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Uncertainty Modeling for Classification and Analysis of Medical Signals 
Samer Arafat 

Dr. Marjorie Skubic, Dissertation Supervisor 

 

ABSTRACT 

 

Medical time-series signal classification and analysis is an interesting problem for both 

medical and computer science applications. Detection and evaluation of gait locomotion 

and mild neurological dysfunction in humans and animals by subjective visual 

assessment is a difficult medical task. Design and implementation of computational 

methods that analyze medical signals may be used for screening and characterization of 

disease phenomenon.  We have developed an objective method for analyzing kinematic 

data and tested the methodology using several equine gait models.  Features were 

extracted from the movement of key body parts of horses trotting on a high-speed 

treadmill using uncertainty-based information models. Starting with a gait lameness data 

set, temporal features were extracted using continuous wavelet analysis guided by 

combined uncertainty models for wavelet selection.  A wavelet is selected from a set of 

wavelets if its transformation is best, in a maximum uncertainty type that combines 

together fuzzy and probabilistic models. A time-sequence composition process was used 

to create feature vectors that capture transitions of the transformed signals within a 

moving time window.  A neural network was then trained via back propagation to 

classify the transformed signals. The method was successful at detecting mild lameness 

and for differentiating right forelimb from left forelimb lameness. Tests performed using 

this method showed that a horse’s poll is needed for detecting lameness, and that adding 

one leg point to it can identify the side of lameness.  A second set of experiments started 



 viii

with neurological spinal ataxia gait data. Signal features were directly extracted using 

combined uncertainty modeling of signal self-information. Fuzzy clustering successfully 

separated normal from pathological data, in feature space. A sequential selection 

algorithm was able to select a minimal set of features that may be used to characterize the 

disease. These results show that uncertainty modeling may be used in disease analysis 

and recognition. They also encourage further investigation of uncertainty models that 

integrate together other types of complex information in time-series signals. 
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1. INTRODUCTION 

 

Time series signals are used to model many interesting medical phenomenon ranging 

from gait locomotion to cardiac and brain activity. Characterization and classification of 

medical signals help investigate and detect possible relevant diseases. These objectives 

can be met using the design and implementation of computational, objective 

methodologies that model signal properties. 

 

Modeling signal properties is an interesting problem that may be visited using 

explorations into the information embedded in signal local and global characteristics. 

Information and fuzzy set theories have contributed to such explorations by investigating 

uncertainty-based information embedded in signal data.  

 

Researchers have indicated that complex information systems, such as time series signals, 

may be modeled using several types of uncertainty-based information that are known in 

the literature. Such uncertainty types include fuzzy, probabilistic, and non-specificity. 

Other works in this subject emphasized that detection of significant amounts of 

uncertainty exhibits the presence of high information content in the data. 

 

We have designed and implemented objective methodologies that investigate medical 

time series signals by modeling a combination of their uncertainty types. Signal data was 

characterized by extracting features that successfully model their complex information. 

These models were used to train classifiers using both supervised and unsupervised 

techniques.  The domain studied here is equine gait analysis. A background on gait 

analysis for humans and animals is covered in Chapter 2.  
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Supervised application to uncertainty modeling was implemented by extracting temporal 

feature vectors that represent a transformation of each signal point. We selected the 

continuous wavelet transform in order to remove signal background (low frequency) 

noise, and to compute similarity-based features that may be used to extract signal 

characteristics. Chapter 3 discusses these properties in light of continuous wavelets 

definition.  

 

In order to maintain a general methodology for time series signals, we establish a method 

that selects a wavelet that is most similar to a given signal’s characteristic. Given a large 

set of available wavelets1, we use uncertainty modeling to select the transformation that 

maximizes signal self-information. Uncertainty-based information definitions and 

modeling are addressed in Chapter 4. Our algorithm for selecting the best wavelet is 

discussed in Chapter 5. 

 

Our generalized approach assumes a time series input that may be consisting of periodic, 

or near periodic patterns. There are no assumptions as to what the patterns look like for 

different (general) classes, neither that it assumes a shape or any distinguishing features 

that may be used to characterize the gait time series signals. 

 

One medical application to this objective method is for recognition and analysis of mild 

forelimb horse gait lameness. In Chapter 5, we describe a generalized approach to 

classify horse lameness into one of three classes: sound, right-sided forelimb and left-

sided forelimb. Given the universal approximation power of neural networks, we use 

them to recognize the 3 gait classes mentioned, above, using feature vectors that are 
                                                 

1 Wavelet figures are available in Appendix F. 
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composed of processed raw gait signals. Sets of experiments that are based on supervised 

learning are described in Chapter 6. Results have shown high classification rates for gait 

lameness signals. 

 

Unsupervised learning using uncertainty modeling was implemented by extracting 

information embedded in time series signals. The application to this objective 

computational method is for recognition and analysis of spinal ataxia horse gait. In 

Chapter 7, we describe the extraction of several recorded body points’ self-information. 

Fuzzy clustering is used to cluster extracted feature values into two clusters representing 

normal and pathological gait signals. Next, a sub-optimal algorithm for feature selection 

was used to identify a minimal set of features that can characterize signals belonging to 

normal and pathological horses. Results showed very high classification rates and 

important feature groupings that provided insight about key body parts that may be used 

to screen horses thought to be afflicted with spinal ataxia. 

 

Finally, Chapter 8 discusses conclusions, contributions, and suggested future plans. 
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2. BACKGROUND  

ON  GAIT ANALYSIS TECHNIQUES 

 

Gait analysis involves data measurement and assessment of walking biomechanics 

collected from external markers placed on body points, recorded ground reaction forces, 

or muscle electromyographic (EMG) activity [Davis1997]. This assessment provides the 

identification and characterization of abnormal gait through the computation of temporal 

parameters, body segment kinematics, and EMG plots. Finally, gait analysis concludes by 

suggesting recommendations of treatment alternatives [Davis1997].  

 

Gait analysis is not used only in the identification phase of abnormal gait; its use 

continues after medical professionals intervene in order to treat patients. Research has 

shown that periodic gait analysis help document improvement post intervention 

[Verd2000]. 

 

Several researchers observed that clinical gait assessment is challenging because the 

wealth of collected data makes it difficult to distinguish important observations 

[Whittle2002], and because of the complexity of the motion, the variability in treatment 

outcome, and the uncertainty about gait data quality [Davis1997]. These difficulties 

paved the way in favor of using computer models that assist in the professional 

evaluation process. Such models include Fourier and wavelet-supported neural networks 

and fuzzy systems [Chau2001a], [Chau2001b], [Whittle2002]. In essence, these models 

provide objective and systemic evaluation of interrelationships between observed body 

parts and allow the measurement and understanding of pre- and post-treatment changes in 

complex pathological gait patterns [Davis1997]. 
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Preprocessing methods of measured gait data has been performed in several clinical 

studies using a variety of methods such as Fourier analysis [Holz1993], [Lakany1997], 

singular value decomposition pattern analysis [Stokes1999], parametric statistical 

analysis [Wu2000], [Amin1995], and wavelet analysis [Lakany2000], [Chau2001b], 

[Marg1997], [Verd2000], [Sek2000].  

 

Most of these studies used preprocessing in order to extract features that are used to train 

neural networks, which distinguish sound from lame locomotion. Few methods used 

fractals [Sek2000], or a graphical display of preprocessing coefficients to allow decision-

making via human intervention [Marg1997], [Verd2000]. 

 

One of the earliest methods in preprocessing gait signals is Fourier analysis, which has 

been used to extract temporal features that are used to train neural networks to 

discriminate between normal and pathological gait [Holz1993], [Lakany1997]. Lakany et 

al. used 2-D FFT to extract joint spatio-temporal trajectories of 4 walking men and 

women [Lakany1997]. They collected data from subjects walking towards a stationary 

camera.  The data are the trajectories extracted from motion frames of markers attached 

to subjects’ head, shoulders, elbows, wrists, hips, knees, and ankles. They computed 2-D 

FFT of each trajectory of each point’s trajectory. Only the fundamental and next few 

harmonics were selected as features because principle components analysis showed that 

higher order harmonics were of lower relevance. Feature vectors were composed of the 

FFT lower order components averaged by the number of samples. They trained a BP 

neural network using 10 cycles per subject for training and 5 cycles per subject for 

testing. The neural networks computed near 100% classification rate for distinguishing 
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between sound and pathological gait, but there were no experiments that determined the 

side of pathology (i.e., left or right lameness). 

 

Holzreiter et al. used FFT to extract features from normalized vertical ground reaction 

force (GRF) components of 225 walking subjects [Holz1993]. They made measurements 

at a sampling frequency of 250 Hz recorded only for the stance phase. Next, they 

normalized vertical force values by dividing them by each individual’s weight. Finally, 

they computed FFT values that were linearly transformed using each individual’s sets of 

pair strike data. Feature vectors were composed only of lower order components of the 

FFT coefficients corresponding to lower frequencies. A back propagation neural network 

was used to classify normal and pathological gait patterns, i.e., the network was trained to 

tackle a 2-class problem. Although this system achieved a 95% correct classification rate 

when 80% of data was used for training, it did not show whether it recognized left leg 

from right leg pathology. 

 

Although Fourier analysis has shown good results in related studies, in general, Fourier 

analysis using a fixed frequency window is not well suited for the analysis of signals with 

short duration pulsation, such as that commonly found in biomedical signals 

[Unser1996]. Small details are not well represented in Fourier analysis because few 

harmonics represent low frequency signal characteristics [Verd2000]. Therefore, 

harmonic analysis is not appropriate to extract signal details and characteristics 

[Verd2000]. Also, certain gait signals, like EMG, are non-stationary, i.e. their frequency 

content changes over time. Fourier analysis identifies the frequency component contained 

in a signal, but produces no information about when those frequency components occur 

[Chau2001b]. This disadvantage, added to its limited ability in detecting signal detail 

makes it inappropriate to reveal inter- and intra-subject variability [Verd2000].  Wavelet 
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analysis provides both localized time as well as frequency information about gait signals, 

and provides strong utility in characterizing signal details. 

 

Wavelet-based preprocessing has been useful in many areas of biomedical evaluation, 

such as heart disease recognition [Akay1994], breast cancer diagnosis [Kocur1996], 

[Strick1996], and gait analysis [Lakany2000], [Chau2001a], [Chau2001b], [Marg1997], 

[Verd2000], [Sek2000].  

 

Marguitu et al. analyzed kinematic data of the hind limbs of 3 greyhounds with normal 

gait and with tibial nerve paralysis [Marg1997]. They transformed kinematic data of 3 

joints using discrete wavelets, and they detected gait abnormalities, visually, by 

graphically comparing total energy distributions at different wavelet levels for normal 

and pathological gait cycles. This method distinguished paralysis gait from normal for the 

tarsal joint at dyadic levels 3 and 4 (i.e., scales 8 and 16) [Marg1997].  

  

Verdini et al. examined ground reaction forces for 5 patients after total knee replacement 

in order to better understand heel strike transients [Verd2000]. Their goal was to detect 

irregularities that correspond to clinical significance using wavelets, over a course of 12 

months post intervention. First, they computed GRF vertical components during the 

stance phase for the 5 patients. Next, they computed wavelet coefficients of the vertical 

components. Then, they computed a measure of the coefficient amplitudes using an 

energy function. Finally, they summarized the results in one picture using a graphical 

method called tile representation. Basically, darker regions of tiles reflected the presence 

of irregularities. This method successfully detected irregularities in the first 30% of 

stance timely duration, and documented improvement in knee function beginning 3 

months post intervention. They concluded that this method preserved time position of 
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GRF peaks and provided clinical information that showed correlation between GRF and 

heel strike transients  [Verd2000]. 

 

Another wavelet based gait analysis used fractals, such as in [Sek2000]. Sekine et al. 

discriminated between different walking patterns using a wavelet-based fractal analysis to 

transform acceleration signals of human body centers [Sek2000]. This method 

discriminated between walking upstairs and other walking types, but could not 

distinguish between walking downstairs and level walking.  

 

Although wavelet analysis comes in both continuous and discrete flavors, gait analysis 

has only focused on the discrete wavelets [Chau2001b].  

 

Recently, continuous wavelet transform (CWT) preprocessing showed promising results 

in recognition of human gait abnormality. Lakany showed that CWT could be used to 

extract generic features from sagittal hip and knee angles of human subjects 

[Lakany2000]. She emphasized that preprocessing data with CWT high scales avoids the 

noise disadvantage of using low scales (low scales correspond to high frequencies). A 

self-organizing map neural network was trained to cluster the transformed data and 

classify human gait in distinguishing between normal and pathological subjects. Testing 

experiments showed results with 83% correct classification ratio of subjects known to be 

either normal or abnormal, compared to the overall number of subjects. This study 

indicates that preprocessing with the CWT provides a powerful tool for extracting both 

local and global features of gait signals for use in neural network classification. 

 

This related research suggests that analysis using continuous wavelets can be used to 

investigate difficult gait-related problems, such as lameness recognition. For example, 
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CWT may be useful in preprocessing gait data sets that are inherently ambiguous in terms 

of true classification, given only key point positions. This would be especially applicable 

in the study of animal gait, since animals cannot communicate to medical professionals 

the exact site of pain. 

 

Our next chapter shows how CWT may be applied to pattern recognition applications. 
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3. CONTINUOUS WAVELETS 

FOR CLASSIFICATION PROBLEMS 

 

This chapter defines CWT and explores some of its known properties, and shows how it 

can be used to model pattern similarity. 

 

3.1 Definition and Related Properties  

 

Wavelets are in essence “small waves” that have two basic properties: they are limited in 

duration and they have an average value of zero on an infinite time period, i.e., the 

positive values are cancelled out by the negative ones [Perc2000].  

 

The coefficients, C, of the CWT are defined by the equation: 

∫
∞

∞

⋅τΨ=τ
-

,s dt)t(x)t(  )C(S, ,      (1) 

for a wavelet, )
s

t(
s

1)t(,s
τΨΨ τ

−−−−====  

where, 

 Ψ   is a wavelet,  

 x(t) is a time-varying signal, 

 S    is the scale integer variable, and 

 τ    is the shift factor. 
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One way of looking at Equation (1) is that the CWT computes an average of the signal 

x(t) during the specified time period for the given scale, S. Furthermore, the CWT 

computes the difference between adjacent weighted averages of the signal at scale S for 

the given wavelet. These “weights” are positive or negative values that satisfy the second 

wavelet property. The integral in Equation (1) computes the difference between adjacent 

data weighted averages on a range within a sliding window. If the window size is “small” 

(i.e. the scale value is low), the CWT extracts the signal’s local features. With a “large” 

window size (high scale value), the CWT computes the signal’s global features. 

 

For practical reasons, there is a third and important property of continuous wavelets: 

admissibility. A wavelet Ψ  is admissible if it can be used to reconstruct the original 

signal from its CWT. If Ψ  is admissible and x(t) has finite energy such that 

∞<∫
∞

∞−

dt)t(x 2 , then we can recover x(t) from its CWT [Perc2000]. It is because of this 

property that the signal and its CWT are considered to be two representations of the same 

mathematical entity [Perc2000]. Admissibility represents a fundamental utility of the 

CWT, that of presenting new local and global representations of the signal while 

preserving all of its original information. 

 

Furthermore, Equation (1) demonstrates the CWT translation-invariance property 

[Unser1996], [Tou1974]. When a signal is shifted by a value, τ , the wavelet, Ψ , is 

shifted by the same amount. This temporal shift is important for pattern recognition 

applications because pattern descriptors (i.e., CWT coefficients) need to be translated 

whenever a pattern (i.e., a signal) is translated [Mallat1999]. Consequently, this property 

captures signal characteristics at their corresponding temporal occurrences. 
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3.2 CWT as a Measure of Similarity 

 

Equation (1) may also be interpreted on the basis of pattern correlation [Unser1996], 

[Mallat1999]. The integral computes the inner product between two vectors in any given 

sliding window: the wavelet vector and the corresponding signal segment data. The inner 

product is a rough measure of proximity of the two vectors. The closer the distance 

between the class representation vector (the wavelet vector) and the data vector (the 

signal vector) in feature space, the higher the correlation between them [Tou1974]. If the 

signal has a repetitious pattern, and if the wavelet is similar to that pattern, then the CWT 

coefficients are likely to give high values in the localities of the patterns. High CWT 

coefficient values of the transformed signal infer that the corresponding wavelet is 

“similar” or highly correlated with the signal data. Therefore, CWT maybe looked at as a 

measure of similarity of the two signals: the raw signal and the wavelet. 

