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ABSTRACT
There is evidence that many cognitive conditions affect the
human motor system. Gait analysis has lately been used
as a means of studying this physical-cognitive correlation.
The development of gait analysis systems, able to record
and analyze gait during normal daily activities and in uncontrolled environment, is an important addition to this
area of research. Lately, linguistic approaches have been
studied as means to achieve activity classification from vision sensors. The present work aims to extend the linguistic approach to achieve quantitative analysis of gait from
accelerometer data. The proposed method can be used to
extend the Human Activity Language framework to include
the analysis of inertial sensors such as accelerometers. Results show that the proposed method is more accurate and
robust than previous methods and can be used to extract a
number of clinically relevant gait measurements. A novel
symmetry index is presented to exemplify how the proposed method is able to extract more information from accelerometer signals than previous methods.
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1

Introduction

Understanding the relationship between physical performance and cognitive condition is important for the development of motion-based cognitive assessment systems.
Such systems could improve the diagnosis and assessment of cognitive conditions given that movements are easier to record and analyze than the workings of the brain.
Sometimes, this physical-cognitive correlation is clear, e.g.
Parkinson’s Disease. However, in general, this link is subtle and hard to observe. Gait analysis studies have uncovered correlations between gait measurements and the onset
of dementia and other cognitive impairments [1]. Further
developments in this research area are needed, and they depend on tools for recording and analyzing human motion
data.
Recent works in human motion analysis have explored the use of linguistic approaches, based on symbolization and subsequent analysis of symbol patterns and distributions. Drawing a parallel with natural languages, the

Nicholas Wickström
School of Information Science,
Computer and Electrical Engineering
Halmstad Suniversity - Sweden
email: nicholas.wickstrom@hh.se
symbols correspond to letters and the different movements
are expressed by different words and sentences, which
can be created by combining symbols according to certain
grammar rules. Guerra-Filho et al. [2] have developed
a framework for the Human Activity Language (HAL),
which expresses how the required grammar can be extracted from symbolized data. The HAL implementation
suggested by Guerra-Filho et al. was based on motion capture data.
Although motion capture systems can provide accurate description of movements, they are fixed to a certain
environment and can only be operated by specially trained
personnel. These systems cannot accurately capture normal daily activities in uncontrolled environments. Therefore, unobtrusive, wearable systems are important for the
analysis of movements in “real-life”. These wearable systems are normally composed of inertial sensors such as accelerometers and gyroscopes.
The present work applies a linguistic approach to analyze accelerometer data for gait analysis. The contributions
of this work include a segmentation technique that can be
used to adapt HAL to inertial sensor data, extending its usage to wearable systems. The proposed method achieves
quantitative analysis of gait from symbolized data, as opposed to previous linguistic approaches focused on activity
classification. The proposed method is used to accurately
extract heel-strike and toe-off events from the accelerometer data. In addition, this paper exemplifies with a new
gait symmetry index how the linguistic approach can extract more information from the acceleration signal than
previous works.

2

Related Work

Gait analysis has brought forth some evidence of the link
between physical and cognitive condition. For example,
slower walking speed due to decreased stride length and
increased double support time, and step-to-step variability
have been shown to differ between patients with dementia
and healthy subjects [1, 3]. Also, Verghese et al. [4] conducted a five-year longitudinal study and determined that
quantitative gait measurements related to pace, rhythm, and
variability can predict future risk of cognitive decline and
dementia in initially non-demented older adults.

