Marquardif pattern matching. The number of training epochs in both
is much faster than the gradient descent algorithm, on whichse was chosen to be 25. All of the numbers given above
the standard BP algorithm is based. However, it requires mavere selected after numerous and tedious trials to get the best
memory than the gradient descent algorithm. pattern matching results. The cross correlation between the
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desired and estimated value of muscle activity was 0.94, and is the output from the fuzzy system. The linguistic
cross correlation between the desired and estimated value of termsA,; and B; are fuzzy sets¢; andb,; denote crisp
joint angle was 0.999. The muscle activation pattern matching  constants.

lasted approximately 22 s. The joint angle pattern matchingThe so-called zero-order Sugeno, or Takagi-Sugeno—Kang

lasted approximately 18 s. fuzzy model [43] has rules of the first type, whereas the
first-order Sugeno fuzzy model has rules of the second type.

IV. USE OF ADAPTIVE-NETWORK-BASED The easiest way to visualize the first-order Sugeno fuzzy

Fuzzy INFERENCE SYSTEM model is to think of each rule as defining the location of

a “moving singleton” (a single spike from the consequent)

A. Fuzzy Sets and Fuzzy Models depending on what the input is. Sugeno models are similar

Fuzzy sets are a generalization of conventional set theot9. the Mamdani model [29] which has rules of the third
They were introduced by Zadeh [50] as a mathematical wiPe. and which is more intuitive, but computationally less
to represent vagueness in everyday life. A formal definitigpfficient. Fuzzification and weighing, are exactly the same,
of fuzzy sets that has been presented by many researctfsgeneration and defuzzification are different [26].
is following: a fuzzy setA is a subset of the universe of FOr the type of fuzzy rules used in Mamdani model various
discourseX that admits partial membership. The fuzzy sdpethods are available for defuzzification: the centroid of area,
A is defined as the ordered pait = {x,m(z)}, where bisector of area, middle of maximum, largest of maximum etc.
z € X and0 < mu(z) < 1. The membership function [10], but qll of these methods are based pn the ca!culatloq of
ma(z) describes the degree to which the objecbelongs the two-dimensional-shape surfacc.a,.that is on the integration.
to the setd, wherem_(z) = 0 represents no membership,The Sugeno-style gnhances the efﬂmency of the defgzmﬁpaﬂo_n
andm.(z) = 1 represents full membership. process because it greatly simplifies the computation; i.e., it

One of the biggest differences between conventional (crigp3s to find just the weighted average of a few data points. The
and fuzzy sets is that every crisp set always has a unidgéolication method (generation) is simply multiplication, and
membership function, whereas every fuzzy set has an infintf€ aggregation operator just includes all of the singletons. For
number of membership functions that may represent it. THf€ first-order Sugeno fuzzy model, that is used in this paper,
is at once both a weakness and a strength; uniqueness is s&&fuzzified valuey, is
ficed, but this gives a concomitant gain in terms of flexibility,

enabling fuzzy models to be “adjusted” for maximum utility Z gilan, @, - "am)H e (a5)
in a given situation. Yo = — 4

The typical steps of a “fuzzy reasoning” consist of: 1) Z HNAU (a;)
Fuzzification, that is comparing the input variables with the g

membership functions of. the premise (IF) parts in Ord%hereu&j(aj) is the membership degree of inpuf (j =
to obtain the membership values between zero and oqez.._m) to the antecedent linguistic terod;; for the ith

2) Weighing, that is applying specific fuzzy logic operatorﬁhe of the fuzzy system.
(e.g., AND operator, OR operator, etc.) on the premise parts
membership values to get a single number between zero dS b : ;

X ) . tractive Clust Method and
one; 3) Generation, that is creating the consequent (THE%1 ubractive LIUStering ethod an

part of the rule; and 4) Defuzzification, that is aggregating reiaptive-Network-Based Fuzzy Inference System

consequent to produce the output. Membership functions are subjective and context-
There are several kinds of fuzzy rules used to constriégpendent, so there is no general method to determine

fuzzy models. These fuzzy rules can be classified into tfeem. Currently, when fuzzy set theory is applied in control

following three types according to their consequent form [263Ystems, the system designers are given enough freedom to