 

Using CWT to measure signal similarity to wavelets may be used to extract signal 

characteristics if combined with other measures that model the information content 

available in gait signals, as we show in Chapter 4.  When doing this preprocessing of gait 

data using CWT for pattern recognition applications, there are two important questions 

that need to be addressed: (1) from a library of available wavelets, which wavelet best 

represents a given signal for the desired task, (2) out of a large set of computed CWT 

scales, what is the range of possibly “good” scales, in the sense that the scales are high 

enough to overcome noise, but also provide sufficient information content.  

 

We address these two concerns in the next chapter by establishing a method that selects a 

wavelet that best represents a given gait signal at a specific scale value. Our method uses 
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the pattern similarity feature of CWT to help select the wavelet that is most similar to the 

signal, out of a library of many wavelets. 
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4. MODELING MEASURES OF 

UNCERTAINTY 

  

4.1 Motivation   

 

Complex information systems exhibit several types of uncertainty [Klir95], [Pal1994]. 

Several researchers, like Pal [Pal2000], Yager [Yager2000], Klir [Klir2000], and others 

have demonstrated that different measures of uncertainty may be used to model the 

different types of uncertainty present in a system. A difficult but interesting question is 

how to integrate measures of uncertainty in order to better model the total uncertainty in a 

complex information system. Utilizing a method that integrates inherent system 

uncertainty types would compute system total self-information. This chapter defines three 

measures of uncertainty: probabilistic, fuzzy and non-specificity. Next, it describes a 

method that combines together measures of fuzzy and probabilistic uncertainties of 

events that occur in a time sequence; then, it elaborates on a proposed and more general 

use of a maximum uncertainty principle. 

 

4.2 Overview 

 

Several works on uncertainty management of information embedded in complex systems 

are available in the literature [Deluca1972], [Pal2000], [Klir2000]. Modeling different 

types of uncertainty was reviewed in [Pal1994]. Pal et al introduced two general classes, 

called multiplicative and additive that satisfy five axioms for measures of fuzziness that 

were previously proposed in [Ebanks1983]. The multiplicative class of measures of 

fuzziness is based on non-negative, monotone increasing concave functions. The additive 
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class is broader and requires only non-negative concave functions. Several existing 

measures of fuzziness were shown to relate to these two classes.  

 

Pal and Bezdek reviewed research that combined together different types of uncertainty 

and addressed the question of whether this integration is important and useful. They 

concluded that the formulation of such integration is important but difficult and hard to 

interpret [Pal1994], [Pal2000]. Finally, they observed that much of the work they 

reviewed did not incorporate a third type of uncertainty, resolutional uncertainty, or non-

specificity, which reflects the ambiguity in specifying the exact solution. Sections 4.3-4.5 

review measures of probabilistic and fuzzy uncertainty. Section 4.6 briefly reviews the 

concept of weighted fuzziness. Section 4.7 introduces a model for combining together 

fuzzy and probabilistic uncertainty types. Section 4.8 reviews non-specificity, and finally, 

Section 4.9 discusses the maximum combined uncertainty principle.  

 

4.3 Shannon’s Measure of Uncertainty 

 

Shannon’s uncertainty model is known as Shannon’s entropy, and it was derived from 

information theory which models entropy as a probabilistic process that measures the 

amount of self-information attributed to an information source [Shann1949], [Gonz1993]. 

As the entropy increases, more information is associated with the corresponding source 

[Gonz1993].  

 

Consider k time series data sequences, such that each sequence consists of N data points 

that are values of events occurring in data that model certain medical phenomenon. Then, 
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the thk  data vector is { kjc }, N,...,1j = , which occurs at a corresponding probability 

vector, { )c(p kj }. Then, Shannon’s entropy SH , of the probability vector, { )c(p kj }, is: 

 

 kjkj plogpH)P(H 2
j

P
SkS

k ∑−==       (2) 

where, 

 )c(pp kjkj =  , is the probability that kjc  will occur, and 

 })c(p{ P kjk ====  , is the probability vector of the kth signal. 

 

Also, Shannon introduced a second form of his entropy that incorporates the probability 

of occurrence of an event, kjp , as well as the probability of non-occurrence of the event, 

or kjp1− [Shann1949], such that, 

 )p1(logpplogp)P(S kj)kj1(kjkj 22kS −−= −+     (3) 

therefore, 

 )p(S)p(H)P(H kj
j

SkjSkS ∑==   ,   

or simply, 

 ∑==
j

p
SkjS

p
S

kjkj S)p(HH       (4) 

 

The subscript for this and subsequent measures refer to a measure’s name, while the 

superscript refers to its type. For example, the P superscript here refers to the 

probabilistic type of this measure of uncertainty. 
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Furthermore, Shannon’s entropy is a probabilistic measure. Therefore, its probabilities 

are additive, i.e. 1p
j

kj =∑ , N,...,1j =  [Rotar1997]. 

 

4.4 Measures of Probabilistic Uncertainty 

 

Probabilistic uncertainty models the probability that events belong to crisp sets [Pal2000]. 

Given a crisp set, A, assume that kjpS  measures the probability of occurrence of an event 

kjc ; then it must satisfy the constraints that 1S0 kjp ≤≤  and 1S
j

pkj =∑ , assuming an 

event sequence N,...,1j =  [Gonz1993]. One example of a probability function that may 

be used in probabilistic measure is: 

2
k

2
kj

kj
c

p
C

=         (5) 

such that, 

kjpS kjp =         (6) 

 

This function computes the probability of occurrence of an event for the kth time series 

sequence at a specific time, j. For example, consider events that sample the vertical 

movement of a foot during gait. Equation (5) computes the probability of occurrence of a 

certain foot height that occurs during gait. Other probabilistic functions may be 

considered. However, we used Equation (5) in our experiments in Chapters 6 and 7. 
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4.5 Measures of Fuzzy Uncertainty 

 

Measures of fuzzy uncertainty deal with the imprecision or vagueness associated with the 

occurrence of an event that is recorded in a data set. Also, they are defined as the average 

ambiguity in fuzzy sets [Pal1994], or the degree of fuzziness in fuzzy sets [Zimm2001]. 

Given fuzzy sets A and B, a grade membership, iµ , and an appropriate function )(g iµ , 

then ( )∑
=

µ µ=
n

1i
igH  is a proper measure for fuzzy uncertainty if it satisfies the following 

five properties [Ebanks1983], [Pal1994]: 

 

(1) Sharpness, which requires zero uncertainty when an event is certain to occur (or not 

to occur),  

(2) Maximality, which requires maximum uncertainty values at 0.5, as in Figure 1,  

(3) Resolution, which requires that )A(H)A(H *≥ , such that )A(H *  is a sharpened (i.e. 

closer to either 0 or 1) version of )A(H ,   

(4) Symmetry, that )A1(H)A(H −= , and  

(5) Valuation, that )B(H)A(H)BA(H)BA(H +=+ fs .  

 

A plot for a function used in a measure that satisfies these properties is shown in Figure 

1. 
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Figure 1 

A plot for a function, g(µ ), used in a measure that satisfies all five measures of fuzzy 

uncertainty properties. 

 

Here are a few known measures of fuzzy uncertainty: 

1. Historically, the first to measure fuzzy uncertainty without reference to probabilities 

were Deluca and Termini [Deluca1972]. This measure is a fuzzy version of Shannon’s 

functional entropy form we introduced in Equation (3). The constant, K, is equal to 1 in 

our experiment computations. 

  ∑ µ−µ−+µµ−=µ

j
DTE )kj1(2log)kj1(kj2logkjKH k    (7) 

or,  

 ∑
µµ =

j
DTEDTE

kjk SH  
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2. Another measure was developed in [Pal1989], and reviewed in [Pal2000]: 

 ∑
µµ−µ µ−+µ=

j

1
PPE

kjkjk e)kj1(ekjKH      (8) 

where, 

 K is a normalization constant. 

or, 

∑
µµ =

j
PPEPPE

kjk SH  

 

3. The third measure was developed by Pal and Bezdek such that it satisfies their 

definition for additive measures of fuzziness [Pal1994], [Pal2000]: 

∑
ααµ

α µ−+µ=
j

kjQE )kj1(KH k       (9) 

   where, 

(((( ))))1,0∈∈∈∈α ,  

K is a normalization constant, typically set to α22−−−− . 

 

Equation (9) may be re-written as:  

    ∑
µ
α

µ
α =

j
QEQE
kjk SKH ,  

   where, 

 ααµ
α µ−µ= )1(S kjkj

kj
QE .  

 

Therefore, α  is used as a “sensitivity to kjµ ” tune controller. If α is close to 0, µ
αQES  

is insensitive to changes in kjµ . If α is close to 1, µ
αQES  becomes sensitive to changes in 

kjµ . An 5.0====α  balances out these two trends [Pal1994]. 
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Finally, we define kjµ . Given a fuzzy set A on kC  that is characterized by a membership 

function, [ ]1,0Ck:kj →µ , then kjµ  computes the grade membership of kjc  in A, such 

that:  

)min()max(
)min(c

2
k

2
k

2
k

2
kj

kj CC
C

−

−
µ =  ,       (10) 

where, 







= 2

kN,...,
2

2k,
2
1k

2
k cccC  ,   

 N is the number of signal data points. 

 

Equation (10) computes the square of kjc  in order to negate any negative values that may 

occur due to the use of a global coordinate system for measurement of sample data.  

 

For example, membership in a fuzzy set A using time series gait data computes the 

degree to which a gait event has occurred. Consider a foot’s position on the floor. Then, 

the maximum height a foot may reach during vertical movement in a data sequence may 

be defined as a fuzzy gait event, and the fraction of that height a foot has moved at a 

certain instance in any stride, or kjµ  in Equation (10), computes the degree to which a 

foot has fulfilled the gait event. The fuzzy set A, in this case, may be interpreted as a set 

that has a high degree of fulfilling our definition of a foot’s vertical gait event.  

 

Measures of fuzziness, such as Equations (8)-(10), are used to compute the average 

ambiguity in a fuzzy set. Using our gait example, µH  measures the uncertainty-based 

information content during the foot gait vertical movement. When the foot is completely 

standing on the floor (i.e., in a full stance situation), then its gait event has not occurred. 
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When the foot has reached its maximum height then its gait event has occurred. In either 

situation, there is no uncertainty as to whether the foot gait event has occurred (or not). 

Uncertainty is embedded during the foot’s trip from the floor up to its maximum height, 

and during its travel back to a complete stance on the floor. Therefore, we would like µH  

to emphasize the information content of the foot movement that occurs during its 

movement from the floor until it reaches its maximum height and during its movement 

back to the floor. 

 

4.6 Weighted Fuzziness 

 

A first attempt that incorporated probabilistic and fuzzy uncertainty types was proposed 

by Zadeh [Zadeh1968]. jj plogp)P,A(H 2
j

jZE ∑µ−=  measures weighted entropy and 

was not meant to satisfy measures of fuzziness properties in Section 4.5. In this case, the 

weights are objectively determined using a certain fuzzy membership function, jµ . 

 

Belis and Guiasu studied Zadeh’s )P,A(H ZE  measure and then developed a more general 

measure for Shannon’s weighted entropy [Belis1968], [Pal1994].  

jj plogpw)P,A(H 2
j

jBGE ∑−=  measures a combination of two types of uncertainties: 

qualitative and quantitative. They suggested that the occurrence of an event removes the 

uncertainty due to the probability of its occurrence (the qualitative type that is measured 

by Shannon’s function, jj plogp 2 ), and also removes the uncertainty with respect to the 

event’s importance (the quantitative uncertainty that is measured by the weights, wj) 

[Belis1968], [Pal1994].  

 



 23

Using our foot gait example in Sections 4.4 and 4.5, a medic may decide that events 

which occur during the few instances after a foot leaves the floor during gait (i.e., in early 

foot swing) are more important than instances that occur later, say, for identifying a type 

of gait disease. Therefore, the medic may use his or her subjective judgment to assign 

high weight values for early foot swing gait events. 

 

Pal et al observed that if ∑ =
j

j 1w  then the subjective weights can be determined 

objectively such that jj pw =  [Pal1994]. Therefore, the weights can be used to measure 

the probability of occurrence of an event that occurs at a specific instance in time. 

 

4.7 Combined Uncertainty Models  

 

Pal and Bezdek addressed integrating measures of uncertainty types and concluded that 

the formulation of such integration is difficult, but important [Pal1994]. We postulate that 

fuzzy and probabilistic uncertainty functions may be combined together using a simple 

operator, like multiplication, in order to compute the degree probabilistic uncertainty 

supports the occurrence of a fuzzy event. Using our gait example in Sections 4.4 and 4.5, 

combined uncertainty measures the degree to which probability of occurrence of a certain 

height of the vertical movement of the foot supports fuzzy events that has a high degree 

of fulfilling foot vertical gait. 

 

Equation (11) defines a measure for combined uncertainty, )P,A(HHcom = , associated 

with the occurrence of a sequential event, kjc , such that the occurrence of an event 
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removes two types of uncertainties, the probability of its occurrence and the degree to 

which its occurrence satisfies its membership in a fuzzy set.  

∑
µ

⋅=
j

pcom jj SSH        (11) 

or, 

∑ ⋅=
j

)A(S)P(SP)H(A,  

 

In other words, combined uncertainty is a measure of the amount of information 

associated with the removal of probabilistic and fuzzy uncertainties, due to the 

occurrence of an event. 

 

One example of a probabilistic function is the one defined by Equation (5), which we use 

in all of our experiments.  

 

Substituting Equation (6) into Equation (11) we get: 

  ( ) ∑
µ⋅==

j
kj

com kjk SpHPAH ,       (12) 

 

We observe that in the case where )A(SS DTE=µ , i.e., ∑
µ⋅=

j
DTEkj

com kjk SpH , then this is 

the same as k
DTEDTE H)P,A(H µ= , which was developed in [Deluca1972] and reviewed in 

[Pal1994]. Therefore, 

 




 µ−µ−+µµ−= ∑ )kj1(2log)kj1(kj2logkjpKH

j

com
DTE kj

k    (13) 
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As Equation (13) shows, this measure combines together fuzzy and probabilistic 

uncertainty types by computing an average of their multiplied functions. Deluca and 

Termini call this average, the average amount of ambiguity [Deluca1972]. 

 

We propose that a combined uncertainty model may be established by introducing a 

measure of probabilistic uncertainty into Pal’s [Pal1989] measure of fuzzy uncertainty in 

Equation (8), such that: 





 µ−+µ= µµ−

∑ kjkjk e)kj1(ekjpKH 1

j

com
PPE kj      (14) 

 

Finally, we propose that another combined uncertainty model may be established by 

introducing a measure of probabilistic uncertainty into Pal and Bezdek’s [Pal1994] 

measure of fuzzy uncertainty in Equation (9), such that: 

 




 µ−+µ= αα

α ∑ )kj1(pKH kj
j

com
QE kj

k      (15) 

 

Equations (13)-(15) consistently use our proposed general model for combining together 

fuzzy and probabilistic uncertainty types. We propose that such combining models would 

better model a system’s complex uncertainty-based information. 

 

4.8 Measures of Non-Specific Uncertainty 

 

Specificity measures the degree to which a finite set restricts a variable to a small number 

of values [Yager1982], [Pal2000]. For example, large sets provide less specific 

predictions, or choices, compared to smaller sets  [Klir1995]. Therefore, non-specificity 
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measures the amount of uncertainty associated with a finite set of possible alternatives  

[Klir2000]. Non-specificity has been defined for both crisp and fuzzy sets [Klir1995]. 

