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Abstract

This paper presents a probabilistic algorithm for automatically extracting the stride interval

time series from long, highly variable and noisy two-state timing signals. Long interstride tem-

poral records are of particular interest in nonlinear dynamical analysis of gait. The proposed

method consists of probabilistic estimation and extraction followed by post-extraction filter-

ing. With noisy timing signals from 10 children with Spastic Diplegia, no statistical differences

in the numbers of extracted strides (p ¼ 0:94), the mean stride intervals (p ¼ 0:55) and the scal-

ing exponents (p ¼ 0:94) (a measure of temporal heterogeneity) were found between series ex-

tracted by hand and by the probabilistic algorithm. The method is robust to noise and

violations of normality. Results support the use of probabilistic extraction as an alternative

to laborious manual extraction.
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1. Introduction

1.1. Significance of long gait time series

Recently, there has been a growing interest in the study of nonlinear dynamics in
human movement such as postural sway during standing (Duarte & Zatisiorsky,

2001), eye movements (Schmeisser, McDonough, Bond, Hislop, & Epstein, 2001),

targeted upper limb movements (Miyazaki, Kadota, Kudo, Masani, & Ohtsuki,

2001) and handwriting (Longstaff & Heath, 1999). In particular, much work has fo-

cussed on natural walking dynamics over long periods of time, i.e. in the order of

hundreds and thousands of strides (see for example Hausdorff, Peng, Ladin, Wei,

& Goldberger, 1995, 1996, 1997; West & Griffin, 1998, 1999). These experiments typ-

ically record a quasi-periodic event within the gait cycle such as heel contact (Haus-
dorff et al., 1995) or maximal knee extension (West & Griffin, 1998) over an extended

period of walking. From these recordings, the stride interval time series is deter-

mined. Contrary to conventional belief that interstride fluctuations are strictly ran-

dom, Hausdorff et al. (1995) found that the stride interval time series of young,

healthy adults exhibits long-range correlations or long time memory. In fact, these

long-range effects displayed statistical self-similarity, suggesting that movement dy-

namics are governed by an underlying fractal process. These surprising findings were

independently confirmed by West and Griffin (1998, 1999). The potential clinical
value of these discoveries lies in the fact that fractal dynamics are intrinsic to healthy

gait and are compromised to varying degrees in the presence of neurological pathol-

ogy (Hausdorff et al., 1997, 2000). Hausdorff et al. suggested that the measurement

of this fractal property of human gait could play a role in the quantitative diagnosis

of neurological pathologies and in the assessment of therapeutic interventions. The-

oretically, fractal analyses may provide new insights into the mechanisms involved in

the hierarchical control of walking (Hausdorff et al., 1995). The key point is that

these important nonlinear dynamics can only be revealed by analyzing long records
of walking, consisting of no less than several hundred strides. See Chau (2001) for a

review of related literature.

1.2. The nature of the data

When studying the nonlinear dynamics of walking, the data in question are the

quasi-periodic temporal signals typically collected in a quantitative gait analysis.

The signals are not truly periodic as there is an approximately 3–4% natural variabil-
ity in stride duration from stride to stride (Griffin, West, & West, 2000). Timing in-

formation is usually captured by force-sensitive resistor (FSRs) or footswitches

placed strategically on the sole of the foot. The resultant information may be an an-

alog force trace or if thresholded, a rectangular wave. In this paper, we focus exclu-

sively on the thresholded timing signal. The top graph in Fig. 1 exemplifies an ideal

(simulated) unilateral timing signal with 4% variability in the signal period. The tem-

poral distance between the leading edges of two successive pulses can be used to de-

fine the stride interval time.
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In practice, the timing signals are not always clean and regularly spaced in time.

There may be inadvertent foot contact due to pathological gait such as toe-drag-

ging during the swing phase. Similarly, the signal may be lost momentarily as a

result of inadequate foot contact during stance. The presence of electrical noise

in the analog signal often introduces extraneous pulses in the thresholded signal.

Further, compromised recovery of the footswitch due to blockage of the FSRs

air passage, may keep the footswitch ‘‘on’’ beyond the actual contact duration.

In contrast to the ideal rectangular wave, the bottom graph in Fig. 1 is an actual
thresholded footswitch recording from a child with Spastic Diplegia. Note the ir-

regularity in the spacing of the pulses and the presence of many short, but extra-

neous pulses.