1) Fuzzy rules with a crisply defined constant in the Coﬁz_hoose membership functions and _operators, usually in a
sequent trial and error way. After a hand-tuning process, the system

can function effectively. However, the same methodology
R;: IF 1 is A;; and- - -andx,y, is A;m, THEN yis¢; is hardly applicable when the system is a general purpose

one, or when the context changes dynamically. This suggests
n explanation why the most successful applications of
uzzy logic happen in control systems, rather than in natural
language processing, knowledge base management, general

2) Fuzzy rules with a linear combination of the system
input variables in the consequent

R;: IF z1 is A;; and- - - andx,y, is A, purpose reasoning.
THEN yis gi(21, -+, 2m) =bo +brz1 + - + bz, The method used for identification of a first-order Sugeno-
. type fuzzy interference system (FIS) is a two step procedure:
3) Fuzzy rules with fuzzy set in the consequent the first step used subtractive clustering method [7] for initial

identification of FIS, the second step used an adaptive-network
with BP and least squares (LS) algorithms for tuning of initial
where R; is theith rule of the fuzzy systemy,; (j = identified FIS [13]. The approach used here to extract the
1,2,---m) are the inputs to the fuzzy system, apd initial rules is based on replacing identification of membership

R;:IF z1 is A;; and---andz,, is A;,,,, THEN y is B;
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Fig. 4. Results of applying the subtractive clustering method for initial identification of a first- order Sugeno-type FIS and the adaptive-nésviaitk wi
and LS learning algorithms for tuning of initial identified FIS. For details see the caption of Fig. 3.

functions of input variables with identification of the centers ofalues, this method may give different results, because the
cluster-like regions. Fuzzy c-means the technique introduciel@ntification algorithm depends on an optimization procedure.
by Bezdek [5] as an improvement on earlier data clusteringAn adaptive-network with a single output node and a single
methods and requires that the number of clusters is knownhléiden layer was used here for tuning the initial identified
there is not a clear idea how many clusters there should BKs. The LS method and the BP gradient descent method
for a given set of data, subtractive clustering method [7] cavere used for tuning linear and nonlinear parameters of first-
be used for estimating the number of clusters and the clusteder Sugeno-type FIS, respectively [13]. A network structure
centers in a set of data. This method is used here and itfasilitates the computation of the gradient for parameters in
an extension of the Mountain clustering method proposed byFIS. The adaptive-network improves the rules determined
Yager [48]. It assumes each data point is a potential clusfesm initial identification of FIS. The result is an FIS which
center and calculates a measure of the potential for each daeresponds to the minimum training error.

point based on the density of surrounding data points. The

algorithm selects the data point with the highest potential as the ) ) )

first cluster center and then destroys the potential of data poifts Results of Using Subtractive Clustering Method and ANFIS
near the first cluster center. The algorithm then selects the dat&ig. 4 shows results of application of the subtractive cluster-
point with the highest remaining potential as the next clust@rg method for initial identification of a first-order Sugeno-type
center and destroys the potential of data points near this nE¥% and the adaptive-network with BP and LS learning algo-
cluster center. This process of acquiring a new cluster centithms for tuning of initial identified FIS. The top panel shows
and destroying the potential of surrounding data points repetite predicted (dashed line) and simulated (full line) activation
until the potential of all data points falls bellow a thresholdpatterns of the equivalent knee flexor muscle. The inputs for
The range of influence of a cluster center in each of the dakds pattern matching were the knee joint angle and the ground
dimensions is called cluster radius. A small cluster radius wikkaction forces from the preceding 50 ms, while the output
lead to finding many small clusters in the data (resulting Wwas the muscle activation pattern. The middle panel shows
many rules) and vice versa. The cluster information obtainéte errors in the muscle activation timing. The bottom panel
by this method are used for determining the initial numbethows the simulated (full line) and the predicted (dashed line)
of rules and antecedent membership functions, that is fkmee joint angle. The inputs for this pattern matching were the
identifying the FIS. Then, the linear least-squares estimati@nee joint angle preceding for 50, 100, and 150 ms, while the
is using to determine the consequent for each rule. The resultput was the knee joint angle. Two different ANFIS’s were
is the initial fuzzy rule base. However, for different initialused for matching of muscle activation and joint angle.
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The cluster radius of each input was chosen to be 0.5. déntains a rule based on a threshold of one of the input signals.
nodes were obtained in a hidden layer of the adaptive-netwdtlch new rule further subdivides the example set. The training
for FIS estimating muscle activity, and five fuzzy rules weris finished when each terminal node contains members of
obtained. 30 nodes were obtained in a hidden layer of thaly one class. An excellent feature of this algorithm is that
adaptive-network for FIS estimating the joint angle, and only determines threshold automatically based on the minimum
three fuzzy rules. The number of training epochs in both caestropy [32], [33], [35]. This minimum entropy method is
was chosen to be ten. The cluster radius and the numberegtiivalent to determination of the maximum probability of
epochs were selected based on the experience gained thraegbgnizing a desired event (output) based on the information
numerous trials while trying to get the best matching. ThHeom an input.
cross correlation between the desired and estimated value of
muscle activity was 0.95, and cross correlation between tBe RBF Type of ANN