 

Following is Klir’s definition and interpretation of non-specificity for crisp sets 

[Klir1995]. Given a finite crisp set, A, the amount of uncertainty associated with A’s 

possible alternatives is given by: 

 Alog)A(H 2
NS =        (16) 

such that, 

 +ℜ→Φ− }{)X(Ρ:H NS  

where,  

 A  is the cardinality of A, 

X is the universal set of alternatives, 

P(X) is a subset defined on X, 

Φ is the empty set. 

 

Equation (16) is known as the Hartley Function, and its meaning depends on the meaning 

of A’s elements. For example, if A is a subset of predicted states of a variable, then NSH  

measures predictive uncertainty. If A is a subset of probable diseases of a patient, based 

on medical evidence, then NSH  measures diagnostic uncertainty. Therefore, uncertainty 

inherent in a set of possible alternatives and measured by the Hartley Function is called 

non-specificity [Klir1995]. 

 

If the situation arises such that a larger set of possibilities, A, is reduced to its subset, B, 

due to some action such as the occurrence of new evidence in an experiment, then the 
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amount of information obtained by this action may be measured by the reduction of the 

uncertainty. The amount of reduced uncertainty is given by the difference 

)B(H)A(H NSNS − , or: 

 
B
A

logBlogAlog)B(H)A(H 222
NSNS =−=−     (17) 

 

We may consider one application to this uncertainty-based information, and that is when 

a starting set of features that characterize an interesting data sequence may be reduced to 

smaller subsets of features. Such reduction in uncertainty may be measured using non-

specificity. An interesting situation arises when the set of all computed features, X, is 

reduced, using two different experiments, E1 and E2, to subsets A and B, respectively, 

such that BA > . This comparison between such experiments’ outcome would indicate 

that B has less uncertainty; compared to A. Higher uncertainty is typically associated 

with higher information deficiency [Klir1995]. 

 

Chapter 7 shows an application that utilizes non-specificity in computing the difference 

between outcomes of experiments that use probabilistic, fuzzy, and combined uncertainty 

models that are described in Sections 4.4-4.6.  

 

4.9 Maximum Combined Uncertainty Principle 

 

Another way of looking at uncertainty inherent in an information source comes from the 

observation that the higher a set’s uncertainty is, the larger the amount of information that 

is computed from uncertainty reduction, and the smaller the amount of uncertainty that is 
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present in the system after the reduction. Referring back to our example in Section 4.8, 

subset B would have less uncertainty than subset A. 

 

Consider Shannon’s probabilistic model that is described in Equation (4); then the 

uncertainty is minimized when a set B, for example, has one element kjc  such that its 

probability of occurrence, kjp , is either 0 or 1. This means that when it becomes certain 

that an event will occur, the system’s uncertainty is minimized. Therefore, a system’s 

self-information is related to the uncertainty of occurrence of its events, i.e., as the 

uncertainty increases, more uncertainty-based information is embedded in the system. 

This also means that more information is associated with the corresponding data source 

[Shann1949], [Gonz1993]. Therefore, information theory postulates that increased 

uncertainty in a given system gives more self-information about the system [Shann1949]. 

Because of this analysis, maximum (probabilistic) entropy was used as a measure for 

increased system’s self-information. 

 

This concept is known in information theory as the maximum entropy principle. We 

postulate that this principle may be applied to measures that combine together 

probabilistic and fuzzy uncertainty types, thus computing a more general model for 

maximum combined uncertainty.  

 

We use this proposed model in order to develop an algorithm that selects the “best” 

wavelet, in a maximum uncertainty sense, for a given time series sequence, out of a 

library of available wavelets. This algorithm, Best Wavelet Selection, is discussed in 

Chapter 5, and experiments using it are described in Chapter 6. 
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Future work may compute a maximum total uncertainty. Total uncertainty integrates 

together all uncertainty types, such as non-specificity, fuzzy, and probabilistic.  
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5. BEST WAVELET SELECTION METHOD 

FOR TEMPORAL FEATURE EXTRACTION 

 

5.1 Motivation 

 

Although few works used continuous wavelets in their applications [Amin2002], 

[Lakany2000], [Ismail1998], none have developed an automatic, systemic, and objective 

methodology which selects a wavelet to process their signal data. 

 

Our goal is to extract time series signal characteristics in order to compute neural network 

feature vectors that best represent signals’ temporal properties. In order to achieve this 

goal, we extract signal characteristics by computing the CWT using a generic algorithm 

that selects a wavelet that best represents signal characteristics. Next, we build temporal 

feature vectors by capturing the time trends of adjacent transformation points, described 

in Section 5.5. The feature vectors are then used to train a neural network using back-

propagation (BP), which is tested using test data in order to compute correct classification 

percentage (CCP) of testing feature vectors.  

  

5.2 Background 

 

We would like to select a wavelet from the set of all available wavelets such that it best 

represents the signal characteristics that we want to analyze. The literature shows that one 

way to make this selection is by doing a visual inspection of the repeated signal patterns, 

and comparing it against a library of available wavelets. The best wavelet to represent the 

signal would be the one that “looks” more similar to signal patterns (characteristics) than 
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other wavelets [Amin2002]. Such method would require visual inspection of tens of 

known wavelets and comparing them to predominant patterns that are believed to appear 

in available signals. 

 

A selection may also be performed by observing that a wavelet that is relatively more 

similar to the original signal segment than other wavelets will produce relatively higher 

transform coefficient values. Therefore, a second way to select a wavelet from an 

available library is by inspecting a graphical display of its corresponding CWT 

coefficients. The Matlab wavelet toolbox 2 offers such visual inspection by displaying 

coefficient values in different colors. The most favorable wavelets have higher coefficient 

values, which are shown as relatively brighter colors on a graphical display.  

 

However, selecting a wavelet based on inspection of displayed coefficients is subjective, 

imprecise, and very tedious. We propose a more objective method by analyzing the 

information content of transformed signals. 

 

5.3 Best Wavelet Selection (BWS) 

 

We define a function, B, that computes the best representative wavelet, kΨ , for the kth 

signal data as determined by maximum uncertainty, 

)}(H{)(B max
i

kik ∆=Ψ=Ψ       (18) 

where,  

( ∆ ) is either (A), (P), or (A,P), depending of the uncertainty type used, 

H( ∆ ) is a measure of uncertainty embedded in the kth signal, 

                                                 
2 Matlab 6.0, The MathWorks, Inc., Natick, MA. 
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i = 1, … , M ,  

65M ====  available wavelets 

 

Consider a time series data set consisting of k signals, then the best representative 

wavelet is computed using the following algorithm: 

 

1. Scale value selection. Low scale values extract signal characteristics that may be 

contained in a small-size window, and vice versa, as indicated in Section 3.1. 

Therefore, scale values are selected, in general, such that they zoom-in to contain a 

signal characteristic (that may be periodic) in an appropriate window size. For 

example, Figure 2 shows two time series gait examples. The foot signal shows a 

periodic characteristic with a larger peak that is roughly 30-point wide, and a smaller 

peak that is a few points wide. A scale value that is to zoom-in on the larger peak 

would need to be around the value 30.   

 

 

Figure 2 

Example of two gait time series signals. 

The Poll and front foot signals for a horse that exhibits sound gait. 
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Another factor that helps determining scale values is the inverse relation between scales 

and signal frequency. For example, a typical foot signal (in Figure 2) includes patterns of 

sharp transitions (high frequency components). A relatively low scale is necessary to 

extract these local characteristics. In contrast, a typical poll signal is best modeled with a 

relatively higher scale in order to extract its lower frequency, rather smooth components. 

 

2. Uncertainty values computation using M wavelets for the kth signal. For each signal 

data, k, we select a wavelet, kiΨ , out of a set of 65 available wavelets and make the 

following computations: 

 

2.1 Compute CWT coefficients, { kjc  } using Equation (1). 

2.2 Compute the fuzzy membership, kjµ , using Equation (10). Also, compute the 

probability of occurrence of a CWT coefficient value, )c(p kj , using Equation (5). 

Either one (or both) of these functions are computed depending on which 

measure of uncertainty, H( ∆ ), is being considered. 

2.3 Compute the desired measure of uncertainty, H( ∆ ). Equation (4) is used for a 

measure of probabilistic uncertainty. Either one of Equations (7)-(9) are used to 

compute fuzzy uncertainty, as desired. Either one of Equations (13)-(15) are used 

to compute combined uncertainty, as desired. 

 

3. Best wavelet determination for the kth signal. The wavelet that best represents the kth 

signal (i.e., gait data sequence), or kΨ , is the one that has the highest self-

information (uncertainty-based information) content, using Equation (18).  
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4. Best wavelet determination for all k signals. A wavelet is identified such that it best 

represents all available signal data, if it is the one selected most often for k data 

sequences (using Step 3). 

 

After the best wavelet, kΨ , is selected for k signals that belong to a specific data set then 

CWT uses kΨ  to transform all the signals. The newly transformed signals, called best 

transformations, may then be used to train a neural network.  

 

A medical time series signal data set may be composed of several subsets of data, each 

representing signals that belong to one specific feature. For example, gait data typically is 

composed of positional features that represent several interesting body parts, such as the 

head and foot. Each one of these features would then has measurements that sample 

signals for normal and abnormal cases, thus putting together, for example, a head signal 

and a foot signal data set.  

 

In order to extract temporal features for desired feature data subsets, BWS computes the 

best wavelet for each positional feature’s data subset. Next, best transformations are 

computed for data subsets. At this point, feature vectors may be composed together in 

order to be used for neural network training. The simplest way to make such composition 

is by putting together singleton transformed signal points from each feature data subset. 

For example, assume that a medical data set has F interesting features, and that each 

signal that has N transformed points, then we will have N feature vectors, each with a 

size F. 
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However, it turns out that this simple approach of putting together singleton transformed 

data points disregards temporal changes that are local to each singleton. Therefore, this 

composition does not capture the temporal nature of the transformed signals. Therefore, 

we propose a method that allows for temporal feature vector composition, and this 

method is discussed next, in Section 5.4. 

 

5.4 Time-Sequence Composition Process (TS) 

 

The coefficients of the CWT can be used as features to train a neural network classifier to 

analyze time-varying signals. However, values of lone transformed signal points are not 

adequate to capture temporal variations that take place in the locality of each transformed 

point (CWT coefficient). Rather, we must look for temporal trends within each signal. 

 

A time-sequence (TS) composition process is used to capture temporal trends in a time 

series gait signal. Given the computed wavelet coefficients and using a sliding window 

process, the time-sequence method combines every TS adjacent point into one feature 

vector. In this way, each training feature vector input to the neural network presents a 

pattern that shows the temporal trend in the coefficients over a small window of time. 

This composition of feature values better represents the changes of the signal data by 

capturing their trend variations over time. This new representation is introduced in order 

to refine neural networks’ power in capturing the temporal correlation within a signal. 

 

Chapter 6 demonstrates that experiments done on gait lameness data using BWS and the 

TS composition process extracted temporal features that were successfully learned using 

a neural network. 
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5.5 Fine-Tuning Scale Values  

 

Section 5.3 showed that scale values are selected such that they contain desired signal 

characteristics within a window that is proportional to their sizes. However, there is a 

need for a process that fine-tunes the scales within a few plus or minus values. Our 

method in tackling this problem starts with computing best wavelets for a few scale 

values that are considered for fine-tuning. For example, using the 30-point larger foot 

peak in Figure 2, best wavelets are computed for scale values 28-34. Therefore, each 

scale value has a corresponding best wavelet making a wavelet/scale pair, like, (32, 

Mexican Hat wavelet).  

 

Next we use neural network training and testing to select which wavelet/scale pair 

provides better temporal features, given other features temporal features. The rationale 

behind this idea is the following. 

 

Given the complex dynamics of a pattern recognition classifier, a neural network 

combines F features’ signal compositions together and therefore captures pattern 

correlation between F signal sets. Therefore, the BWS algorithm provides pre-selected 

scales with the best wavelets in an uncertainty modeling sense. Neural network training 

determines the best scales in a pattern recognition sense. A detailed example of this fine-

tuning process is shown in Section 6.4, below. 

 

5.6 Scale Selection Using High Uncertainty Values 

 

This section is meant to give insight into uncertainty amounts over a wide spectrum of 

scale values. 
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We computed the combined uncertainty (Equation (13)) for a transformed signal by using 

the wavelet selected by the BWS algorithm. Then we observed for given features in most 

data sets an increasing trend in uncertainty at lower scales followed by a declining trend 

in uncertainty at higher scales (Figure 3). The CWT uncertainty of the vertical poll and 

foot show significant increase in uncertainty, typically at scales higher than 15. The CWT 

uncertainty of the vertical poll signal shows a significantly declining trend after a scale 

value around 70. By contrast, the CWT uncertainty of the vertical front foot decreases at 

a scale value around 40 (Figure 4). Since uncertainty is an information-content measure, 

these observations suggest that the signal loses much of its self-information content after 

certain high scales. This is also true because the transformation at high scales removes 

most of the signal details, yielding a much coarser version of the signal. This analysis 

suggests future investigation that follows the investigation of uncertainty amount of 

different scale values. 

 

With this strategy, 4 scale values were selected to form the set of interesting scales. This 

pre-selected set, S = {16, 32, 52, 64} was used in the BWS algorithm as described above. 
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Figure 3 

A typical uncertainty curve for a horse’s poll (head) signal that is transformed by a 

Morlet wavelet. The uncertainty curve is multi-modal with a significant decline starting 

around a scale value of 70. Uncertainty was computed using Equation (13). 
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Figure 4 

A typical uncertainty curve for a horse’s front foot signal that is transformed by a 

Mexican Hat wavelet. The uncertainty curve is multi-modal with a significant decline 

starting around a scale value of 40. Uncertainty was computed using Equation (13). 

 

Next, Chapter 6 demonstrates experiments done with temporal features extracted from 

gait lameness data using BWS and the TS composition process. Experiments also include 

an application to an artificial, induced-lameness gait data set. Finally, a third set of 

experiments was carried out using a synthetic, idealized waveforms. The chapter shows 

that using BWS with measures of combined uncertainty outperforms use of either fuzzy 

or probabilistic uncertainty types. 
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6. SUPERVISED LEARNING-BASED  

EXPERIMENTS 

 

This chapter lays out the experiments done using feature extraction of time series gait 

signals using measures of combined uncertainty discussed in Chapter 4. A temporal 

feature vector that is to be used to train a neural network classifier represents each signal 

point. Classification results show that measures of combined uncertainty are successful at 

modeling signal uncertainty-based information, compared to either fuzzy or probabilistic 

uncertainty models.  

 

Two data sets are used in this chapter: the navicular and induced-lameness data sets. 

Section 6.1 discusses the experimental setup, including the navicular bone disease, data 

collection, wavelet selection, feature extraction and feature vectors formation, and neural 

network training and testing. Section 6.2 summarizes our 3 sets of experiments using the 

navicular data set, which are detailed, next, in Sections 6.3-6.5. Section 6.6 describes 

experiments using the induced-lameness data set. Section 6.7 describes experiments using 

a synthetic data set that model idealized poll and foot signals. 

 

6.1 Experiments Setup 

 

We have experimented with two gait data sets, the first one is collected from horses that 

are affected with a lameness-causing disease, and the second one is collected from horses 

that have been subjected to artificial lameness through a procedure that is detailed in 

Section 6.6. From this point on, we call the first data set “navicular data set” and we call 

the second one an “induced-lameness data set”. Data collection for both data sets is 
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basically the same, and therefore we will not reproduce it in our experiment discussion of 

the induced-lameness data set. 

 

6.1.1 Collection of Navicular Data Set  

 

For the navicular data set, twelve horses affected with navicular disease, a degenerative 

bone disease that causes forelimb foot lameness, were used in this study.  The diagnosis 

was confirmed by a combination of a subjective examination for lameness, isolation of 

the foci of lameness by peripheral nerve anesthesia, and by radiographs and bone scan of 

the affected areas. Each horse was trained to trot on the treadmill comfortably at a speed 

that was selected as most suitable for the particular horse.  The motion of the horses 

while trotting on the treadmill was then captured using computer-assisted motion 

analysis. To accomplish this, each horse was marked with retro-reflective spheres on the 

head and right forelimb foot, as shown in Figure 5. 