1.3. Stride interval extraction – challenges

In the ideal case, the stride intervals can be easily extracted by identifying the

successive location of quasi-periodic events. For example, the stride interval
might be defined as the time between consecutive rising edges. Some specialized

Fig. 1. Examples of an ideal timing signal (top) and a real signal obtained from a child with Spastic Di-

plegia (bottom).

T. Chau, S. Rizvi / Human Movement Science 21 (2002) 495–514 497



instrumentation, such as the ambulatory logging unit developed by Hausdorff, For-

man, Pilgrim, Rigney, and Wei (1992), directly records the times corresponding to

a quasi-periodic event (e.g. heel strike). In this case, the stride interval time series is

obtained simply by taking the first difference of the raw data. In all cases, under

ideal conditions, a series of stride interval times can be extracted from the temporal
data.

The presence of noise as illustrated in Fig. 1 complicates the stride interval ex-

traction process. Repeated events may become more difficult to identify and in the

case where event times are directly available, outliers are likely to abound. Despite

these additional challenges on top of the aforementioned signal contamination, in

the worst cases, delineation of stride times can usually be done manually. Assisted

by domain knowledge, extremely robust human pattern recognition can usually

detect the sequence of most likely stride times. The domain-specific information
may include the expected stride interval for the population under study and any

known physical constraints of walking. As an example of the latter, a 5 ms pulse

would not be considered a physiologically valid stride. Manual extraction is usu-

ally feasible because in a typical gait analysis, a small number of strides are re-

corded per trial. With very long time series, however, manual extraction of

stride times can become a laborious and outright impractical process. Visual fa-

tigue increases linearly with the time spent viewing a computer display terminal

(Kaneko & Sakamoto, 2001) and in combination with mental fatigue, can increase
the likelihood of human error (Schellekens, Sijtsma, Vegter, & Meijman, 2000).

Further, executive functions of the brain can be compromised by durations of

work in excess of eight consecutive hours (Proctor, White, Robins, & Echeverria,

1996).

At first, a seemingly easy solution to automatic extraction would be to filter the

timing signal to eliminate noise. Then, one could reliably detect events by detecting

state transitions in a timing signal such as that in Fig. 1. While this is acceptable

when we are interested in global parameterizations such as peak amplitude or fre-
quency, in the study of temporal dynamics, the precise times of individual events

must be preserved. In a bi-state timing signal such as in Fig. 1, some of the short

pulses may in fact indicate true event occurrences. Filtering them away would lead

to an interevent series with significantly altered dynamics. Clearly, automatic pro-

cesses that preserve the integrity of temporal information are needed for extracting

stride intervals from very long time series. Ideally, these automatic processes would

also be compatible with data collected with standard gait lab equipment, foregoing

the need for specialized and often expensive hardware.

1.4. Roadmap

The remainder of the paper is organized as follows. In Section 2, we review some

recent efforts in gait event detection. In Section 3, we present the probabilistic stride

extraction method. Subsequently, in Section 4 we demonstrate its utility with long

time series of thresholded (two-state) footswitch data collected from children with

Spastic Diplegia.
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2. Related work: Gait event detection

In the studies by Hausdorff et al., a custom ambulatory data logger provided the

discrete series of heel strike times directly. Hence, extracting the stride interval time

series simply involved taking the first difference and applying median filters to elim-
inate outliers (Hausdorff et al., 1995, 1996, 1997, 2000). In studies conducted by West

and Griffin (1998, 1999) and Griffin et al. (2000), the analog trace of the knee exten-

sion angle was recorded. The stride interval series was defined as the time difference

between successive local minima in the analog signal. It is presumed that these min-

ima were numerically estimated.

Outside of studies by Hausdorff et al. and West and Griffin which focussed spe-

cifically on the fractal dynamics of gait, there has been very little work on extracting

quasi-periodic events from long gait time series. However, automatic gait event
detection has been a topic of much research in the area of functional electrical stim-

ulation (FES). In the context of FES, the detection of multiple gait phases is a real-

time task typically based on multiple sensor inputs from a few recent strides. In

contrast, in the study of fractal gait dynamics, stride interval extraction is typically

done off-line, taking into consideration the entire time record from a single sensor.