desired and estimated value of joint angle was 0.999. TheRBF network [6], [32] is a feed-forward network. The

musglg activation pattern matphing lasted apprgximately 53F§BF used here has a single output node and a single hidden
The joint angle pattern matching lasted approximately 46 Slayer which contains as many neurons as are required to

fit the function within the specifications of error goal. The
V. USE OF ENTROPY MINIMIZATION transformation from the input space to the hidden-unit space
TYPE OF IL AND RBF TvPE OF ANN is nonlinear, whereas the transformation from the hidden-unit
o . _ ~ space to the output space is linear. Its function is given by
A. Entropy Minimization Type of Inductive Learning Technique N
Thg IL is a symbolic techniqL_Je which uses s.upervised flw) :£0+Z £¢(Jv = ¢qll)
learning and generates a set of “if~then—else” decision rules. a=1
A method [32], [33] used here is based on an algorithm called

“hierarchical mutual information classifier” [42]. A programWhere” is the input vector, V' is the number of the hidden

Empiric described in [11] implements this algorithm. Thigodes, and () is the activation function (known as the radial

algorithm produces a decision tree by maximizing the avera"g@SiS function for a RBF network). Theoretical investigations

mutual information at each partitioning step. It uses Shannor?8d Practical results show that the type of nonlineaity is
entropy as a measure of information not crucial to the performance of RBF network [40], and it is

Mutual information is a measure of the amount of inform Isually taken to be bell-shaped function as in this case. The

tion that one random variable contains about another randdril delr(motes a norm that isf usually taken todbe Eucliﬁeaﬂ. The
variable. It is a reduction of the uncertainty of one randof'¥ ‘f"rﬁ nownhas yect;)rs 0 RBFI_centef§,an ¢o are thegt
variable due to the knowledge of the other. Consider twW¥€ight and the bias for output linear node.

random variablesY and Y with a joint probability density Af_comrr:]on _Iearnmg al?onthm fc()jr RBF networks is based
function p(z,y) and marginal probability density functions®" firSt choosing randomly some data points as RBF centers
p(z) and p(y). Mutual informationI(X,Y) is the relative an(_j then using singular value fjecomp05|t!on to solve for the
entropy between the joint distribution and the product distr‘fye"-:]ht,S of the netvx{ork. An arbitrary selection of c_:enters may
not satisfy the requirement that centers should suitably sample

bution p(z)p(y) : : : : )
the input domain. Furthermore, in order to achieve a given
I(X,Y) = ZZP(WD log, p(z,y) . perfqrmanc_e, an unnecessarily large RBF network may be
el p(z)p(y) required. Since performance of an RBF network critically
) ) ) depends upon the chosen centers, we used an alternative
The mutual information can also be written as learning procedure based on the OLS learning algorithm [6].
I(X,Y) = 5(X) - S(X/Y) By providing a set of inputs and corresponding outputs, the
values of weightg,, biasé,, and RBF centers (parameters for
where S(X) is Shannon’s entropy RBF network) can be determined using the OLS algorithm in
. one pass of the learning data so that a network of an adequate
S(X) == plz)log, p(z) size can be constructed.
* When an input vectow is presented to such a network,
and S(X/Y) is conditional entropy each neuron in the hidden layer will output a value according
to how close the input vector is to the centers vector of each
S(X/Y) == pla.y)log, p(a/y) neuron. The resultpis that neurons with centers vector very
vy different from the input vector will have outputs near zero.
p(z/y) is the conditional probability density function. These small outputs will have a negligible effect on the linear