 

  

(a) (b) 
Figure 5 

(a) A Horse trotting on the treadmill. Markers attached to the horse appear as white dots 

in the picture. (b) Diagram for a horse selected key points. 
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Five synchronized cameras were used to capture the motion3.  All cameras were situated 

on the right side of the treadmill (Figure 5).  The three-dimensional Cartesian position of 

each marker was recorded and tracked for 30 seconds per trial.  

 

Software3 is used to analyze recorded marker information and to extract their 3 

dimensional positions. Figure 6 shows examples of such recorded positional information 

for only two key points, the vertical poll positional feature, and the vertical front foot 

feature. Figure 6 shows (a) a horse with a sound gait, (b) a horse that is lame on the right 

forelimb side, and (c) a horse that is lame on the left forelimb side.  

 

The classes given in Figure 6 are subjective, in the sense that they reflect the opinions of 

the medical practitioners visual observation of horse movements as they trot on the 

treadmill. Subjective evaluation may differ as we mentioned is Chapter 1. Furthermore, 

looking at gait signals in order to classify or analyze gait is more difficult than observing 

horse motion. This is so because understanding gait patterns of different positional 

signals, and then establishing correlations between them is not trivial. Therefore, it 

becomes important to establish an automatic method that is general in extracting features 

that represent signal characteristics and help understand and analyze gait signals. 

 

                                                 
3 Vicon 250, Vicon System, Inc., Lake Forest, CA. 
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Figure 6 

Sample gait signal pairs for the poll and front foot representing (a) sound gait, (b) right-

side lameness, and (c) left-side lameness. 

 

To better illustrate the extracted positional features in Figure 6, we use pure sinusoids in 

order to model idealized signals of the poll in Figure 7, below. Typically, veterinarians 

model the head movement using sinusoids. These idealized poll signals are plotted 

without adding low frequency noise which results from the horses moving their heads up 

or down while trotting, as shown in Figure 6, above. The bottom 3 sub-plots of Figure 7 

depict the development of gait lameness, such that the bottom graph is the most lame, and 

the top graph is the mildest lameness.  
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Figure 7 

Idealized Poll locomotion signals: (a) idealized sound gait movement of the poll, (b) very 

mild lameness, (c) mild lameness, and (d) more severe lameness poll movement. 

 

Figure 7 is useful in the sense that it helps make a visual comparison between idealized 

and recorded horse poll movements. On the other hand, it is unclear whether idealized 

signals of the foot signals differ from one gait class to another. However, foot signals are 

important in determining the side of lameness. For example, Part (b) of Figure 6 show 

that the foot signal peaks corresponds to poll’s highest peaks if the horse has a right 

lameness. Part (c) of Figure 6 show that the foot signal peaks corresponds to poll’s 

secondary peaks if the horse has a left lameness. 
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Although navicular disease causes bilateral forelimb lameness in horses, the severity of 

the disease is not usually identical in each limb at the time of examination.  Therefore, 

most horses with this disease show unilateral forelimb lameness.  Peripheral nerve 

anesthesia of the affected foot will usually improve but not eliminate lameness in the 

affected limb.  Therefore, after peripheral nerve anesthesia of one forelimb, the horse 

may remain in the same predominant forelimb lameness, or the predominant lameness 

will switch to the opposite forelimb. Because of these disease and diagnostic 

characteristics, equine navicular disease provides an excellent study model with a pool of 

subjects exhibiting right and left forelimb lameness (before peripheral nerve anesthesia) 

and soundness (after peripheral nerve anesthesia).   

 

The 12 horses were evaluated before peripheral nerve block, after one peripheral nerve 

block (the forelimb showing greatest severity of lameness was blocked first), and after 

peripheral anesthesia of both forelimbs.  This supplied 36 separate horse-block sequences 

for evaluation.  Three separate trials were collected for each sequence. A lameness 

quantification method [Keegan2001] showed that a few horses had classification 

disagreement between the three trials. These sequences were not used, leaving 24 total 

sequences for training and testing (Appendix A has a listing of the 24 horses’ names and 

classes). Each horse-block sequence was classified into either sound, left forelimb 

lameness, or right forelimb lameness categories [Keegan2001].  For the ambiguous cases, 

the navicular gait signals were inspected manually to verify the correct classification. We 

selected 6 sequences per class for training out of this possible set of 24 sequences. 

 

 

 

 



 46

6.1.2 Wavelet Selection and Feature Extraction 

 

For each horse-block sequence of the training group, we first used visual inspection (via 

the Matlab graphical display) to select a wavelet that best represented the predominant 

repetitious pattern in any plot of the navicular gait signals. Secondly, we used the BWS 

technique described in Chapter 4 to select the best wavelets for the poll, right front foot, 

and other key point signals. Several uncertainty measures were used to assist the wavelet 

selection process. 

 

The composition of our training vectors was formulated using the TS feature composition 

process, as described in Section 5.4, by varying the number of adjacent CWT coefficient 

points. Finally, feature vectors from each of the three classes were combined together 

into 3 training sets, each set with 6 processed horse training data, and 2 processed test 

data sets, as described in Section 6.1.3, below. 

 

6.1.3 Back-Propagation Training 

 

We selected neural networks for training and testing of our feature vectors. In general, 

neural networks can approximate any function, especially if a large training sample size 

is available [Zhang2000]. Initially, we used 1700 feature vectors per horse feature signal 

per class for training a neural network. However, we found out that fixing the training 

feature vectors at 300 feature vectors saved computer time and produced similar results. 

Therefore, we used the first 300 feature vectors for each training horse data in order to 

train a neural network. We used all 1700 testing feature vectors to compute correct 

classification percentages for all testing horse data. Given that data was collected at a 

120-Hertz frequency rate, 1700 samples would correspond to 14.2 seconds of actual 
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horse trotting time. They also correspond to about 20 horse strides, given that horse 

strides occur once every 0.66-0.78 seconds, or 80-85 samples, as may be observed in 

Figure 6, for example. 

 

Using 8 horse gait transformed signal data representing each of the 3 classes (per 

positional feature), a neural network was trained with features extracted from 6 horses per 

class and then tested with the remaining 2 horses per class. Each experiment in a round 

started by rotating the training and testing horses in the queue of 8 data sets (per class) 

such that each horse is used twice for training and testing.  

 

A testing horse is considered correctly classified if more than half of its testing feature 

vectors computed an activation that is, (1) at least 0.5 at the neural network output unit 

that corresponds to each feature vector’s correct class, and (2) is higher than the other 2 

output units that does not correspond to each vector’s correct class. For every experiment 

in a round, an average of correctly classified testing horses was computed and recorded. 

The average is equal to the ratio of correctly classified testing horses divided by the total 

number of testing horses, which is always set at 6 horses (two testing horses per class). 

After 8 experiments are computed, an average of all recorded 8-experiment averages is 

recorded. This is the round’s average number of correctly classified horses.  

 

The method continued for 7 full rounds and the median of the correct classification 

percentage for each round was recorded. The gait signals used in all of the experiments 

included the vertical coordinates of horses’ poll and front foot (Figure 6). The TS was 

varied to include 3, 5, and 7 adjacent time series points, as described in Section 6.1.2.  
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The Matlab neural network package with the conjugate gradient BP training algorithm 

was used to train the neural network classifier. The conjugate gradient BP method was 

used because it produced better results compared to other BP training algorithms. The 

neural net architecture contained 3 output units (representing right side lameness, sound, 

and left side lameness) and a number of hidden units 3 times the number of input units. 

The number of input units varied and was equal to the number of TS points multiplied by 

the number of positional features (like the poll and front foot). Typically, training was 

stopped either when the RMS error reached 0.01, its step size reached a preset minimum, 

RMS did not change for 2 successive iterations, or after 4000 epochs, whichever occurred 

first. More on this and other experiments’ neural network information are in Appendix E. 

 

6.2 Summary for Chapter Experiments 

 
Section 6.3 describes experiments using the navicular data set and two key points: the 

poll and right front foot. Best wavelet selection using probabilistic, fuzzy, and combined 

uncertainty, described in Chapters 4 and 5, is compared to visual wavelet selection and to 

tests using raw data. 

 

Section 6.4 describes results using the navicular data set and measures of combined 

uncertainty to extract small signal characteristics that are local to foot signal strides. New, 

small signal characteristics are represented using wavelet/scale pairs that added to feature 

vectors previously composed of only foot and poll larger signal characteristics.  

 

Section 6.5 explores 3 new key points and takes a closer look at their importance in 

classifying horse gait, relative to the importance of the poll and front foot signals. 

Experiments were computed using feature values extracted from the poll and front foot, 
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in addition to 3 feature values extracted from new key points: the fetlock, elbow, and 

carpus signals. Experiments were computed using the navicular data set. 

 

Section 6.6 describes experiments with Induced-Lameness data sets. Wavelet selection is 

performed using measures described in Chapter 4. This is the only section that 

experiments with the induced lameness data set. 

 

Section 6.7 describes experiments with idealized poll and foot signals that mimic, to a 

limited extent some of the properties of corresponding natural signals. The objective of 

these experiments is to show a validation of proposed models using an idealized 

controlled data set. 

 

6.3 Experiments with the Poll and Front Foot Signals 

 

Five sets of experiments were conducted to test the different CWT preprocessing 

methods. For each preprocessing method, the number of TS points was varied at 1, 3, 5, 

and 7 (TS=1 implies no TS composition). The four sets of experiments are summarized 

below: 

 

6.3.1 Experiments using Wavelets Selected via Visual Inspection (VI) 

 

The Matlab graphical display was used to select wavelets that appear to be similar to raw 

signal characteristics. We inspected the wavelets visually, and decided which wavelets 

are most similar to vertical poll and front foot signals. The wavelets selected were the 

Biorthogonal 1.3 wavelet for the poll, at a scale value of 64, and the Symlet 7 wavelet for 

the front foot, at a scale value of 32. These scales were selected based on the outcome of 



 50

the next experiments, in Section 6.3.2, below, in order to compare the two sets of 

experiments using the same set of scales and different wavelets that are selected using 

different methods. A neural network was trained using the transformed data and correct 

classification percentages were computed. Results for this set of experiments were not 

satisfactory (details are in Section 6.3.5) and provided additional motivation for the 

automatic wavelet selection methodology presented in Chapter 5. 

 

6.3.2 Experiments using Wavelets Selected via BWS and Fuzzy or Probabilistic 

Uncertainty 

 

Preprocessing using wavelets selected by our BWS algorithm with fuzzy uncertainty 

(Equations (7)-(9)) or probabilistic uncertainty (Equation (3)). An 5.0=α  was used with 

µ
αQEH . The best wavelets and scales selected were the Morlet wavelet at a scale 64 for the 

poll signals and the Gaussian2 wavelet at a scale 32 for the front foot signals. Neural 

networks were used to train and test data, as described in Section 6.1. 

 

 

6.3.3 Experiments using Wavelets Selected via BWS and Combined Uncertainty 

 

Using the navicular data set and BWS, wavelets were selected using combined 

uncertainty models by substituting µ
DTEH , µ

PPEH , and 
µ
αQEH , into Equations (13)-(15) in 

Section 4.7. An 5.0=α  was used with µ
αQEH . The three measures selected the same best 

wavelets, namely, the Morlet wavelet at a scale 64 for the poll signals and the Mexican 

Hat wavelet at a scale 32 for the front foot signals. As with all other experiments, neural 

networks were used for training and testing.  
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6.3.4 Experiments using Raw Data 

 

A neural network was trained and tested using unprocessed data. Results for all these 

experiments are plotted in Table 1 and Figure 8, below. 

 

6.3.5 Results and Discussion 

 

Using the cross validation method, described above, experimental results were computed 

as composite percentages over the complete training and testing process. The results were 

consistent for the 3 different models of fuzzy uncertainty, i.e. using µ
DTEH , µ

PPEH , and 

µ
αQEH . Correct classification percentage (CCP) is used as a criterion that evaluates neural 

network training and testing results.  CCP computes the ratio of the number of test horses 

that were correctly classified with respect to the total number of test horses. The number 

of horses tested at any one experiment is 6 (2 horses per class). For example, if 5 horses 

were correctly classified then CCP is equal to 5/6 which comes out to be 83%. A horse is 

considered to be correctly classified if the trained neural network correctly classifies 

more than half of its pattern vectors. Next, 8 experiments were computed per round and 

their corresponding averages were recorded. Finally, the median of 7 rounds’ recorded 

CCP values is reported.  

 

Table 1 shows that the highest CCP occurred when the BWS algorithm was used with 

combined uncertainty with 83% CCP at 5 and 7 TS points. BWS using fuzzy uncertainty 

and probabilistic uncertainty scored the highest CCP at 72%.  
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 TS  = 1 TS = 3 TS = 5 TS =  7 

Raw Data 15% 21% 21% 21%

Visual Inspection 47% 60% 64% 64%

Probabilistic/Fuzzy 
Measures 

47% 70% 70% 72%

Combined Uncertainty 
Measures 

54% 81% 83% 83%

 
Table 1 

Correct Classification Percentage values for Section 6.3 Experiments. 

 

Preprocessing with visually selected wavelets resulted in a highest CCP at 64%. No 

preprocessing resulted in very low CCP at 21%. These results show that the maximum 

uncertainty-based technique, described in Chapters 4 and 5, has successfully guided the 

wavelet selection process. Also, results plotted in Figure 8 show that there is a noticeable 

improvement in performance when wavelets are selected using combined uncertainty 

models compared to those selected with only fuzzy or probabilistic uncertainty.  
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Figure 8 

Correct Classification Percentage for 4 sets of preprocessing methods. The top curve 

shows results for the BWS method using Combined Uncertainty. The lowest curve shows 

results for training with the untransformed gait signals. 

 

All experiments resulted in a relatively low CCP using TS=1. These results indicate that 

the TS process successfully captured the temporal trend of the transformed gait signals. 

On the other hand, a large number of TS points (not shown in Figure 8) made a slight 

drop in CCP. Our analysis on this slight drop is that it came about mainly because some 

of the local characteristics start to overlap patterns that belong to other adjacent signal 

characteristics when many adjacent TS point are combined together. CCP for all of the 

experiments scored relatively high at 5 and 7 TS points. These observations suggest that 

TS = 5 or 7 points are the best values for this application, both in terms of CCP accuracy 
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and in terms of training cost, especially at TS=5. Training with 9 or more TS points per 

gait signal results in a computationally expensive network with a long training time. 

 

Also, these results suggest that foot data capture the gait cycles, i.e. stance or swing, and 

this information combined with the poll data helps determine the side of lameness. 

 

6.3.6 Analysis of Gait Signals Best Transformation 

 

The following 4 plots show the best wavelet-transformed signals (in a maximum 

uncertainty sense) for 4 horse data sets resembling the 3 gait classes. After inspecting the 

plots in Figures 9-12, we offer the following analysis of the transformed horse gait 

signals in light of what we know about the corresponding raw data and the navicular bone 

disease. 
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Figure 9 

This horse is lame on the left side. The best wavelet for the poll is the Morlet at a scale 

64. The best wavelet for the foot is the Mexican Hat at a scale is 32. 

 

Figure 9 shows poll movements for a horse that has lameness on the left side, generally 

speaking. An inspection of the Poll Data part of the Figure 9 shows a mixture of sound 

and lame strides. Recall the shape of sound poll signals, which looks like sine waves, as 

shown in Part (a) of Figure 7, and the shape of lame poll signals which is plotted in Parts 

(b)-(d) of Figure 7. Roughly speaking, poll sound movement strides (i.e. near perfect 

sinusoid) show between time values 800 to 1500. The rest of the strides’ movements in 

the signals show lame movement, like in Parts (b)-(d) of Figure 7. Also, the 

corresponding CWT values are noticeably low for this range, and are higher, otherwise. 

This suggests that CWT performed using BWS algorithm captures the most lame 

movements. In other words, CWT peak amplitudes capture the most severe lame 
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movements of a horse’s poll. We may recall that CWT computes similarity between a 

wavelet and a signal segment. Inspection of wavelet figures in Appendix F shows that 

almost all of the wavelets show a major larger peak that is surrounded by one or more 

smaller peaks, a pattern that is characteristic of lame poll strides, as can be seen in Figure 

7. In other words, almost all of the wavelets resemble similarities to lame poll patterns 

and therefore their CWT computes higher coefficient values. 