Hence, gait event detection for FES and stride interval extraction for fractal analysis

are not the same problem. Nonetheless, some insight into ways to automate the latter

may be gained by surveying some recent detection methods for FES.
Recently proposed approaches to gait phase detection for FES have largely been

variations of rule-based methods. Skelly and Chizeck (2001) developed a real-time

fuzzy-rule base that predicted five gait phases based on the analog input from two

insole FSRs per side. With three subjects, their system predicted heel strike within

8% (gait cycle duration) of the observer detection of heel strike. Pappas, Popovic,

Keller, Dietz, and Morari (2001) used a heel-mounted gyroscope and three insole

FSRs as two-state switches. They developed a rule-based algorithm consisting of

seven hand-crafted rules to detect with extremely high accuracy, four gait phases
in both able-bodied subjects and subjects with gait pathologies. Further, their system

proved robust under various walking conditions including different terrains, stairs

and varying speeds, and during standing up. Using rough sets and adaptive logic net-

works, Williamson and Andrews (2000) synthesized rule-based detectors to identify

gait phases based upon a trio of accelerometer signals. An adaptive logic network

was also used by Hansen, Haugland, Sinkjaer, and Donaldson (2002) to detect heel

strike and foot lift and to discriminate between walking and standing. The input to

the network was a 1 s window of the electroneurogram recorded from the sural
nerve. Detection output was further refined by restriction rules based on fuzzy logic

algorithms.

Despite the success of the above rule-based systems, it is difficult to derive rules

either by hand or by inductive learning that will span all the possible ways that noise

may contaminate a quasi-periodic timing signal. In fact, it is generally known that

rule-based systems such as decision trees do not perform well with noisy data (Rip-

ley, 1996). Given the high noise level in the signals of interest, rather than explicitly

generate a rule-base, we elected to adopt a probabilistic approach. Probabilistic
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techniques have been used widely in the analysis of noisy temporal data (see, for ex-

ample, Hochreiter & Mozer, 2001; Han & Gao, 2001; Jancovic & Ming, 2001). We

will show that the proposed technique can be viewed as a probabilistic, single rule

detection method.

3. The proposed method

Before proceeding, we define some general terminology. An event is an occurrence

of the observed quasi-periodic phenomenon of interest, for example heel strike. The

interevent time is the time between successive events. In the gait example, the inter-

event time is the time between consecutive heel strikes or the stride interval. The set

of candidate event times, T, contains all potential event times. The implication is that
only a subset of these times is valid. The set of probable event times, U, encompasses

the most probable candidate event times. All time series are considered as finite, dis-

crete sets. Relevant notation is summarized in Table 1. In general, bold upper case

letters denote sets of times, while lower case subscripted letters denote individual

times within the set. For example, the set of candidate event times can thus be writ-

ten as T ¼ ft1; . . . ; tnT g.

Although this paper proposes a method for stride interval extraction in the con-

text of gait analysis, we will use generic terminology in describing the method to em-
phasize that it could be applied to other types of events and interevent times. Given

an identified event time, te, the idea of probabilistic interevent time extraction is to

choose the most probable time, t�, of the next event. ‘‘Most probable’’ is based on

an initial estimate of the mean interevent time from a subset of candidate event

times.

3.1. Identification of candidate event times

The proposed probabilistic extraction algorithm operates on a set of candidate

events. In this section, we describe a simple way in which this series might be ob-

tained from typical gait measurements. Let fx1; . . . ; xNg denote the raw, discrete

time series of length N. If the data are thresholded two-state footswitch signals

in the form of rectangular pulses, then without loss of generality, xi 2 f0; 1g. For

Table 1

Key notation used in paper

Symbol Meaning

N Length of raw discrete timing series

T Set of nT candidate event times

U Set of nU probable event times, U � T, nU 6 nT .

h�i Mean value of a set

te Event time under consideration

t� Most probable event time

s Crude estimate of mean interevent time
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example, the high value of the wave typically indicates foot contact with the ground

(stance phase) while the low value signifies the absence of contact (swing phase). A

simple algorithm to extract event times from a two-state thresholded signal xi,
i ¼ 1; . . . ;N , is as follows. Define H to be the set of indices such that xi exceeds

a threshold, h. Similarly define L to be the set of indices such that xi falls below
the threshold h. We thus have