An effective method of integrating results of a mutual inforeutput neurons. In contrast, any neuron whose centers vector
mation algorithm into a production rule formalism, followingis very close to the input vector will output a value near one.
the original work of Pitas [35] and Watanabe [47] is showlf a neuron has an output of one, its output weights in the
in [32] and [33]. While generating the decision tree, theecond layer pass their values to the neuron in the second
algorithm performs a hierarchical partitioning of the domailayer. The width of an area in the input space to which each
multidimensional space. Each new node of the decision tneslial basis neuron responds can be set by defining a spread
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Fig. 5. Results of applying the minimum entropy IL and RBF network with OLS learning algorithm. For details see the caption of Fig. 3.

constant for each neuron. This constant should be big enough, while the output was the knee joint angle. Two different
to enable neurons to respond strongly to overlapping regionsnaftworks were used for matching of muscle activation and
the input space. The same spread constant is usually selegdédt angle.
for each neuron. The spread constant for the RBF network estimating muscle
activity was selected at 80000, and the obtained network had
) o 290 nodes in the hidden layer. The spread constant for the
C. Results of Using Entropy Minimization RBF network estimating the joint angle was selected at three,
Type of IL and RBF Type of ANN and the obtained network had 455 nodes in the hidden layer.
The muscle timing was estimated using minimum entrodyach input signal was divided into 30 fixed levels (chosen
IL, and the level of muscle activation was estimated usirgptential thresholds) for the application of minimum entropy
RBF network with OLS learning algorithm. The RBF networkL. The spread constant and the number of potential thresholds
estimates the level very well because it gives a “continuougiere selected to get as good as possible pattern matching.
output, therefore it does not work so well for the muscle timinghe number of training epochs in both cases was one. The
estimation [15]. Thus, the rules designed using IL methamoss correlation between the desired and estimated muscle
correct the muscle timing estimated using RBF [15]. Thactivity was 0.90, and cross correlation between the desired
parameters for RBF network were calculated based only end estimated value of joint angle was 0.999. The muscle
elements from the input and output sets that fall in the intervattivation pattern matching lasted approximately 10 s, while
in which a muscle was estimated to be active. The joint anglee joint angle pattern matching lasted approximately 31 s.
was estimated using only RBF network.
Fig. 5 shows results of applying the minimum entropy IL
and RBF network with OLS learning algorithm. The top panel VI. DiscussioN
shows the predicted (dashed line) and simulated (full line) In this paper three supervised ML'’s for prediction of muscle
activation patterns of the equivalent knee flexor muscle. Thetivation patterns (knee flexor muscles) and sensory data
inputs for this pattern matching were the knee joint angle aifkhee joint angle) were compared. The data for training and
the ground reaction forces from the preceding 50 ms, whilesting was prepared using the results of the simulation of a
the output was the muscle activation pattern. The middle pamedlking with an FES system. The ML'’s are: 1) a MLP with
shows the errors in the muscle activation timing. The bottolrevenberg—Marquardt modification of BP learning algorithm;
panel shows the simulated (full line) and the predicted (dash2dan ANFIS where a subtractive clustering method was used
line) knee joint angle. The inputs for this pattern matchinfpr initial identification of a first-order Sugeno-type FIS and
were the knee joint angle preceding for the 50, 100, and 188 adaptive-network with BP and LS algorithms was used
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TABLE |
THREE CRITERIA FOR EVALUATION OF MLS: 1) THE CROSS CORRELATION BETWEEN
SIMULATED (DESIRED) AND ESTIMATED SIGNALS (KNEE FLEXOR MUSCLE ACTIVATION AND
KNEE JOINT ANGLE); 2) THE ERRORS IN THE TIMING OF MUSCLE
ACTIVATIONS; AND 3) THE ELAPSED TIME FOR THE TRAINING AND TESTING

elapsed time for
maximum cor mapping and test
of ¢, [s] [s]