 

 

Figure 10 

This horse has more severe lameness on the left side. The best wavelet for the poll is the 

Morlet at a scale 64. The best wavelet for the foot is the Mexican Hat at a scale is 32. 

 

Figure 10 shows another example of poll and front foot signals for a horse that is lame on 

the left side, as determined by both subjective evaluation and our objective model. 
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However, the CWT values are much higher than the ones in Figure 9, and its 

corresponding raw signal is clearly lame. This indicates more severe left side lameness.  

 

 

Figure 11 

This horse has (generally) sound gait. The best wavelet for the poll is the Morlet at a 

scale 64. The best wavelet for the foot is the Mexican Hat at a scale is 32. 

 

Figure 11 shows that CWT has relatively lower values that are in the range of 100. A few 

strides (5 strides) exhibit mild lameness, and their corresponding CWT values at 

relatively higher than other strides’. Although this data was subjectively classified to be 

for a left-side lame horse, the signals are objectively classified as sound gait, overall. This 

Figure demonstrates the difficulty of the classifying lame gait signals, and that CWT 

using best wavelets provides a good tool for identifying lameness, especially if the 

temporal occurrence of the events is considered using the TS process.  
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As a final gait example, Figure 12 plots a horse’s poll and front foot signals using their 

best-selected wavelets. We observe that the CWT values conform to our previous 

conclusion and that this horse is lame on the right side, although “chuck31Sound” was 

subjectively classified to be having sound gait. Indeed, a few strides have CWT values 

around 100, but overall, relatively higher CWT values show that the horse is lame. 

 

 

Figure 12 

This horse has (generally) right side lameness. The best wavelet for the poll is the Morlet 

at a scale 64. The best wavelet for the foot is the Mexican Hat at a scale is 32. 

 

This analysis concludes that the best CWT amplitudes may be used to indicate the degree 

of gait lameness. In other words, the amplitudes of the transformed signals correspond 

temporally to the asymmetric biphasic vertical motion of the peaks that are characteristic 

of lameness. Therefore, the CWT peak amplitudes capture the most severe lame 
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movements of a horse’s poll; thus, the magnitude of the coefficients could be used to 

quantify the lameness severity. 

 

6.4 Experiments with Small Feature Extraction 

 

This section discusses further application of CWT small scales to zoom in on a small 

region in a signal to extract its characteristics using measures of combined uncertainty. 

We would like to improve the CCP of 83% that is recorded when previously selected 

pairs for the poll and foot are used to transform corresponding signals that train and test a 

neural network, as described in Section 6.3. The foot signals, as it shows in Figures 9-12, 

have a small characteristic that looks like a hump off the peaks of individual strides. Our 

objective is to extract this small characteristic and add its transformed signals as new 

feature vectors that train the neural network. 

 

We used BWS with combined uncertainty Equations (13)-(15) to select the best wavelet 

at small-scale values for the front foot signals. The size of the hump is somewhat small, 

and therefore we tried to select best wavelets for scales 4, 6, and 8 through 12. Scale 

values 4 and 6 gave noisy outcome in the sense that very few horses agreed on certain 

representative wavelets. New temporal feature values were combined with the two main 

vector values for the poll at scale 64 and the foot at scale 32. Scale values 8 through 12 

showed better agreement, with the results being summarized in Table 2. 
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Scale Value 
 

8 9 10 11 12 

Wavelet Selected using 
BWS 

Rbior2.2 Gaus3 Gaus4 Sym2 Sym2 

CCP using  
Neural Network Classifier

83% 83% 87% 87% 85% 

 
Table 2 

Front foot’s small feature extraction using scale values 8-12. Temporal feature values 

were combined with the two main vector values for the poll at scale 64 and the foot at 

scale 32. 

 

To sum up, we ran our experiments using the poll signals at scale 64 and the Morlet 

wavelet, the foot signal at scale 32 and the Mexican Hat wavelet, and a second pair for 

the foot, from either scale values 8-12 and their corresponding wavelets shown in Table2. 

 

The experiments highest results occurred at scale values 10 and 11 with 87% CCP as 

shown in Table 2, using our extensive training and test rounds, described in Section 6.3 

and in Appendix E. Figure 13 shows Matlab’s computed error curve after 1580 epochs 

and one hour of training with the foot’s scale 11 and 7 TS points.  
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Figure 13 

RMS Error final error curve for training using 1 poll feature vector and 2 foot feature 

vectors.  

 

In conclusion, we may select either one of scale values 10 or 11 and their corresponding 

wavelets as our best choice for the foot’s small feature extraction. Therefore, the neural 

network classifier fine-tunes our selection of a “small” scale value, in a pattern 

recognition sense, while our BWS algorithm determines which wavelet is best in 

maximum combined uncertainty sense, as we discussed earlier, in Sections 5.5 and 5.3, 

respectively. 

 

We offer the following comments on these results: 

1. Although the 4% improvement is mildly higher than that of experiments with one set 

of foot signal feature vectors at scale 32, this improvement shows that extracting 

small signal characteristics provides new information that may improve CCP.  
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2. Also, this suggests a methodology for narrowing down and fine-tuning scale value 

ranges such that they include a number of data points that are likely to contain much 

of the target characteristic.  

 

3. Finally, these experiments confirm that very small scale values, like 6 or lower, are to 

be avoided because their high frequencies fall in the range of signal high frequency 

noise. 

 

6.5 Experiments with the Fetlock, Elbow, and Carpus Signals 

 

Some veterinary practitioners suggest that the poll and front foot are two body points that 

help characterize lameness in the horse. However, other key points that are shown in 

Figure 14, such as the fetlock, the carpus, and the elbow, are open research questions 

(Figure 2 shows where these points are located on the horse). Therefore, an investigation 

of these points is significant in the sense that it may provide new insight into new body 

points’ contribution in the detection of the navicular disease. 
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Figure 14 

Sample gait signals for a sound horse’s poll, right front foot, fetlock, elbow, and carpus. 

 

We discussed in previous chapters that different wavelet transformations extract local or 

global signal characteristics, depending on scale values. Higher scales (or lower 

frequencies) extract global characteristics, and vice versa. By looking at signals other 

than the poll, such as the fetlock and carpus (Figure 14), we noticed that they show both 

sharp transitions and wider, rather larger characteristics. Therefore, we investigated 

adding new feature vectors to neural networks that are computed from combinations of 

two or three wavelet/scale pairs that are best in a maximum uncertainty sense. Each pair 

uses a scale value that roughly includes a range of time values (i.e. signal data points) that 

contain a new signal characteristic. Each pair is processed as if it were to be a CWT of a 

new key point. We used this methodology to investigate key points other than the poll 

and front foot. 
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For each of the following experiments that describe this investigation, we used our 

optimum wavelet/scale pair from Subsection 6.3 for each of the poll and the front foot 

with 5 TS points. For each of these experiments, we used one new point’s pair with either 

a poll pair or a foot pair. Next, we used two new points pairs (with either a poll or foot 

pair).  

 

1. Poll and the fetlock signals were processed using 1 or 2 fetlock wavelet/scale pairs. 

The 2 fetlock pairs were at scales 16 and 32, with wavelets selected using BWS being 

gaus4 and morl, respectively. Another way of writing the pairs is (16, gaus4) and (32, 

morl). 

 

2. Poll and the carpus signals were processed using 1 or 2 carpus wavelet/scale pairs. 

The 2  carpus pairs used were (8, bior1.3) and (32, db6). 

 

3. Poll and the elbow signals were processed using 1 or 2 elbow wavelet/scale pairs. 

The 2 elbow pairs used were (16, sym2) and (8, gaus2). 

 

4. Front foot and the fetlock signals were processed using 1 or 2 fetlock wavelet/scale 

pairs. 

 

6.5.1 Results and Discussion 

 

Table 3 shows a summary of results for this Section. 
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 Fetlock 
(16,gaus4) 

Fetlock 
(32,morl) 

Fetlock 
(16,gaus4) 
(32, morl) 

Carpus 
(8,bior1.3) 

Carpus 
(32,db6) 

Carpus 
(8,bior1.3) 
(32,db6) 

Elbow 
(16,sym2) 

Elbow 
(8,gaus2) 

Elbow 
(16,sym2) 
(8,gaus2) 

Poll 64 66 79 60 68 77 79 76 79 

Poll 
Foot 

85  _ 83  _ 83 83 83 87 87 

 
Table 3 

Summary of experiments’ results using the fetlock, carpus, and elbow. Poll and foot 

signals were trained using their best wavelet/scale pairs that were reported in Section 6.3. 

 

Following are a few comments with respect to results reported in Table 3: 

 

1. All of the our experiments showed mildly lower performance using one wavelet/scale 

pair when the poll signal was used with a limb marker, other than the foot. 

 

2. Experiments gave reasonably better results with 2 wavelet/scale pairs. 

 

3. Using these 2 new wavelet/scale pair combinations, the fetlock, the carpus, and the 

elbow scored 83-87% CCP when combined with the poll and foot. 

 

These results confirmed our previous observation that different scales capture different 

signal characteristics. The results show that the carpus, fetlock, or elbow points may be 

used as replacements for the foot, although this may not produce results as high as the 

front foot. The improved performance when either the elbow or the fetlock was combined 

with the foot and poll signals show that these markers provide new information that can 

be used to improve the CCP. In fact, these experiments confirm a veterinary hypothesis 

that the poll and front foot are two essential and most important key points in the 

evaluation of the lameness resulting from navicular bone disease. 



 66

6.6 Experiments with the Induced-Lameness Data Set4 

 

This data set was developed using a method that uses special shoes to introduce known 

lameness types to horses. This new data set exhibits lameness that is known to be on a 

certain side of the horse, i.e. horse gait class labels are known prior to running any 

experiments. This is made possible by attaching special shoes to (relatively) sound 

horses’ feet in a way that is known to induce lameness at a certain body side. Two 

methods for tightening screws to horse shoes were used in order to induce two levels of 

lameness, mild and severe. Very mild lameness is introduced if screws are slightly 

tightened to horse shoes. Mild lameness is introduced when screws are further tightened 

to horse shoes. So far, we have experimented with the mild lameness data set.  

 

Seventeen horses that were generally showing sound gait were used for this experiment. 

The data set was collected using the 5-camera system described in Section 6.1, above, 

except that data was recorded on both sides of a horse. Each horse produced three sets of 

data, sound gait data which are recorded prior to any shoe adjustments, right-side and 

left-side lameness data, which are recorded after shoe adjustments. Therefore, the total 

number of induced-lameness data sets is 51. Figure 15 shows a sample poll and foot 

signal set for one horse.  

 

                                                 
4 Appendix B has more information on horse names and classes 
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Figure 15 

Sample gait signal pairs for one horse’s poll and front foot representing (a) sound gait 

(before inducing lameness), (b) right-side induced lameness, and (c) left-side induced 

lameness. 

 

Prior to inducing lameness, the horse is evaluated and is determined to have a reasonably 

sound gait. However, a careful inspection of the poll signal in Part (a) of Figure 15 shows 

that some of the heights of the signal peaks do not look equal, for this segment of the 

signal, and therefore the horse is not perfectly sound (Part (a) of Figure 7 shows that 

sound movements of the poll resemble a perfect sinusoidal signal). However, the peaks’ 

heights are not largely separated in distance, more like Part (b) of Figure 7 than Parts (c) 

or (d), and this shows that the signal has a few mild lame movements, although, overall, 

the horse is sound. The presence of these few mildly lame strides means that the data’s 
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sound class is not perfect, i.e. it has a mixture of sound and mild lame movements. 

Therefore, its feature vectors would overlap with right-sided and/or left-sided lameness 

classes in feature space, which increases the recognition difficulty of the problem.  

 

6.6.1 Determining Good Data Sets 

 

First, we used the Navicular data set to train a neural network using our best 

wavelet/scale pairs for the poll and front foot, as described in Section 6.3 (we will call 

this trained neural network: the navicular neural network). That achieved an expected 

83% correct classification on the test horses of the navicular data set. Next, we tested the 

entire new collection of 17 induced lameness horse data set. Overall, the correct 

classification percentage was 76%, which is within 7 percentage points from the 

navicular data set’s results, and is a reasonably high CCP. The breakdown of the 17 

horses’ test performance was that 11 horses passed the neural network tests in all of the 

3-class gait sets, 3 horses passed in 2 out of 3-class gait sets, and 3 horses completely 

failed the neural network tests, in all 3 of their data sets. Upon visual inspection of the 

poll and foot signals for one of the 3 horses that failed the test, it was determined that the 

horse exhibited one side lameness in all 3 data sets. If this horse were to be excluded 

from the test set, CCP would rise to 79%. If all three horses that completely failed the 

neural network test, above, were to be excluded from these tests, CCP would rise to 85% 

instead of 76%. This would be 2% higher than the navicular data test result. This may be 

explained by the fact that the navicular set has mild lameness data, compared to this mild, 

but relatively a little more severe (i.e. easier to detect) induced-lameness set. Therefore, 

the Navicular neural network generalized to unseen, rather unique, gait signals. 
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Next, we selected 8 out of the 9 horses that completely “passed” the neural network test 

for our new experiments. We used these 8 horses (i.e. 24 set that cover the 3 classes per 

horse) to compute best wavelets using our BWS algorithm in order to transform the raw 

data (Appendix B) shows the names and classes of the 24-horse data sets). We used the 

combined uncertainty models, com
DTEH  and com

QEHα , described in Section 4.7, to compute 

best wavelets. Once again, BWS selected the Morlet wavelet at scale 64 for the poll 

signals, and selected the Mexican Hat wavelet at scale 32 for the front foot signals. The 

CWT of the data was used to train and test a new neural network in the same way we 

trained and tested data in our previous experiments5 that are described in Section 6.3. We 

fixed TS at 5 points in order to reduce the computational overhead. 

 

Similarly, we used the navicular neural network to run tests for the very mild induced-

lameness data set. The mild data set has the same horses as with the very mild data set 

except for the horse named “lou” which did not have data collected for all of its trials. 

Therefore, this data set consisted of 16x3, or 48-horse data set. After testing the entire set 

on the navicular-trained neural network, only 52% of the horses were correctly labeled by 

the neural network. This very low percentage raised questions and subsequently the MU 

Equine Clinic re-evaluated this horse set using Keegan and Pai objective method 

[Keegan2001] and found out that about 39% of the horses were mislabeled (Appendix C). 

The reason for the mislabeling is that the method of introducing lameness into a horse’s 

foot uses a “screw” that causes mild pain and therefore affects the horse’s motion. The 

screw is placed momentarily and then removed so that the horse may be tested on the 

treadmill. In the case of the very mild lameness data set, it was recorded that the pain 

remained only for 5 minutes, which was, in most cases, a period that was not long enough 

                                                 
5 Neural network information is in Appendix E. 
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for a horse to maintain the lameness effect until it is properly placed on the tread mill. 

Therefore, the pain would elapse before a horse starts running on the treadmill, in many 

cases, as it turns out. 

 

Furthermore, Appendix C shows that most of the left-side lame horses were mislabeled 

and that most of the sound horses were correctly labeled, which is quite consistent with 

the navicular neural network’s testing. This showed that the navicular neural network 

accurately reflected appropriate labels for the mild and the very mild cases. 

 

6.6.2 Mild Case Results and Discussion 

 

Using “good” horse data, as determined by the navicular neural network in Part 6.6.1; a 

new neural network was trained using BP and the same parameters described in 

Appendix E (detailed horse names and classes are listed in Appendix B). Results 

computed a CCP of 96% using the same training and testing cross-validation procedure 

described in Section 6.1.3 (using mild induced-lameness data set for both training and 

testing). We call this trained neural network the mild induced-lameness neural network. 

There are 2 observations for this set of experiments: 

 

1. The BWS algorithm with combined uncertainty model succeeded when used with the 

mild induced-lameness data set. 