H ¼ fijxi P hg; ð1Þ

L ¼ fijxi < hg; ð2Þ
where i 2 f1; . . . ;Ng with N being the length of the discrete series. In the case of
xi 2 f0; 1g, we might have h ¼ 0:5. The sets H and L represent the indices corre-

sponding to high and low values of xi, respectively. The event times, for example heel

strike times, are given by the transition from a low to a high value or in terms of

indices, a difference of one between neighbouring low and high indices. To capture

this, we increment every element of L by 1 to yield, L0, such that L0 ¼ fiþ 1g, for all

i 2 L. We are in effect shifting the elements of L to the right by one time step. Indices

corresponding to low–high transitions should now occur both in L0 and H. Thus, the

set of candidate event times T ¼ ftig is simply determined by the intersection of the
sets H and L0, namely,

T ¼ ftiji 2 H \ L0g: ð3Þ

3.2. Probabilistic extraction of event times

Suppose that we have obtained a set of candidate event times T ¼ ft1; t2; . . . ; tnT g,

possibly by the method described above or directly from hardware. We are now

ready to formulate the probabilistic extraction technique. It involves two main pro-

cedures, estimation and extraction.

3.2.1. Estimation step

The first step entails the estimation of the mean interevent time from the raw se-

ries. We begin by computing a crude approximation to the interevent time series by

simply taking the first difference of elements in T. This yields a series DT, such that

each element is given by

DTi ¼ tiþ1 � ti ð4Þ
for i ¼ 1; . . . ; nT � 1. If the raw data resemble the ideal pulse train as in the top

graph of Fig. 1, we could estimate the mean interevent time with hDTi where h�i
signifies the mean. However, recall that in practice, we are dealing with contami-

nated data (see Section 1.2), like the bottom graph of Fig. 1. Thus, DT may

contain many invalid interevent times. To obtain a better estimate, we propose to

compute the mean using a subset DT0 � DT, consisting only of elements which fall

within the top 50th percentile of interevent times. Recognizing the potential

asymmetry in the distribution of interevent times, we use the skewness of DT to
define the subset DT0.
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The skewness of DT is given by c ¼ E½DT� l�3=r3 (Mendel, 1991), where c ¼ 0

for symmetrically distributed data while l and r are the mean and standard de-

viation of times in DT, respectively. Let p25 denote the 25th-percentile of the ele-

ments in DT. Define p50 and p75 similarly. The subset DT0 is then defined as

follows:

DT0 ¼ DTi
DTi P p50; c6 � 0:153;
p25 P DTi P p75; jcj < 0:153;
DTi 6 p50; c P 0:153;

������
8<
: ð5Þ

where i ¼ 1; . . . ; nT � 1. To estimate the threshold skewness value, we first computed

the skewness statistics for 104 simulated, normally distributed signals each of length

103. We then determined the values at which a hypothetical test c would be con-

sidered statistically different from the 104 skewness values, at the 5% significance
level. In other words, a c value greater than or equal to j0:153j is statistically different

from that arising from normally distributed data.

With the subset DT0 we estimate the mean interevent time as hDT0i where h�i de-

notes the average value. As outlined below, this crude estimate will serve as an initial

guess for the next event time.

3.2.2. Extraction step

The next step in the procedure is the actual interevent time extraction. Given an
event time, te, we want to find the most probable time of the next event in the series.

Initially, te ¼ t1. We form a normal probability density function f ðtjÞ to the right of

te, centred around l ¼ te þ hDT0i and with variance r2 ¼ hDT02i � hDT0i2
. This is

simply the variance of the interevent times in the subset DT0. Specifically, the density

is written as

f ðtjÞ ¼
1ffiffiffiffiffiffi
2p

p
r

exp
�ðtj � lÞ2

2r2

 !
ð6Þ

for tj > te, so that only times tj to the right of te are considered. This is an intuitive

restriction for, if we think of te as the present time, we cannot have the next event

occur in the past, tj < te.
Next, we determine the time t� corresponding to the highest probability density,

i.e.

f ðt�Þ ¼ max
j

f ðtjÞ ð7Þ

again for tj > te. This time t� is added to the set of probable event times, U. The
above extraction process is then repeated with the new starting event time, te ¼ t�.
Extraction is complete when te þ hDT0i > tnT i.e. the probable location of the next

step is beyond the end of the series. At the conclusion of the extraction process, we

will have a series U � T of the most probable successive candidate event times. The

interevent time series DU is obtained by simply taking the first difference of U such

that DUi ¼ uiþ1 � ui, i ¼ 1; . . . ; nU � 1, where nU is the cardinality of the set U. Fig. 2

portrays one iteration of the extraction process. Given a series of candidate event
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times T ¼ ft1; t2; . . . ; tnT g, the following is a summary of the probabilistic extraction

algorithm.