joint | muscle | joint muscle
angle | activity | angle activity

MLP 0.30 0.999 0.94 18 22

ANFIS 0.22 0.999 0.95 46 53

IL, with RBF network 0.08 0.999 0.90 31 10

for tuning of initial identified FIS; and 3) combination of antionally intensive. In view of the versatility of ANN and rule-
entropy minimization type of IL technique and a RBF type dbased learning methods, their combination can be expected to
ANN with OLS learning algorithm. exhibit many advantageous features such as: 1) the parameters
The presentation includes only seven strides. Four stridafsthe system have clear physical meanings, which they do not
were used for the training, while the whole sequence for tiave in general ANN; and 2) human linguistic descriptions
testing. The small number of strides was intentionally usexd prior expert knowledge can be directly incorporated, for
to demonstrate that even though the repeatability is very l@axample, into fuzzy neural network structure. On the other
from stride to stride, and the limited number of strides is useldand, the disadvantage is that the network structure requires a
all ML's employed are capable of predicting the outputs withilarge number of term nodes and there is no efficient process
acceptable margins of error. The aim of the study was for reducing the complexity of combined neural network with
analyze which technique is the best for design of the rulesle-based method.
for an FES controller, and not to get the perfect map of RBF networks and MLP’s are examples of nonlinear layered
muscle activations. The simulation used to get the inputs afed-forward networks. These networks are both universal
the outputs for pattern matching provided only one plausib&proximators. The RBF network with supervised learning
sensory-motor map, and its accuracy is questionable becabhase some advantages over the MLP: 1) the RBF network
it utilizes a very simplified biomechanical model of a humawith supervised learning of cluster centers as well as network
walking. Therefore, the obtained map of muscle activationgeights has characteristic fast training; often it can be designed
only represents a starting point for fitting an FES controllén a fraction of the time it takes to train the MLP with a
to a person with disability. We tested all three ML’s usin@P learning algorithm, even the RBF network may require
longer sequence of level walking with up to 50 successivaore nodes than the MLP; 2) this RBF network is able to
strides, up and down the stairs walking and the like, and te&ceed the generalization performance of the MLP with a BP
results obtained are very similar to the one presented here, algiorithm substantially [9]; and 3) the spread constant is the
they are not included because they could not help in explainiogly element which has to be selected for this RBF network.
the differences between the different pattern matchings. The idea employed by a RBF network is very similar to a
It is noteworthy that the ML’s tested require ad-hoc selefuzzy logic method. The output from a radial basis neuron can
tion of a number of elements such as a number of nodes i@ interpreted as a membership of input vector to that neuron.
hidden layer, a clustering radius, etc. We listed the values thaBetter prediction of the knee joint angle was obtained
were chosen after thorough testing and inspecting the crassnpared to the prediction of the activation pattern of the knee
correlation, timing error, and complexity aiming to get théexor muscle for all three used ML’s when using the same
best pattern matching. input and output sets for training and testing. The knee joint
Table | summarizes some of the elements which can be usedjle was predicted with sufficient accuracy by each applied
for assessing the efficacy and quality of ML's. Those elemertechnique (cross correlation was 0.999). The level of knee
are: cross correlation between simulated (desired) and efiexor muscle activity was predicted in a similar way by each
mated signals, errors in the timing of muscle activations, amagplied technique (cross correlation was 0.94 for the MLP,
elapsed time for the training and testing. 0.95 for the ANFIS, and 0.90 for the combination of minimum
The advantage of a rule-based learning method (e.g., mémtropy IL and RBF network), but not the muscle timing. The
imum entropy IL method and fuzzy logic) is that the rulebest results for prediction of muscle timing were obtained by
determined are both explicit and comprehensible, while thising a minimum entropy IL with RBF network, and the worst
rules used by the ANN'’s (e.g., MLP and RBF network) arby MLP (maximum of muscle activation timing error was 300
implicit within their structure and not easily comprehensiblens for the MLP, 220 ms for the ANFIS, and 80 ms for the
There are methods which extract approximate classificatioambination of entropy minimization IL and RBF network).
rules from a trained ANN, and they help in evaluating the In order to assess the acceptability of the muscle timing
learned knowledge [30]. Furthermore, ANN’'s are computarrors, they should be related to the dynamic characteristics
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