 

2. Results scored 96%, a very high CCP. 
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6.6.3 Very Mild Case Results and Discussion 

 

Using only a selection from the 48% of horses that were labeled by the navicular neural 

network (Section 6.6.1), we put together a set of 8 horses per class, i.e. a 24-horse data 

set. Detailed horse names and classes are in listed in Appendix B. Results computed a 

CCP of 81% using the same training and testing cross-validation procedure described in 

Section 6.1.3 (using very induced-lameness data set for both training and testing). We 

call this trained neural network the very mild induced-lameness neural network. There 

are 3 observations for this set of experiments: 

 

1. The BWS algorithm succeeded when used with the very mild, induced-lameness data 

set. 

 

2. BWS computation using combined uncertainty scored CCP that is relatively close to 

the 83% result that is recorded by using the navicular data set for both training and 

testing (i.e., results that were reported in Section 6.3). 

 

3. Like the case of the mild induced-lameness set, in Section 6.6.2, the weights of the 

navicular neural network appear to be general enough to recognize an artificial data 

set that is established by inducing lameness to horses’ locomotion. 

 

6.6.4 Tests for Navicular and Induced-Lameness Neural Networks Generalization 

 

Encouraging generalization results using the navicular neural network in Sections 6.6.3 

and 6.6.4 invited focus on the generalization of the mild or very mild induced-lameness 

neural networks. Following is a summary of tests using these 3 neural networks. 
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We started with 3 neural networks that were called the navicular, mild induced-lameness, 

or the very mild induced-lameness neural network, described in Sections 6.6.1-6.6.4. 

Next, the 3 data sets (navicular, mild induced-lameness, or the very mild induced-

lameness data sets) were tested using the trained neural networks and the corresponding 

results were recorded in Table 4. It is important to note that only the tests on the diagonal 

values of Table 4 were recorded using the 2-fold testing and 6-fold training procedure 

described in Section 6.3. Therefore, a total of 24 horse sets are part of the training and 

testing procedure. Other non-diagonal elements in the Table were tested on the entire data 

set collections, i.e., including induced-lameness horses that were decided by the navicular 

neural network to be incorrectly labeled. For example, the Navicular neural network was 

trained as specified in Section 6.3. Next, the mild induced-lameness data set was tested 

using their 54 horses. Also, the very mild induced-lameness (I.L.) data set was tested 

using their 48 horses. 

 

 Navicular Data Set 
(Testing) 

Mild I.L. Set 
(Testing) 

Very Mild I.L. Set 
(Testing) 

Navicular Data Set 
(Training) 

83% 76% 52% 

Mild I.L. Set 
(Training) 

62% 96% 52% 

Very Mild I.L. Set 
(Training) 

66% 66% 81% 

 
Table 4 

Cross-comparison of trained neural networks using navicular, mild induced-lameness, 

and very mild induced-lameness (I.L.) data sets. 
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We have the following observations: 

1. The navicular data set selected sets of “good” horse induced-lameness data sets. The 

selected “good” horse sets were used for training and testing their own induced-

lameness trained neural networks. 

 

2. The navicular data set had a better generalization than the induced-lameness data 

sets. 

 

3. The 2 induced-lameness data sets trained and tested well using good horse sets and 

wavelets selected using the BWS algorithm. 

 

6.6.5 Summing up Results for Navicular and Induced-Lameness Data Sets  

 

The weights of the neural network trained using the navicular data set are general enough 

to recognize and accurately identify good horses of an artificial data set that is established 

by inducing lameness to horses’ locomotion. 

 

Combined uncertainty used in all experiments integrates together fuzzy and probabilistic 

uncertainties. This suggests that, on one hand, this complex information system has at 

least these two types of uncertainties. On the other hand, the results suggest that a model 

containing both probabilistic uncertainty and fuzzy uncertainty types show promise for 

the formulation of a more complete uncertainty model. 

 

Another conclusion to these experiments re-confirms that the vertical poll and front foot 

signals are two essential positional features that can be used to identify and analyze horse 

gait. 
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6.7 Experiments with Idealized Signals 

 

Three sets of poll signals were synthetically generated in order to model the three classes 

using sinusoidal functions. Another group of signals were generated in order to model the 

foot three classes using triangular functions. The synthetic poll signals for lame classes 

modeled lameness with pain that appears when the horse raises its head in the gait cycle, 

as it trots on the thread mill. Such pain is called pain on the push-up movement, and it 

looks like the Poll Data in Figure 9. Foot signals are modeled such that they resemble the 

general triangular shape depicted in many foot sample signals, such as in Figures 9-12. 

 

6.7.1 Signal Formation 

 

Eight idealized poll signals were generated such that (a) 2300 total signal samples are 

generated, for each of the 8 signals. The number of strides generated in the idealized 

signals is similar to the number of strides a selection of natural signals generated, 

approximately, which is about 55 strides. In trying to mimic other statistical properties of 

natural poll signals, a minimum lameness ratio of 0.6 is established for idealized signals. 

Lameness ratio is the ratio of the lame peak amplitude to a normal peak amplitude, after 

removing low frequency head movement.  

 

The degree of lameness for the first synthetic horse poll signal starts at 0.6, and is 

incremented at a 3% lameness rate, and therefore, the eighth lame poll has a 0.84 degree 

of lameness. These ratios are similar to poll ratios that were computed from few selected 

natural samples. Figure 16 depicts the set of 8 lame signals. 
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Figure 16 

Set of eight generated lame poll signals. 

 

Next, sinusoidal, low frequency noise was added to the signals plotted in Figure 16, 

above. The final outcome is plotted in Figure 17. 
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Figure 17 

Final set of eight generated lame poll signals with sinusoidal background noise. 

 

In order to generate left-side and right-side lameness, foot signals are generated such that 

left-side lameness is 90 degrees out of phase with respect to their poll signals, compared 

to rights-side lameness signals and their corresponding poll signals, i.e. poll signals are 

the same in both cases but foot signals are 90 degrees out of phase. Here is a description 

of the generation of foot signals. 

 

Synthetic foot signals are triangular-shaped signals that reaches their peak amplitudes 

when a horse’s poll movement reaches it lowest amplitude, if the horse exhibits either a 

sound or left-side lame movement. Both the foot and poll signals reach their peak 
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amplitudes simultaneously if a horse exhibits a right-side lame movement. An example of 

such dynamics is in Figure 18. Foot signals have half the frequency of that of a poll 

signal. The difference between a foot’s left and right side lame movements is that either 

one is 90 degrees out of phase with respect to the other one. Figure 18 depicts a sample 

poll and foot synthetic signals for a horse with right-side lameness. 

 

 

Figure 18 

Set of synthetic foot and poll signals for a horse with right-side lameness. 

 

6.7.2 Results 

 

BWS was used to compute best wavelets using scale value of 64 for the poll and 32 for 

the foot signals. Three sets of experiments were conducted:  

1. BWS computed best wavelets using probabilistic uncertainties only. Best wavelets 

selected were the Mexican Hat for the poll and the rbio1.5 for the foot. Neural 
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network was trained as in Section 6.3, above, and the median CCP was computed at 

66%. 

 

2. BWS computed best wavelets using fuzzy uncertainties only. Best wavelets selected 

were dmey for the poll and the sym7 for the foot. Neural network was trained as 

before and the median CCP was at 100%. 

 

3. BWS computed best wavelets using combined uncertainty. Best wavelets selected 

were dmey for the poll and the db7 for the foot. Neural network was trained as before 

and the median CCP was at 100%. 

 

6.7.3 Discussion 

 

The similar results that were accomplished using fuzzy and combined uncertainties 

suggest that fuzzy uncertainty dominates probabilistic uncertainty in the computation of 

combined uncertainty for this model. 

 

These results show that the BWS successfully selected best wavelets for synthetic signals 

that model horse movement with three classes, sound, right forelimb lameness, and left 

forelimb lameness. Therefore, the idealized, synthetic signals validate the results using 

the navicular disease data set. 
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7. UNSUPERVISED LEARNING-BASED 

EXPERIMENTS 

 

This chapter describes unsupervised learning experiments done using uncertainty features 

extracted from time series equine gait signals. The data set used include a combination of 

normal and pathological gait patterns; in this case the pathological animals have spinal 

ataxia. Signals’ self-information is extracted using combined uncertainty models. Next, 

fuzzy clustering is used to separate out normal from pathological data, in feature space. 

Sequential feature selection is used to find interesting groupings of features that would 

successfully determine feature points’ classes using fuzzy clustering. Classification 

results show that measures of combined uncertainty are successful at modeling signal 

uncertainty-based information, compared to either fuzzy or probabilistic uncertainty 

models. Clinical studies show promising results for further investigation of our model. 

 

7.1 Spinal Ataxia Diagnosis Problem 

 

Spinal ataxia is a neurological dysfunction disease that causes abnormality in horse gait. 

The disease starts in the spine and affects the motor function of the horse limbs, with the 

hind limbs showing the most abnormality. Spinal ataxia is a significant clinical problem 

for horses in North America. The main difficulty in diagnosing spinal ataxia is that there 

are no standards in evaluating horses that may have the disease, in the sense that 

clinicians use their own methods based on their knowledge and expertise of ataxic horse 

motion in order to make their diagnosis. For example, clinicians spin horses in a circle 

and look at how high and consistent horses pick their legs up from the ground during 

stance, how quickly horses put their legs back on the ground in normal positions, and if 
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the limbs have a swaying back and forth lateral motion [O’Byr1998]. Clinical diagnosis 

of ataxic horses is subjective and therefore it invites methods that diagnose the disease 

based on an objective evaluation of horse motion.  

 

Clinical recognition of severely affected horses is not difficult; however, mildly affected 

horse gait is difficult to diagnose to the extent that it becomes debatable whether horses 

are judged to be neurologically compromised or that they demonstrate a variant of normal 

gait [O’Byr1998]. One cause for this difficulty is that available diagnostic techniques are 

very expensive, insensitive, inaccurate, subjective, and sometimes inappropriate for 

clinical testing. Another reason stems from the difficulty of assessing the disease’s 

heavily biased data [Mackay1997].  

 

Generally speaking, ataxic clinical testing tries to check the presence of pinching in the 

spinal cord, the presence of pressure in the cord, or some disruption in the spinal column. 

If such deficiencies were present in the spinal cord then the neurological cords in horses’ 

back limbs would not make good transfer of motor signals from the brain; thus, horses 

would show gait abnormality [O’Byr1998].  

 

Clinical testing goes through several levels of in-depth analysis of the spinal cord. First, 

an X-ray is done for the horse neck, going from the top to the bottom of the neck, but not 

the sides because the neck is too large. X-rays of horse necks have a 10% success in 

detecting mild ataxia, and it costs a few hundred dollars each. A second level of testing 

uses a myelogram, which X-rays the spinal cord in many positions after a horse has 

anesthesia and a dye is injected into its spinal cord. This method is hazardous if the horse 

has an advanced ataxia, due to complications that may occur due to anesthesia. A third 

level goes into antibody and DNA analysis of samples taken from the spinal fluid. This 
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method may give conflicting evidence because antibody and DNA analysis may disagree 

on the diagnosis. A fourth level uses CT scan or MRI testing. However, an MRI scan 

may not show if a horse is ataxic if the spinal cord has an infection surrounding it. The 

infection may or may not be a cause for spinal ataxia. Overall, use of all of the above 

methods is reported to have a 40-50% success rate in detecting ataxia, and their cost goes 

into thousands of dollars per horse.   

 

Because of these difficulties, it becomes hard for equine practitioners to recommend 

testing subject horses. Also, it becomes more difficult for horse owners to request a test, 

especially because of its probable high cost. Therefore, it is important to develop an 

objective, definitive recognition method of mild spinal ataxia in order to aid equine 

clinicians in deciding when it is appropriate to carry out clinical testing. 

 

The research method and experiment with the spinal ataxia data set have two objectives: 

(1) to develop a system that recognizes normal from pathological horses, i.e., it is a 2-

class problem, and (2) to identify one (or more) minimal set(s) of key body positional 

features that are most useful in the classification of normal vs. ataxic horses. 

 

7.2 Data Collection 

 

Data was collected for 24 horses: 12 normal horses and another 12 that are diagnosed 

with spinal ataxia (Appendix D). The data collection process used the method described 

in Subsection 6.1.1, above, which uses markers that are attached to horse key body parts 

using a 5-camera system that records horse motion. In this case, the horses were walking 

on the treadmill, because some horses were unable to trot. Also, several new key body 
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parts on both sides of the horse, including the front and backsides were added to the test 

set (Figure 19).  

 

 
Figure 19 

Horse Schematic with body key markers. Five cameras positions are shown in this 

Figure. 

 

A total of 22 key body parts were used to record positional information in 3 dimensions, 

which adds up to 66 positional features. Figure 19 shows the names of 18 out of the 22 

body parts. Three trials for each horse were recorded, with each trial taking 30 seconds at 

120 Hz. Therefore, each trial consisted of 3600 samples, which added up to a total data 

size of 24 x 3 x 66 x 3600, or some 17 M bytes. 
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7.3 Feature Extraction using Raw Signal Combined Uncertainty 

 

Raw signal self-information, SSI, was used as the extracted feature of all raw signals. 

Initially, com
DTEH  combined uncertainty model (Equation (13)) is used to compute SSI 

features. Later, for comparison, fuzzy or probabilistic uncertainties are used in feature 

extraction.  

 

Given one raw signal out of 24 x 3 x 66 signals, SSI was computed using the com
DTEH  

model for combined uncertainty. Next, an average of the 3 trials’ SSI was computed, thus 

yielding a 24 x 66 matrix of averaged SSI feature values, i.e., one feature value per axis 

per position marker for each horse. A heuristic is developed in order to explore different 

combinations of features with fuzzy c-means (FCM) by selecting a minimal set of 

features that arrive at the maximum CCP. This exploration of the feature set is cast in the 

form of a search. 

 

7.4 Spinal Ataxia Heuristic for Clustering with Fuzzy C-Means 

 

After the computation of the 24 x 66 signals’ SSI features, each signal data is reduced 

from 1N ℜ→ℜ , i.e., each signal is now represented by one scalar feature value. It is 

desirable at this point to use an algorithm to cluster together normal horses’ feature 

values with a good separation from abnormal horses’ feature values. We choose fuzzy c-

means (FCM) in order to compute this clustering. FCM is an objective-function based 

clustering algorithm that detects compact clusters whose prototypes are represented by 

the cluster centers, in feature space [Krish1994]. FCM may be used to cluster data that 

resemble compact hyper spheres or compact hyper ellipsoids. FCM returns computed 
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cluster centers and a membership matrix that shows each data point’s membership in 

each cluster, in feature space. 

 

Starting with the 24 x 66 feature matrix, we did an initial exploration of how well 1-

dimensional feature vectors composed of one feature value at a time would cluster 

together using FCM. Next, features were added, one at a time, in the following manner.  

 

Taking feature value vectors of length 24 x 1, one at a time, out of the 66-feature set, 

fuzzy c-means (FCM) is used in order to cluster data into 2 clusters. CCP is computed 

each time clusters are computed for each of the 66 features, and therefore 66 CCP values 

were computed. CCP is computed by considering the membership of each horse feature 

vector in the normal or abnormal clusters. For example, if a horse has a 0.6 membership 

in the normal cluster and a 0.4 membership in the abnormal cluster, then the horse 

belongs to the normal cluster, and vice versa. Next, the assigned cluster is compared to 

their actual class label, and horses that are assigned to incorrect clusters are counted as 

misclassified. For example, if only one horse out of the 24 horses is assigned to the 

incorrect cluster then CCP = 23/24 = 95%. 

 

Eight positional features scored a CCP that is equal to, or greater than 70%, as shown in 

Table 5. The features names were: elbowZ6, ltcoxZ (left tuber coxae), lumbY (lumbar 

vertebrae), lumbZ, rfpastZ (right front pastern), rhproxmtY (right hind proximal 

metatarsus), scapY (scapula), and tsacrY (tuber sacral). They were identified as potential 

root nodes that can be expanded to search for a path of systematically added features. The 

goal was to find a feature grouping consisting of 100% CCP. The remaining 58 features 

                                                 
6 Upper case X, Y, or Z indicate positional features’ directions.  
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scored a CCP of 66% or less and were discarded from being considered root search 

nodes. 