Estimation step:

1. Difference the given series to obtain a series of candidate interevent times, DT,

where DTi ¼ tiþ1 � ti, i ¼ 1; . . . ; nT � 1.

2. Create a subset DT0 � DT, according to the skewness of the distribution of inter-

event times DT.

3. Compute the initial estimate of the mean interevent time as hDT0i.

Extraction step:

1. For a given event time te, initially with te ¼ t1,
(a) Create a normal probability density function f ðtjÞ with l ¼ te þ hDT0i and

r2 ¼ hDT02i � hDT0i2
.

(b) Choose the time of the next event t�, such that f ðt�Þ ¼ maxj f ðtjÞ.
(c) In the unlikely event of a tie, f ðtkÞ ¼ f ðtlÞ ¼ maxj f ðtjÞ, tk < tl, break the tie

by choosing the later time, i.e. t� ¼ tl.
(d) Add t� to the set of probable times U.

(e) Set te ¼ t� and repeat Step 1 until te þ hDT0i > tnT .
2. Compute the set of interevent times, DU.

Fig. 2. One iteration of the extraction process. The horizontal axis represents time and the dots denote

candidate event times. The current event time under consideration is te and hDT0i is the initial estimate

of the mean interevent time. The probability density function f ðtÞ, centred around te þ hDT0i, is super-

imposed on the timing data. The most probable location of the next event is at time t�.
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3.3. Post-extraction filtering

The extracted set of probable interevent times, DU, may contain some outliers, i.e.

interevent times which are unphysiologically long or short. However, we cannot

blindly assume normally distributed event times when removing outliers. It is known
that certain interevent time series, such as interneuronal spike intervals, are naturally

positively skewed (Gerstein & Mandelbrot, 1964) due to underlying nonlinear dy-

namics. Hence, we must first check for violations of normality. One possible statis-

tical test is the v2 test which compares the sample histogram frequencies against

frequencies expected from a gaussian density (Bendat & Piersol, 2000). If normality

is satisfied, fit a normal density to the values in DU. If normality is violated, check

the skewness of the data in DU and fit a skewed density. In either case, discard values

outside of the 5th and 95th percentiles. Using the same notation as above, we thus
have

DU0 ¼ fDUijp5 < DUi < p95g ð8Þ

where p5 and p95 are determined according to the fitting density. In practice, we

have found that a shifted gamma density fits well with positively skewed stride

interval time series. The filtered series DU0 represents the final extracted interevent

time series.
Given a series of interevent times DU, the proposed post-extraction filtering pro-

cedure is as follows.

1. Using a standard statistical test, such as the v2 test, check that the values in DU
are normally distributed.

(a) If DU is normally distributed, fit a normal density to the data, i.e. determine

the mean and standard deviation.

(b) If DU is not normally distributed, check the skewness of the distribution. Fit
an appropriately skewed density, such as the c density, i.e. estimate the nec-

essary density parameters.

2. Based on the fitted density, determine p5 and p95.

3. Remove values of DU outside of the 5th and 95th percentiles to obtain the subset

DU0 � DU.

3.4. Relationship to rule-based extraction

To classify gait events, rule-based methods essentially partition the sample space

defined by the measurement variables. In the present case, we are concerned with a

single timing signal and hence the one-dimensional sample space is made up of all

possible time values. At each iteration of the probabilistic extraction algorithm,

we can interpret the probability density function as determining a single probabilistic

partition of the sample space. This partition can be viewed as a ‘‘rule’’ which favours

the candidate event time with highest probability.
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4. Example

We now illustrate the proposed interevent extraction method with a long gait time

series. The particular event of interest is heel strike and thus the interevent time is the

stride interval. As in the bottom graph of Fig. 1, the raw data are inherently noisy.
The goal is to accurately extract the stride interval time series from the raw data,

where ‘‘accurate’’ means agreement with manual extraction.