The state of the art gait analysis (kinematics) methods
make use of motion capture systems, ground force reaction
plates, and elaborate software to reconstruct a complete 3D
trajectory of the subject’s body [5]. From this model any
quantitative gait measure can be extracted. However, these
systems are fixed to a certain environment (room) and can,
typically, only analyze a few consecutive steps at a time. In
addition, patients may act differently under such controlled
situations and certain “real life” episodes may not be observed.
Therefore, the development of wearable sensors, able
to continuously record and assess activities in uncontrolled
environments, is an important addition to this research
field. Previous works on wearable activity monitoring systems have mostly employed inertial sensors such as accelerometers [6, 7], and gyroscopes [8, 9]. The present
work considers accelerometers as motion sensors due to
their low cost, low power consumption and small size.
Previous gait analysis studies using accelerometers
have mainly focused on either the identification of gait
phases, or the classification of walking patterns. Identification of gait phases is normally achieved through detection
of particular events in time such as heel-strike (HS) and
toe-off (TO), e.g. [10]. These studies are typically based
on techniques such as thresholding or peak detection, e.g.
[11, 6]. Supervised machine learning techniques, such as
Artificial Neural Networks (ANN), have also been used,
e.g. [12]. The methods concerned with identifying gait
phases normally convey only temporal information about
the signal and do not provide information about how the
subject’s feet are moving through space.
The other group of methods, on the other hand, aims
to classify walking patterns based on certain dynamics of
the walk: walking cadence, if the subject is walking up or
down stairs, running, e.g. [13]. These studies normally
involve methods based on sliding-window statistics [14],
time-frequency analysis [15], wavelet decomposition [16],
and/or ANN [17]. This class of methods is able to describe,
to a certain extent, how the subject is walking. However,
the phases of gait are overlooked and the information obtained from such methods is insufficient for clinical gait
analysis applications. In contrast to both groups of previous studies, the present work aims to simultaneously extract both temporal events and dynamic characteristics in
order to perform gait analysis for clinical applications.
Many studies have investigated the use of linguistic approaches to human motion analysis. Linguistic approaches are based on symbolization followed by an analysis of how different symbols are combined according different activities. An important practical advantage of working
with symbols is that the efficiency of numerical computations is greatly improved, i.e. compression. Also, symbolic
data is often less sensitive to measurement noise. Although
it is not obvious that a symbolic approach is useful when
dealing with systems having continuous state spaces, many
previous works have used symbolic transformation of continuous data with great success [18]. Another advantage of
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Figure 1. Example of accelerometer gait data and the corresponding phases of gait.
linguistic approaches is the possibility to use context-based
analysis. A classic example of context-based analysis is
Optical Character Recognition, where the uncertain individually classified characters in a word are checked against
a list of possible words. A similar context-based analysis
can be performed on motion data if the possible symbol
patterns are identified.
Previous linguistic approaches have expressed visual
data in terms of symbols, then classified patterns into one
of a few pre-defined labeled patterns (activities). e.g.
[19, 20, 21]. Guerra-Filho el al. [2] went one step further and created a framework for the Human Activity Language (HAL), which concerns the representation of human
movement in terms of atomic visuo-motor primitives. They
introduced the concept of kinetology, the phonology of human movement, and illustrated how HAL can describe a
number of different activities using motion capture data.
The present work contributes to this research area in two
main ways: it applies a linguistic approach to analyze accelerometer data; and it aims at the quantitative analysis of
gait patterns, instead of activity classification.

3

Method

The method proposed here aims to extract not only temporal information about HS and TO instances, but also dynamic information about walking patterns from acceleration signals. This is achieved through symbolization of the
signal, and analysis of the context and distribution of each
symbol. An example of typical accelerometer gait data and
the phases of gait in illustrated in Figure 1.
3.1

Symbolization

The symbolization of the signal is illustrated in Figure 2.
After filtering the acceleration signal with a low-pass FIR
filter with cut-off frequency 20
pHz, the resultant acceleration is computed: Ares =
A2x + A2z , where Ax and
Az are accelerations in the accelerometer’s local coordinate
system. The “sideways” acceleration axis was not considered because the subjects walked a straight line (See Section 4 for details about the experimental setup). The acceleration signal was segmented with a piecewise linear ac-
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Figure 2. Symbolization. Graphical representation of the
steps taken towards symbolization of the signal.

celeration method, implemented as described in [22]. The
features extracted from each segment were: mean segment
variance of the resultant acceleration, var;
¯ mean segment
¯ x and accel
¯ z ; the tangent
acceleration on both axes, accel
of the angle between the approximated line segment and
the horizontal axis, α; and the number of samples in the
segment, w.
The segment features were standardized (zero mean
and unit standard deviation) and divided into different
groups using k-means clustering with randomized initial
conditions. Clustering was performed considering from 2
to 10 clusters. The optimum number of clusters was chosen based on the minimum Davies-Bouldin index [23]. The
limit of 10 clusters was chosen because most of the initial
trials resulted in less than 10 clusters. A unique symbol
was assigned to the segments within each cluster. For simplicity, the symbols are integers contained in the interval
between 1 and the number of clusters.
3.2

Context Analysis

The physical characteristics of the system are reflected on
the symbolic data as certain symbol sequences or symbol
distributions. These observations were incorporated into
the model in order to find the symbols corresponding to
HS and TO. The algorithm is divided into three main steps:
finding relevant symbols, hypotheses testing, and estimating “likeliness”, as illustrated in Figure 3.
Relevant symbols are symbols which are likely to express striking characteristics of the original signal, such
as HS and TO, and are expected to appear approximately
once every cycle. Symbols with period similar to or half of
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Figure 3. Context analysis. Graphical representation of
the steps taken towards context analysis of the signal.