 

Feature 
Names 

elbowZ ltcoxZ lumbY lumbZ rfpastZ rhproxmtY scapY tsacrY

CCP 
 

70% 70% 87% 70% 70% 70% 75% 75% 

 
Table 5 

CCP scores for eight 1-feature groupings that are clustered separately using FCM. 

 

We carried out a few selected depth-first search trials, starting with a selection of the 8 

potential features, above. We arrived at the observation that a 5-grouping search path 

may arrive at CCP = 95% after adding one feature at a time in a newly considered 

grouping, such that each time a feature is added, FCM clustering would increase the CCP 

compared to the previous grouping.  
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 Figure 20 

A search tree schematic with feature groupings that compute 95CCP ≥ %. One path that 

computed a 5-feature grouping is shown. CCP is computed using FCM clustering.7 

 

Figure 20 shows an example of one path that ended up with a 5-feature grouping. After 

expanding a few paths that start from the eight 1-feature groupings (Table 5 or the first 

layer in Figure 20), it was apparent that many paths can be explored in search of all 

possible feature groupings that, when clustered using FCM, can compute a CCP that is at 

least 95%. 

 

We decided to carry out a more complete, but guided search, and we chose to implement 

the Sequential Forward Selection (SFS) search [Theod2003].  SFS starts with a grouping 

that has one potential feature. Next, one additional feature from the list of all available 
                                                 

7 rcoxo is the right tuber coxae  
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features is included in the grouping, if including it maximizes the value of a criterion 

function. Because it is not guaranteed that the optimal (n+1)-feature grouping originates 

from the optimal n-feature grouping, SFS is only a suboptimal search [Theod2003].    In 

this experiment, the criterion function is the CCP that is based on labeling feature points 

that are clustered using FCM. Given a 1-feature grouping (like lumbY in Figure 20) out 

of the set of 8 potential features (Table 5), a partial enumeration of a search tree is 

computed using SFS such that 1 feature out of the full 66-feature set is included in the 

grouping if FCM clustering improves CCP.  

 

The search guidance may be formulated using an optimization model. 

Starting with a search tree root node s(0) (Start node in Figure 20), tree nodes (i.e. feature 

groupings) may be expanded by including 1 feature, { }66321i f,...,f,f,f)n(f ∈ , where n is 

the current grouping state number, which is the same as the number of features in a 

grouping. The set of existing features at a given grouping, n, are s(n), where 

{ })n(f,),2(f),1(f)n(s �= . A newly considered feature, f(n+1), may be included in an 

s(n) feature grouping if it improves the CCP criterion: 

 

Max             CCP 

Subject to   51n ≤+  

  CCP(n)1))(n(CCPmedian k >+  

   15 , 1,k …= is the number of times FCM is repeated 

  )n(s1)f(n ∉+ , 66f ≤  

 

The second constraint, CCP(n)1))(CCP(nmedian >+ , deals with FCM’s sensitivity to 

initial cluster centers that are randomly selected. A median of 15 CCP is computed from 
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the corresponding 15 clustering computations are used to confirm a higher CCP at 

grouping n+1. We call this heuristic, SAH, or spinal ataxia heuristic.  

 

7.5 Results for Combined Uncertainty-Based Heuristic 

 

We applied SAH described in 7.4, above, to the 8-feature set in Table 5 using this best-

first search, and we arrived at the conclusion that a peak CCP = 100% may be arrived at 

through a few computed search paths that are at most 5-groupings deep. Other search 

paths arrived at CCP = 95% or less in 5-grouping paths. 

 

Following are the final 4-feature grouping sets, s(4), that were generated using the 

suboptimal paths computed with SAH, i.e., at CCP = 100%: 

 

1. lumbY, lumbZ, rfflocZ, hockZ 

2. lumbY, lumbZ, rfflocZ, rhproxmtZ 

 

Using feature-grouping 1, Table 6 shows the feature that is added at the thn  step and the 

corresponding CCP. 

 

Grouping Step number 1 2 3 4 

Feature Name lumbY lumbZ rfflocZ hockZ 

CCP 70% 83% 91% 100% 

 
Table 6 

Combined uncertainty final feature grouping number 1. 
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Following are the final 5-feature grouping sets, s(5), that were arrived at using the paths 

computed with SAH, i.e., at CCP = 100%: 

 

3. rhproxmtY, lumbY, lumbZ, rfflocZ, rhflocZ 

4. lumbY, lumbZ, rfflocZ , rhflocY, rhflocZ 

5. lumbY, lumbZ, rfflocZ , stifY, rhflocZ 

6. lumbY, lumbZ, rfflocZ, rhpastZ, hockX 

7. lumbY, lumbZ, rfflocZ, scapX, rhproxmtZ 

8. rfpastZ, tsacrY, lumbZ, rfflocZ, thorX 

 

After an inspection of the final feature groupings and their corresponding features, we 

offer the following remarks: 

 

1. The shortest paths are the ones that arrived at final groupings numbers 1 and 2, with 

only 4 features (i.e., when a final grouping has n features then it has computed n 

groupings to arrive at its final path). 

 

2. Given that lumbY and lumbZ belong to one marker, the lumb, the shortest paths 

consist of 3 markers: the lumb, the right front fetlock, and either the hock or the right 

hind proxmt. 

 

3. The three markers needed for disease identification belong to the right front and hind 

limbs, and to the rear part of the back (the lumb marker). 

 

4. Therefore, we conclude that only 3 markers, out of 22 markers, are sufficient for 

identification of spinal ataxia in horses. 
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5. Looking more carefully into the best paths features, we observe that the lumb is an 

essential marker for this disease’s identification. Other important markers are the 

right hind proxmt, the right front fetlock and the hock. Other markers that contributed 

to disease identification in the 5-grouping paths provide important information, but 

need one extra marker compared to features that contributed to best paths, above. 

This information may become very important if a situation arises such that one (or 

more) of the suboptimal path markers became difficult to fix to a horse’s body, e.g., 

if the horse experiences skin problems in the corresponding marker place. Therefore, 

it is important to have alternate paths that allow for alternate markers to be used for 

this and other special situations. 

 

6. Some features that belong to a horse limb may sometimes substitute for other features 

that exist in the same limb, and still arrive at the same suboptimal result. For 

example, rhproxmtY may substitute for rhflocY, as may be seen in paths 3 and 4. 

 

7. The lateral axis, Y, and vertical axis, Z, are very important, and are more important 

than the horizontal (front to back) axis, X. This confirms known medical information 

with respect to spinal ataxia and its effect on horse gait. 

 

We conclude that the SSI provides a useful feature extraction method for the spinal ataxia 

data set that can be clustered using FCM. 
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7.6 Results for Experiments Using Either Fuzzy or Probabilistic Uncertainty-Based 

Heuristic 

 

Using SAH, we extracted SSI features for the spinal ataxia data set using either 

probabilistic or fuzzy uncertainties. In the probabilistic case, we used )P(HP
S , or 

Equation (3). For the fuzzy uncertainty case we used )A(HDTE
µ , or Equation (7), in order 

to extract SSI signal features. 

 

In the case of probabilistic uncertainty-based SAH, the potential set of features was 

lhfootZ, rhfootY, thorY, and tsacrY. They all scored a CCP = 70% using FCM to cluster 

feature values with any one feature. No other features scored equivalent or higher CCP. 

By adding 1 feature at a time using SAH, a maximum CCP = 87% was recorded, as 

shown in Table 7. Therefore, probabilistic uncertainty-based SAH computed a maximum 

CCP = 87%. 

 

Grouping Step Number 1 2 3 4 

Feature Name rhfootY lumbY rhfloc rhfootX 

CCP 70% 75% 83% 87% 

 
Table 7 

Probabilistic uncertainty final feature grouping. 

 

In the fuzzy uncertainty-based SAH, the following primary features were considered: 

lumbZ (CCP = 87%), rfproxmtZ (CCP=70%), thorY (CCP=70%), tsacrY (CCP=75%), 

and tsacrZ (CCP=70%). By computing the search paths using SAH, a maximum CCP 

was scored using lumbZ and PollX (or ScapX) and it was at 91% CCP. Therefore, Fuzzy 
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uncertainty-based SAH computed a maximum CCP = 91%. Table 8 summarizes results 

using fuzzy uncertainty-based SAH. 

 

Grouping Step Number 1 2 

Feature Name LumbZ PollX 
(or ScapX)

CCP 87% 91% 

 
Table 8 

Fuzzy uncertainty final feature grouping. 

 

Table 9 shows a summary of probabilistic, fuzzy, and combined uncertainty models’ final 

groupings and the number of features in each final grouping. 

 

Uncertainty Model Type Probabilistic Fuzzy Combined 

CCP  87% 91% 100% 

Number of Final Grouping’s Features 4 2 4 

 
Table 9 

Maximum CCP computed using SAH and different uncertainty models. 

 

7.7 Analysis using the Most Informed Heuristic Concept 

 

Luger and Russell [Luger1998], [Russell1995] elaborated on the concept of the most 

informed heuristic, and they defined it as the heuristic that, if compared to other 

heuristic(s), would arrive at the goal grouping using the shortest paths. 
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We may define three heuristics: (a) probabilistic uncertainty-based SAH, *P , (b) fuzzy 

uncertainty-based SAH, *F , and (c) combined uncertainty-based SAH, *C . An 

inspection of Table 9 shows that *C was the only one of the three heuristics to arrive at 

the goal grouping that correctly classifies all the horses in the spinal ataxia data set, i.e., 

at CCP = 100%. 

  

Therefore, we conclude that the most informed heuristic is *C  which is the combined 

uncertainty-based SAH. This shows that combined uncertainty provides more 

information than either one of its two sub-component information models (fuzzy and 

probabilistic) and that combining the two uncertainty types was necessary to arrive at the 

desired goal of correctly classifying the spinal ataxia data set. Consequently, combining 

fuzzy and probabilistic uncertainty types together better models this medical system’s 

complex information. 

 

7.8 Analysis using Non-Specificity 

 

We would like to analyze the outcome of probabilistic, fuzzy, and combined uncertainty 

groupings described in Tables 6-8 in Section 7.6, using nonspecificity described in 

Section 4.8. Recall Equation (15),  

 

B
A

logBlogAlog)B(H)A(H 222
NSNS =−=− ,  then, 

 

A is the total set of available features recorded for spinal ataxia, or |A| = 66. The reduced 

set B has a set of features that may be used to characterize ataxia. The reduction from A 
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to B came about due to the occurrence of new evidence that has been computed in a new 

experiment. For example, Table 7 shows that experiments with probabilistic uncertainty 

computed a final 4-feature grouping at CCP = 87%. We will call this features set PB  

such that 4BP =  features. Using Equation (15), the amount of nonspecific-based 

information computed due to probabilistic-based feature extraction clustering is: 

 

bits404.4
4

66log
B

A
logBlogAlog)B(H)A(H 2P2

P
22

NSNS ≈===−=−  

 

This amount is also considered the amount of information  computed due to uncertainty 

reduction from set A to PB . 

 

Fuzzy and combined uncertainty-based SAH reduced A to a 1-feature grouping at CCP = 

87% as shown in Tables 8 and 5, respectively. Therefore, 1BB com ==µ  feature. 

Substituting into Equation (15): 

 

bits604.6
1
66log

B

A
log)B(H)A(H)B(H)A(H 2com2

comNSNSNSNS ≈===−=− µ  

 

The amount of information computed due to uncertainty reduction from set A to either 

sets µB  or comB . 

 

Uncertainty-based information computed using non-specificity shows that a larger 

amount of information is embedded in either fuzzy or combined uncertainty models, 

compared to probabilistic uncertainty, for the spinal ataxia data set. This embedded, self-
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information, is higher in the maximum uncertainty sense for the first two models, and 

relatively lower for the latter one, as we explained in Section 4.9. 

 

Although both fuzzy and combined uncertainty types seem to have arrived at similar 

amounts of information, we recall that this is true at groupings with CCP = 87%. 

However, combined uncertainty modeling succeeds in computing CCP = 100%, while 

fuzzy uncertainty goes as far as CCP = 91%. Combined uncertainty is needed to arrive at 

the goal, 100% CCP, and therefore, it better models system information such that it was 

able to arrive at the desired objective.  

 

7.9 Clinical Study Screening 

 

The first objective to this study was to use trained cluster centers in order to screen horses 

being considered for spinal ataxia classification. Therefore, we used the trained cluster 

centers from feature grouping 1, in Section 7.5, in order to screen new, unseen test 

horses. Grouping 1 consisted of lumbY, lumbZ, rfflocZ, and hockZ. 

 

Data was collected for 4 new test horses using methods described in Section 6.1.1. Two 

horses were normal and 2 were ataxic, as determine by MU veterinary clinicians. SSI 

feature extraction was performed on the 4-feature set that belongs to grouping 1. Next, 

the Euclidean distance was computed from each horse point to nearest prototype (cluster 

center) points, in feature space. A horse point belongs to one cluster if the Euclidean 

distance from the point to that cluster’s prototype is small, compared to the distance from 

the point to the other cluster’s prototype. After comparing distances from horse points to 

the two prototypes, it was determined that 3 out of 4 horses were correctly classified, and 
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that the fourth horse was classified as abnormal when clinicians said it was normal, i.e., it 

made a false alarm.  

 

These results encourage further experimentation of our method for SSI feature extraction 

using combined uncertainty models.  

 

More horse data would form a more representative data set of the problem space. Also, 

further development of the method’s other parameters may be applied in order to enhance 

clinical experiments results. For example, more robust clustering algorithms, compared to 

FCM, may be utilized, such as the Possibilistic c-means [Krish1994]. The choice of a 

clustering algorithm depends on cluster tendency in feature space. Cluster validity 

methods are used to better determine the cluster structures, given certain clustering 

algorithms [Theod2003]. 
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8.  CONCLUSIONS, CONTRIBUTIONS, AND 

FUTURE STUDY 

 

8.1 Conclusions 

 

Measures of combined uncertainty have successfully modeled the uncertainty embedded 

in CW transformed equine gait signals. The implementation of a generalized maximum 

combined uncertainty principle has successfully selected the wavelet that best represents 

a horse gait signal. The Best Wavelet Selection algorithm selected the wavelet that 

represents most horse data sets at a pre-determined scale. In summary, BWS has 

successfully extracted efficient CWT features of transformed data at specific instances of 

gait time series signals. A time-sequence combination process has captured trends within 

each signal and has, therefore, composed previously computed best CWT features into 

efficient temporal features. Final CCP using extensive neural network training and testing 

showed 83% CCP, a relatively high classification rate for a time series problem that is 

shown to be very difficult, mainly because of inconsistent patterns that are present in its 

data, and because subjective and objective evaluations differed in determining the actual 

classes for several horses in the set.  Also, the 83% CCP is comparable to difficult CWT-

based feature extraction that is reported in the literature. Overall, our temporal feature 

vectors managed to extract features that represent major trends for most raw signal data. 

 

The value of temporal feature extraction is further highlighted by zooming in to small 

signal characteristics. Small feature extraction showed 4% CCP enhancement if added to 

stronger, larger pattern-based characterization. Therefore, CCP becomes 87% using foot 
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signals larger and smaller pattern extraction. This property is also important because it 

allows for a new application of the known CWT zooming property. 

 

In addition to temporal feature extraction of CW transformed gait signals, combined 

uncertainty models we were also successful in extracting uncertainty-based information 

of raw time series signals. This direct application was applied to spinal ataxia gait signals 

that are more random in nature than gait lameness signals. Spinal ataxia signal features 

were extracted using a new feature: signal self-information, SSI, which is modeled using 

combined uncertainty. A sequential feature selection heuristic, SAH, successfully 

identified a minimal set of positional features whose extracted SSI feature values were 

clustered using FCM. Fuzzy Clustering showed complete recognition for normal and 

pathological horse signals. 

 

These results demonstrated that the computation of combined uncertainty better managed 

the ambiguity and uncertainty-based information embedded in two different kinds of 

medical, time series signals, compared to using one type of uncertainty modeling, 

whether probabilistic or fuzzy. 

 

Additionally, we conclude that Shannon’s maximum (probabilistic) entropy principle 

may be generalized to a maximum combined uncertainty principle that better models 

different types of uncertainty in a complex information system. 