4.1. Methodology

The instrumentation included a FSR (Interlink Electronics), custom thresholding

circuitry and a portable data logger (Valitec AD128). Ten children with Spastic Di-

plegia (age 6:0 � 0:97 years) participated in the study in accordance with ethical
guidelines prescribed by the University of Toronto and Bloorview MacMillan Chil-

dren�s Centre, Toronto, Canada. A unilateral two-state footswitch signal, with the

high state signifying foot contact, was recorded over 10 min of walking in the 10 chil-

dren with Spastic Diplegia. This yielded 10 individual signals. For each signal, man-

ual and automatic extractions were carried out. Manual extraction involved the

painstaking process of picking out heel strikes by visual inspection of the raw foot-

switch signal. Two flavours of automatic extraction were realized, namely probabi-

listic and generic or nonprobabilistic. The former refers to the proposed method
while the latter simply involved the automatic extraction of all candidate events

(low to high state transitions) without any post-processing of the time series.

As in Pappas et al. (2001), accuracy of automatic extraction was determined by

comparing the results against the manually extracted time series. In particular, four

quantities were determined to gauge the agreement with manual extraction. These

were the number of extracted strides, the mean stride interval, the scaling exponent

and the mean squared error between manually and automatically extracted series.

Let S ¼ fs1; . . . ; sng represent an extracted stride interval series, with SA and SM de-
noting manually and automatically (by probabilistic or generic methods) extracted

series, respectively. The number of extracted strides is cardðSÞ, where cardinality,

cardð�Þ, is the number of elements in a set. The absolute difference between the num-

bers of strides extracted automatically and manually is thus given by

jcardðSMÞ � cardðSAÞj: ð9Þ
The mean stride interval is the mean of the series S, denoted as hSi. The absolute

difference between mean stride intervals of manual and automatic extraction as a

percentage of the former is

jhSMi � hSAij
hSMi

� 100%: ð10Þ

In Eqs. (9) and (10), absolute differences are taken to prevent the cancellation effect

of oppositely signed differences when computing averages.

The scaling exponent is a measure of the strength of the nonlinear dynamics in a

time series (Peng et al., 1994). See Hausdorff et al. (1995) for an implementable
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algorithm. That automatic extraction preserves these dynamics is critical to fractal

analysis of gait. Lastly, the mean squared error between two stride interval series,

SA and SM, is

1

n

Xn
i¼1

ðsM
i � sA

i Þ
2 ð11Þ

where n is the length of the shorter of the two series, i.e. n ¼ minðcard

ðSMÞ; cardðSAÞÞ. In our calculations, the two series are shifted with respect to each

other to minimize the mean squared error.

4.2. Results

Average performance measures for the different extraction procedures are sum-
marized in Table 2. The averages are computed over the respective measures for each

of the 10 signals. We find that for probabilistic and manual extractions, differences

in the number of extracted strides (p ¼ 0:94), the mean stride intervals (p ¼ 0:55)

and the scaling exponents (p ¼ 0:94), are not statistically significant as determined

by the nonparametric Kruskal–Wallis rank sum test. On the other hand, statistically

comparing the results of generic versus manual extraction reveals significant dif-

ferences in mean stride intervals and scaling exponents (p ¼ 0:034), but no signifi-

cant difference in the number of extracted strides (p ¼ 0:096). This last result may
be surprising, given that the mean numbers of extracted strides for manual (357)

and generic extraction (621) appear drastically different. However, the enormous

variability (�330) in the number of strides extracted by the generic method leads

to the conclusion of no statistical difference. The difference in mean squared error

between probabilistic and generic extractions is significant (p ¼ 0:023). Note that

mean absolute differences are reported for the first two rows in Table 2 to capture

both positive and negative deviations from manual extraction. The mean difference

can be misleadingly small due to the cancellation effect of oppositely signed differ-
ences. The average length of the stride interval series, that is the product of the mean

Table 2

Automatic extraction compared against manual extraction-average performance over 10 signals

Measure Manual Automatic

Probabilistic Generic

Mean no. strides 357� 161 361� 167 621� 330

Mean absolute difference be-

tween automatic and manual

– 20.3� 20.1 263.5� 210.0

Mean stride interval (s) 1.585� 0.394 1.463� 0.248 1.256� 0.624a

Absolute difference as per-

centage of manual (%)

– 6.7� 7.8 30.0� 18

Mean scaling exponent 0.714� 0.085 0.712� 0.116 0.635� 0.096a

Mean squared error with re-

spect to manual (s2)

– 0.69� 1.33 5.39� 13.24b

a Statistically different from manual extraction (p ¼ 0:034).
b Statistically different from probabilistic extraction (p ¼ 0:023).
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stride interval and the mean number of strides in Table 2 is generally much less than

10 min, the designated length of the walking trial. This reduction is due to the re-

moval of periods of nonwalking activity (e.g. resting) during the trial and to the elim-

ination of certain strides by the extraction process.