the estimated stride period are considered relevant symbols.
For every possible pairwise combination of relevant symbols, a hypothesis is created that one symbol corresponds
to HS and the other to TO. These hypotheses are tested according to the assumption that stance lasts over 50% of the
stride time, and swing of one foot can only take place during stance of the other foot. The hypotheses which fail to
comply to these assumptions are discarded. The remaining
hypotheses are ranked according to how likely their are to
be true based on the following gait characteristics:
1. During normal walk, approximately 60% of the total
stride time corresponds to stance;
2. TO is reflected on the resultant acceleration signal as
a peak;
3. HS is reflected on the resultant acceleration signal as
a valley and large variance;
4. The foot moves the least at mid-stance;
Each characteristic is represented by a fuzzy membership function which maps measures such as average symbol
acceleration and variance to a likeliness value. The most
likely hypothesis is considered true, and HS and TO are
identified. The reader is referred to [24] for more details.
3.3

Gait Measurements

Once HS and TO have been identified, a number of clinically relevant gait measurements can be computed [8].
This paper will focus on measures of gait symmetry. A
commonly used clinical measure of symmetry is the relative difference between stride times of both feet: SI =
TR −TL
100, where TR is the average stride time for the
1
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right foot and TL is the average stride time for the left foot
[25].
According to SI, the closer the absolute value is to
zero, the more symmetric the walk. Although a negative
value indicates that the left foot is slower than the right
foot, a slower stride time does not indicate a more abnormal
movement and the “affected” side cannot be determined.
The value for this index ranges from -200 to 200 and, in
practice, a correspondence between this index and quality
of gait is unclear. This measure of symmetry only takes
into account the average stride time for each foot. If the
subject limps but manages to keep the same cadence, the
SI index will not consider this to be an asymmetric walk.
The symmetry index described above takes only temporal information into account. A more informative index
can be computed from the symbolized data. After the segments are clustered into Z symbols, S = {S1 , S2 , ...SZ },
the symbol sequence corresponding to the original data
is analyzed in terms of its transition periods. Transition ij refers to the moment when symbol i ends and
symbol j begins. Histograms of the symbol transition
periods are calculated for all possible transitions, i.e.
{(S1 , S2 ), (S1 , S2 ), ...(Si , Sj ), ...(SZ , SZ )}. The calculus of transition histograms is exemplified in Figure 4.
The symmetry index based on the transition histograms,
SIsymb , is computed according to:
PZ
SI symb =

1
i,j=1 nij
PZ
1
i,j=1 nij

PK

|hRij (k) − hLij (k)|

PK

|hRij (k) + hLij (k)|

k=1
k=1

100,

where Z is the number of symbols; K is the number of
bins in the histograms; nij is the number of non-empty
histogram bins for transition ij; hRij (k) is the normalized
value for bin k in the transition histogram ij for the right
foot; and hLij (k) is the normalized value for bin k in the
transition histogram ij for the left foot.
The SI symb ranges from 0 to 100, where 0 means to-
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Figure 5. Histogram analysis. Example of histogram analysis for one particular pair of transition histograms. The
symmetry index is a combination of this analysis for all
transitions.

tal symmetry and 100 means complete asymmetry. SI symb
takes into account not only temporal information but also
the dynamics of the movement. SI symb can be interpreted
as a comparison between the distributions of the transition
periods of both feet. Figure 5 illustrates the histogram analysis for one pair of transition histograms. The SI symb index demonstrates one way in which the symbol abstraction
used in this method can be used to extract meaningful dynamics information from the sensor data.

4

Experimental Set-up

Gait acceleration data was collected in order to investigate
the use of the proposed method for gait analysis. The hardware used for the experiments consisted of:
• Two SHIMMER sensor nodes [26] each equipped
with one tri-axial accelerometer, which is sampled at
50Hz and the data is streamed continuously via Bluetooth to a nearby computer.
• A six-meter-long Gold Gait Rite pressure sensitive
mat [27], sampling at 60Hz. The Gait Rite has its own
software for detecting HS, TO and other temporal gait
measurements from the pressure sensitive mat. The
Gait Rite is only used to provide a reference signal, it
is not part of the proposed method.

Six subjects participated in the experiments. The subjects had the SHIMMER nodes attached to both shins, close
to the ankles. When the subject was standing still, the z
axis of the accelerometer corresponds to the vertical axis,
and the x axis corresponds to the horizontal axis tangential
to the subject’s sagittal plane, as illustrated in Figure 6.