 

The application of our algorithms proved fruitful for classification and characterization of 

both horse lameness and spinal ataxia diseases.  
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The fact that we arrived at higher classification of gait lameness using only the right front 

foot and poll signals suggests that these two body points are normally sufficient to detect 

and classify forelimb lameness in the horse.  

 

Our experiments with the front foot, the fetlock, and the carpus suggest that the presence 

of any of these leg key points can identify the side of lameness when combined with the 

poll signals. However, the front foot remains the better choice for a more accurate gait 

classification. We conclude that the poll helps identify whether a horse is lame or not, 

and that a leg point is needed to identify the side of lameness. 

 

Experiments with the induced-lameness data demonstrated that information learned from 

the natural, navicular gait data is general enough to recognize the (unseen) artificial 

induced-lameness data set. On the other hand, neural network training using the induced-

lameness data showed weakness in identification of the natural data set. We believe that 

such outcome was conceivable because the natural data has a high level of pattern 

diversity and complexity that is not normally present in the induced-lameness data 

setting.  

 

Experiments with spinal ataxia showed that final feature groupings of 3 body markers are 

sufficient for disease identification, and that these markers included, one from the horse’s 

rear back and two from the front and rear limbs. Final groupings also showed some 

freedom in substituting the hock and right hind proxmt points that are in the rear limb. 

This is important because either one of the two position points may be difficult to 

measure in a real setting due to horse skin problems that may prevent the attachment of 

body markers. 
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8.2 Contributions 

 

8.2.1 Modeling 

 

1. BWS Algorithm. An algorithm that selects the “best” wavelet out of many wavelets 

available for the Continuous Wavelet Transform. The selected wavelet is best in the 

uncertainty modeling sense.   

 

2. Temporal Feature Extraction using the “best” CWT wavelet of a time series data set, 

such that adjacent points of transformed signals compose together feature vectors that 

can be used to train a neural network. 

 

3. Temporal Feature Extraction may be applied to extract larger signal characteristics as 

well as smaller, more detailed characteristics.  

 

4. Direct Feature Extraction of time series signals’ self-information or embedded 

uncertainty-based information. In this case, a whole signal is represented with one 

scalar value, which is its extracted feature. 

 

5. Experimental validation and interpretation of measures that combine fuzzy and 

probabilistic uncertainty types. 

 

6. Experimental validation of a Generalized Combined Uncertainty Principle. 
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8.2.2 Clinical Contributions  

 

1. Design and implementation of a computational system that may be used to diagnose 

and analyze gait signals. 

 

2.  Confirmation to the importance of the head and front foot in the diagnosis of equine 

navicular disease. 

 

3. Determination that one key point in the front limb may be used to diagnose navicular 

disease, if combined with the head key point. However, the foot point is the front 

limb point that is best at diagnosing the disease, if combined with the head signal. 

Additionally, the elbow and fetlock points may provide new information and improve 

diagnosis performance, if combined with the head and foot signals.  

 

4. Determination that one key point from the right front limb, one key point from the 

right hind limb, and one key point from the rear part of the horse back are enough to 

diagnose spinal ataxia, using our objective model. 

 

5. Determination that the diverse, complex, and natural navicular data set is general 

compared to an artificial, induced-lameness data set. 

 

6. The finding that we have a choice in several key points within the limb gives the 

freedom in applying the method in clinical experimentation, especially in situations 

where skin problems may prevent the use of a specific point in the limb. 
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8.3 Future Study 

 

Based on these conclusions, we recommend the following investigation points: 

 

1. The success in an automatic wavelet selection algorithm using uncertainty-based 

modeling gives rise to the other open question in the wavelet/scale pair: an automatic 

selection of the CWT scale for fine-tuning of desired windows that zoom-in to large 

or small signal characteristics. 

 

2. The success in combining together fuzzy and probabilistic uncertainty types, 

experimentally, encourages a formal derivation of a set of axioms that characterize 

this combination of uncertainty types. 

 

3. Furthermore, experimentation and formal derivations are needed to characterize total 

uncertainty: uncertainty modeling that integrates fuzzy, probabilistic, and non-

specificity uncertainty types. 

 

4. The success in applying uncertainty models to equine gait lameness and spinal ataxia 

gait signals encourages further experimentation with other medical time series signals 

such as electrocardiogram (ECG) and brain wave signals. 
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APPENDIX A 

NAVICULAR GAIT DATA SET 

 

Horses participating in this data collection were diagnosed with the navicular disease. 

 

A.1 Navicular Horse Gait Classes and Names 

 

Name format is designed such that it reflects the subjective evaluation of horses that was 

performed by MU Equine Clinic medical practitioners. For example, burney11Right, 

indicates that the horse data file burney11 was subjectively classified to have lameness in 

the right front side of the corresponding horse. 

 

Right-side lameness horse names: burney11Right , buster21Right , buster11Right ,  

quincy11Right , hoss21Left , hoss11Right , blaze11Right , hoss32Right ,  

blue11Right. 

 
Sound gait horse names: blaze21Sound , buster31Sound , chance31Right,  

chuck11Right, chuck21Left, chuck31Sound , quincy21Unknown ,  

scamp33Unknown, bucky2Sound. 

 
Left-side lameness horse names: bman21Left , chance21Left  , bman11Sound ,  

bucky1Left , burney31Left , bman31Sound , bucky3Left, burney21Left,burney21Left. 
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A.2 Evaluation of the Navicular Data Set 
 
Horse Data Set Subjective 

Class 
Subjective 
Strength 

Subjective 
Agreement 

Subjective 
Strength 

Objective 
Class 

burney11Right 
buster21Right 
buster11Right 
quincy11Right 
hoss21Left 
hoss11Right 
blaze11Right 
hoss32Right 
blue11Right 
belle1 
blaze3 
blue2  

right 
right / uR 
right 
right 
right / uL 
right 
right 
right 
right 
right / L 
right 
right  

0.95 
0.95 
0.92 
0.86 
0.81 
0.74 
0.67 
0.55 
0.5 

0.56 
0.55 
0.51  

good 
good 
good 
good 
good 
good 
good 
good 
good 

moderate 
moderate 
moderate  

3/3 
 
3/3 
3/3 
 
3/3 
3/3 
 
 
2/3 
2/3 
  

Right 
Right 
Right 
Right 
Right 
Right 
Right 
Right 
Right 
Right 
Right 
Right 

 
 

blaze21Sound 
buster31Sound 
chance31Right 
chuck11Right 
chuck21Left 
chuck31Sound 
quincy21Unknown 
scamp33Unknown 
bucky2Sound 
belle3 
blue3 
chance1 
scamp2  

sound 
sound 
sound / R 
sound / R 
sound / L 
sound 
sound / u 
sound / u 
sound / uS 
sound / L 
sound / L 
sound / R 
sound / R  

 good 
good 
good 
good 
good 
good 
good 
good 
good 

moderate 
moderate 
moderate 

poor  

3/3 
2.5/3 
3/3 
2/3 
2/3 
2.5/3 
 
 
 
 
 
 
  

Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound 
Sound  

bman21Left 
chance21Left 
bman11Sound 
bucky1Left 
burney31Left 
bman31Sound 
bucky3Left 
burney21Left 
quincy3 
belle2 
scamp1  

left 
left 
left / S 
left 
left 
left / S 
left / uL 
left 
left 
left / uL 
left  

0.98 
0.94 
0.93 
0.88 
0.83 
0.77 
0.54 
0.53 
0.56 
0.59 
0.51  

good 
good 
good 
good 
good 
good 
good 
good 

moderate 
poor 
poor  

3/3 
3/3 
2.5/3 
3/3 
3/3 
 
 
3/3 
3/3 
 
  

Left 
Left 
Left 
Left 
Left 
Left 
Left 
Left 
Left 
Left 
Left  

Table 10 

Clinical (Subjective) and Objective Evaluations of the navicualar horse gait data set. 

Horse names that are bold-faced were used in the experiments. 

(Courtesy of Dr. Kevin Keegan and the MU Equine Clinic) 
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Notes: 

R indicates right class. 

L indicates left class. 

S indicates sound class. 

uS indicates an unknown class that may be sound. 

uL indicates an unknown class that may be left. 

uR indicates an unknown class that may be right. 
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APPENDIX B 

INDUCED-LAMENESS GAIT DATA SETS 

 

Lameness is induced using special shoes that are attached to horses feet. The shoes may 

introduce 2 types of lameness, mild (Level 1) and very mild (Level 2). Following are 

horse gait classes and names. 

 

B.1 Level 1: Mild Induced-Lameness Data Set 

 

Right-side lameness horse names: lourf12 , mangorf12 , roanrf12, sandrf12, scotrf12,  

skiprf12, jamirf12, trigrf12 

 

Sound gait horse names: lous12, mangos12, roans12, sands12, scots12, skips12,  

jamis12, trigs12. 

 
Left-side lameness horse names: loulf12, mangolf12, roanlf12, sandlf12, scotlf12,  

skiplf12, jamilf12, triglf12 

 

B.2 Level 2: Very Mild Induced-Lameness Data Set 

 

Right-side lameness horse names: zaprf22, mangorf22, roanrf22, alicerf22, goofyrf22, 

skiprf22, jamirf22, gizmorf22 

 

Sound gait horse names: zaps22, mangos22, roans22, alices22, goofys22, skips22, 

jamis22, gizmos22 
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Left-side lameness horse names: zaplf22, mangolf22, roanlf22, alicelf22, goofylf22, 

skiplf22, jamilf22, gizmolf22 
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APPENDIX C 

MU EQUINE CLINIC EVALUATION 

OF THE VERY-MILD INDUCED-LAMENES GAIT DATA SET  

 

Summary of the results of using the algorithm of Dr. Pai [Keegan2001] on classifying the 

induced lameness data. 

 

There were 3 measures used.  The A1/A2 ratio (may only indicate whether a horse is 

lame or not), and the Mindiff and Maxdiff of the head (may indicate the side of 

lameness). 

 

If there had to be agreement in 2 of these measures to classify as lame. 

 

Here are a list of the classifications that did not agree with the group assignments at the 

beginning of the experiment. 

 

CANN sound was classified as RF lame. 

BROC sound was classified as LF lame 

HORSE sound was classified as RF lame 

 

All RF1s were correctly classified. 

 

GIZMO LF1 was classified as sound. 

HORSE LF1 was classified as sound 

TRIG LF1 was classified as sound 
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CANN LF1 could have been classified as RF or LF lame 

 

ALICE RF2 was classified as sound 

BRIT RF2 was classified as sound 

BROC RF2 was classified as sound 

EVE RF2 was classified as sound 

MERL RF2 was classified as sound 

SCOT RF2 was classified as sound 

SKIPPER RF2 was classified as sound 

TRIG RF2 was classified as sound 

MAD RF2 could have been classified as RF or LF lame 

 

GIZMO LF2 was classified as sound 

HORSE LF2 was classified as sound 

MERL LF2 was classified as sound 

ROAN LF2 as classified as sound 

SKIPPER LF2 was classified as sound 

TRIG LF2 was classified as sound 

ZAP LF2 was classified as sound 

CANN LF2 could have been classified as either RF or LF lame 
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APPENDIX D 

SPINAL ATAXIA DATA SET 

 

D.1 Normal Horse Names 

 

anood, blaze, corn, daisy, dublin, ethel, eve, fast, gizmo, jawad, lisa, star. 

 
 

D.2 Abnormal Horse Names 

 

beauty, ben, caspar, dream, grem, ice, jay, lucky, night, pink , polar, sun. 
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D.3 Subjective Evaluation of Horses 

 
Neurological exam results (0 = normal to 5 = worst case) 

Clinician 
Names of 
Horses 
Affected 
with Spinal 
Ataxia 

Johnson Messer O’Brien Mean 

night 2 2 3 2.34 
caspar 2 3 2 2.34 
sun 2  2 2.00 
polar 3 2 3 2.67 
pink 1 1 1 1.00 
lucky 1 2 1 1.34 
beauty 4   4.00 
bream 3 3 3 3.00 
jay 0 1 1 0.67 
ice 2   2.00 
grem  2  2.00 
ben  2  2.00 

 
Table 11 

Clinical Evaluation of Spinal Ataxia horse gait. 

(Courtesy of Dr. Kevin Keegan and the MU Equine Clinic) 
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APPENDIX E 

NEURAL NETWORK TRAINING AND TESTING 

 

For all of our training, we used a 2-layer back-propagation neural network with the 

following  properties: 

 

E.1 Architecture 

 

Number of input layer input units = # TS points * # extracted features 

Number of hidden layer units = # TS points * # extracted features * 3 

Output layer units = 3 

 

E.2 Training Algorithm 

 

Back-Propagation Conjugate Gradient (CGP) Algorithm (Polak and Ribiere version 

[Hogan1996]). This algorithm has been selected after extensive experimentation with 

several versions of the back-propagation algorithm showed that gait data trained better 

using CGP. 

 

E.3 Transfer Functions 

 
Input-to-hidden layers transfer function is Tan-Sigmoid. 

Hidden-to-output layers transfer function is Satlin. 
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E.4 Training &  Termination Parameters 

 

Learning Rate = 0.01 

Target RMS Error = 0.01 

Minimum Step Difference Between Epochs = 0.001 

Minimum Gradient = 0 

Maximum Number of Epochs = 4000 

 

E.5 Training and Testing Procedure 

 

Typically, 8 horse gait signal data representing each of the 3 classes were used in the 

experiments. A 6-fold training and 2-fold testing procedure was used for each 

experiment, with a full round consisting of 8 experiments. A full round starts each 

experiment by rotating the training and testing horses in the queue of 8 data set (per 

class), and therefore, each horse gait signal serves 2 times in the testing sets and 6 times 

in the training sets. A horse is considered to be correctly classified if more than half of its 

feature vectors are correctly classified by the trained neural network. For every 

experiment in a round, an average of correctly classified testing horses was computed and 

recorded. The average is equal to the ratio of correctly classified horses divided by the 

total number of testing horses, which is always set at 6 horses (two testing horses per 

class). After 8 experiments are computed, an average of all recorded 8-experiment 

averages is recorded. This is the round’s average number of correctly classified horses.  

 

Finally, the median of 7 rounds’ recorded CCP values is reported.  
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APPENDIX F 

WAVELET FIGURES 

 

The Matlab Wavelet Tool Box includes 65 wavelets that may be used for CWT 

processing. All 65 wavelets where used by the BWS described, above. This Appendix 

shows plots for most of the wavelets.  

 

F.1 The Haar Wavelet 

 

 

     ‘haar’ 

        (also, ‘db1’) 

          

F.2 The Mexican Hat Wavelet 

 

 

             ‘mexh’ 
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F.3 The Morlet Wavelet 

 

 

    ‘morl’ 

 

F.4 The Meyer Wavelet 

 

 

        ‘meyr’ 

 

F.5 Discrete Approximation to the Meyer Wavelet 

 

       

        ‘dmey’ 
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F.6 Daubechies Wavelets 

 

 

 
 ‘db2’       ‘db3’                  ‘db4’   ‘db5’ 
  

 
          ‘db6’                ‘db7’             ‘db8’                       ‘db9’ 
 

 

 ‘db9’ 

 

F.7 Coiflets 

 

 

‘coif1’              ‘coif2’          ‘coif3’ 
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         ‘coif4’   ‘coif5’ 

 

F.8 Symlets 

 

 

‘sym2’                   ‘sym3’ 

 

 

‘sym4’           ‘sym5’ 

 

 

   ‘sym6’ 
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‘sym7’                         ‘sym8’ 

 
F.9 Biorthogonals 

 

   

     ‘bior1.3’            ‘bior2.2’  

 

   

    ‘bior2.6’          ‘ bior3.1’ 

 

   

 ‘bior3.5’             ‘bior3.9’  
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   ‘ bior5.5’                        ‘bior1.5’ 

 

                

 ‘ bior2.4’                     ‘ bior2.8’       

 

      

   ‘bior3.3’            ‘bior3.7’ 

 

   

      ‘bior4.4’               ‘bior6.8’ 
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F.10 Gaussians 

 

There are several alterations of the Gauss wavelet family. Following is a plot of one 

Gauss member: 

 

 

 ‘gaus8’ 
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