Fig. 3 details a 20 s segment of probabilistic and generic extractions. It is evident
from this graph that in the presence of noise, generic extraction erroneously detects

too many heel strikes. Fig. 4 portrays a 35 stride segment of the extracted series from

signal #9. Note the close agreement between the stride interval series due to proba-

bilistic and manual extractions. In contrast, generic extraction yields a wildly deviant

series. In Fig. 5, the number of strides extracted by each method are plotted for the

10 signals. On average, probabilistic extraction produced stride interval series within

20 strides of their manually derived counterparts. In contrast, generic extraction

came within 264 strides of manual extraction, on average. Due to large variability
in the number of extracted strides within each method, this difference is not statisti-

cally significant. Nonetheless, the absolute differences shed light upon how far ge-

neric extraction can potentially depart from the correct number of strides. Fig. 6

depicts the mean stride intervals for the stride interval series extracted from each

Fig. 3. Comparison of probabilistic and generic extraction of heel strike times. Both horizontal lines rep-

resent the time axis. The circles are the heel strike times identified through probabilistic extraction. The

diamonds indicate heel strike times selected by generic extraction. One can visually verify that probabilistic

extraction has isolated the most likely event times.
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of the 10 signals. Mean stride intervals of the probabilistic extracted series agreed

within 6.7% of the mean values obtained from manual procedures, compared to

an average 30% deviation in the generic extracted series.
In terms of extraction effort, the automatic probabilistic extraction algorithm re-

quired an average time of 1:1 � 0:31 s on a standard desktop computer (Pentium III,

600 MHz) whereas manual extraction required an average of 1:44 � 104 � 1:2 � 103 s

(4 h � 20 min). In other words, automatic extraction offered a time savings of four

orders of magnitude.

4.3. Discussion

4.3.1. Preservation of dynamics

The close agreement between manual and probabilistic extraction in terms of the

number of extracted strides, the mean stride interval and the mean scaling exponent

indicates that the series arising from probabilistic extraction is a faithful reflection of

the true interevent series. Of particular importance is the fact that the scaling expo-

nents are statistically equivalent, implying that probabilistic extraction does indeed

preserve the dynamics of the signal. The example also clearly illustrates that straight-

Fig. 4. A sample segment of extracted stride intervals.

508 T. Chau, S. Rizvi / Human Movement Science 21 (2002) 495–514



forward generic extraction is inadequate. While the numbers of extracted strides, due

to large variability, were not significantly different from manual extraction, the scal-

ing exponents were diminished significantly. This means that the nonlinear dynamics

of the original signal are lost by generic extraction and that the resulting signal is

more random (scaling exponent closer to 0.5) than the true stride interval series
(Hausdorff et al., 1996).

4.3.2. Robustness to long pauses

For long and noisy time series, manual extraction is not always 100% correct. The

manual process is susceptible to human error, especially after four hours of exhaust-

ing visual analysis. On several occasions, the manually extracted series contained ex-

tremely long strides, in excess of 5 s. It is likely that the participant stopped walking

or that the signal was lost and therefore this stride should be omitted from consid-
eration. However, it was difficult for the human analyst to continuously gauge the

absolute time scale and thus pauses in walking were erroneously added to the series.

With post-extraction filtering, probabilistic extraction is advantageous in this regard

as it automatically eliminates uncharacteristically long strides. For this reason, prob-

abilistic extraction often yielded slightly shorter stride interval series in comparison

with manually extracted series (Fig. 5).

Fig. 5. Comparison of number of strides extracted by manual, probabilistic and generic methods.
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4.3.3. Robustness to spurious short strides

Series extracted by the generic method were typically longer since they contained

many spurious events between actual heel strikes. Due to the large number of false heel

strike events and their proximity in time, the individual stride intervals and hence the
mean stride interval were usually shortest with generic extraction (Fig. 6). An intuitive

fix to generic extraction might be to simply remove outliers by discarding times outside

of a specified number of standard deviations from the mean. However, as exemplified

by the histogram of interevent times due to generic extraction for signal #6, the distri-

bution of times may be bimodal (see Fig. 7). Hence, conventional outlier removal will

generally not suffice. Probabilistic extraction automatically penalizes spuriously short

strides by assigning low probabilities to the corresponding false heel strikes. In select-

ing the time of the next heel strike, more ‘‘probable’’ events, i.e. those in the neighbour-
hood of the expected stride interval are favoured. Probabilistic extraction is therefore

robust to spuriously occurring false events.

4.3.4. Symmetry check justified

The example verifies that the post-extraction normality check is indeed necessary.

Of the 10 signals, 9 were substantially positively skewed with c P 1:84. Had we not

checked for normality, we would have erroneously admitted some uncharacteristi-

Fig. 6. Comparison of mean stride intervals.
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cally long stride intervals and possibly also eliminated some shorter, but valid stride

intervals. Based on the experimental results, probabilistic extraction appears to be a

viable alternative to manual extraction.

5. Concluding remarks

There are some limitations to the proposed method and some possible applica-
tions to other timing data.

5.1. Limitations

As extraction is based upon a single probability density function, the proposed

method implicitly assumes a single speed of walking. While this is a limitation, the

algorithm is robust to the inflated stride variability (21:2% � 12 of the gait cycle

on average) in the 10 signals used above.
The success of the extraction rests on the assumption that one can make a reason-

able initial estimate of the interevent time. Our rather simple method of retaining

Fig. 7. The interevent times from generic extraction applied to signal #6 are bimodally distributed. Con-

ventional outlier removal cannot be readily applied.
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data in the top 50 percentile may fail when the candidate event times are distributed

in a multimodal fashion. In practice, we found the method could handle bimodal

data provided the two modes were well separated. For more challenging event time

distributions, the use of domain knowledge could greatly improve extraction accu-

racy. In other words, instead of estimating the mean interevent time from the raw
data, one could use a known population value for the mean interevent time in

Eq. (6).

5.2. Extensions

While we have only discussed two-state timing signals, the proposed technique

could conceivably be applied to long analog traces, such as accelerations or joint an-

gles. One would simply need to develop an appropriate method of extracting the can-
didate event times from the analog records. An example approach might be the

isolation of times corresponding to successive signal peaks or valleys. Once these

candidate event times are available, the probabilistic extraction algorithm could be

applied verbatim.

The proposed technique could also be extended to detect other quasi-periodic gait

events, particularly, in the study of pathological gait, such as cerebral palsy, where

events may be occasionally missing or incomplete. Example events within the stance

phase, might include heel-contact, foot-flat and toe-off. Hence, the method could be
used to estimate other relevant temporal gait parameters such as single stance time

and duration of swing phase (unilateral). If bilateral signals were recorded, double

stance time could also be extracted.

Probabilistic extraction could conceivably be applied to other physiological data

consisting of quasi-periodic events occurring over long time series. Examples include

heart beat intervals (Goldberger et al., 1999), breathing rate time series (Szeto et al.,

1992) and blood pressure fluctuations (Hughson, Maillet, Dureau, Yamamoto, &

Gharib, 1995).

5.3. Conclusion

In this paper, we proposed a conceptually simple and easily implementable

probabilistic stride interval extraction technique for long and noisy gait timing sig-

nals. The utility and robustness of the method was illustrated with 10 timing sig-

nals recorded from children with Spastic Diplegia. Close adherence to laborious

manual extractions was demonstrated in terms of stride numbers, mean stride
times and scaling exponents. The probabilistic extraction algorithm is compatible

with data collected from standard gait lab equipment (generic footswitches and

an off-the-shelf, entry level portable logger), foregoing the need for expensive cus-

tom hardware. In turn, this may facilitate more widespread study of fractal dynam-

ics in human movement research, a pursuit that has already led to deeper

understanding of movement coordination, control and pathology (see for example,

Duarte & Zatisiorsky, 2001; Schmeisser et al., 2001; Miyazaki et al., 2001; Haus-

dorff et al., 1997).
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