Z

X
Figure 6. Accelerometer’s local coordinate system
The subjects were asked to walk a straight line on the
pressure mat according to three different instructions: 1) to
walk at a comfortable self-paced speed, normal walk data
set; 2) to walk at a very slow speed taking shorter steps,
slow walk data set; and 3) to walk as comfortably as possible while having the right knee immobilized with a brace
in order to simulate limping, limp walk data set. The average number of steps per subject used in the analysis was
9.5 for normal walking, 15.3 for slow walking and 9.5 for
limp walking.
The data obtained from the pressure mat was used
as ground truth for heel-strike (HS) and toe-off (TO) instances. The proposed method was applied so as to create
subject-independent “normal” symbols, as follows. The
“normal walk” data sets of 3 randomly chosen individuals were combined, segmented and clustered, resulting in 7
symbols. The centers of these clusters were used to symbolize the remaining data sets into equivalent symbols. All
data sets were submitted to the context analysis in the exact
same way.
In order to evaluate the performance of the proposed method with regards to previous approaches, a peakdetection based method for detecting HS and TO was implemented [28]. This method was chosen over a more recent work [6] because it is based on the same principles but
seems to be less dependent on optimizing parameters, and
therefore more robust to different data sets. The method
presented in [28] was implemented with a slight modification in order to cope with difference in sensor placement.
At each iteration, the interval used to narrow down on the
location of the peaks was changed to a window ten-samplewide centered at the previous peak location. All data sets,
were submitted to the peak-detection analysis in the exact
same way.
The symbol-based symmetry index, SIsymb , was
computed for all three data sets. In order to evaluate the
information conveyed by the symbol-based index, the symmetry index, SI, based on [25] was also computed from

the ground truth data, i.e. data from the pressure sensitive
mat.
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Results

The detected HS and TO instances, both from the proposed
method and from the peak detection method, were compared to the ground truth data from the pressure sensitive
mat. The resulting mean error and standard deviation for
each data set, in seconds, are presented in Tables 1, 2, and 3.
The number of false positives and false negatives are shown
in Table 4.

Method
Linguistic
approach
Peak
detection

Normal walk data
mean (standard
Event
deviation)
HS
0.05 (0.05)
TO
0.03 (0.02)
HS
0.05 (0.02)
TO
0.04 (0.03)

confidence interval
95%
[-0.06, 0.15]
[-0.01, 0.07]
[0.02, 0.09]
[-0.01, 0.10]

Table 1. Mean error in seconds and standard deviation for
the linguistic approach and peak detection method on the
normal walk data set. The average stride time for this data
set is 1.01s.

Method

Event

Linguistic
approach

HS
TO
HS
TO

Peak
detection

Slow walk data
mean (standard
deviation)
0.10 (0.11)
0.09 (0.15)
0.30 (0.13)
0.29 (0.18)

confidence interval
95%
[-0.12, 0.32]
[-0.20, 0.37]
[0.05, 0.55]
[-0.07, 0.66]

Table 2. Mean error in seconds and standard deviation for
the linguistic approach and peak detection method on the
slow walk data set. The average stride time for this data set
is 1.46s.

Method

Event

Linguistic
approach

HS
TO
HS
TO

Peak
detection

Limp walk data
mean (standard
deviation)
0.10 (0.07)
0.09 (0.08)
0.14 (0.05)
0.12 (0.05)

confidence interval
95%
[-0.03, 0.22]
[-0.07, 0.24]
[0.045, 0.25]
[-0.02, 0.22]

Table 3. Mean error in seconds and standard deviation for
the linguistic approach and peak detection method on the
limp walk data set. The average stride time for this data
set is 1.04s.
Table 1 shows that both the linguistic approach and
the peak detection methods may be used to detect HS and
TO instances from gait acceleration data during “normal
walking” with small errors. Considering the sampling frequency of 50Hz, the mean errors correspond to approximately 2 accelerometer samples. Table 2 indicates that,

slow
walk
0
17
3
16
184

limp
walk
2
6
2
2
144

subject-independent analysis
100

reference data
0.3

90

0.2

80
70

0.1
SIsymb

Linguistic false positives
approach false negatives
false positives
Peak
detection false negatives
total number of events

normal
walk
0
2
1
18
144

SI

data set

0

60
50
40

Table 4. Number of false negative and false positive HS
and TO detections, for the linguistic approach and peak detection method.

-0.1
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Discussion

In all cases, the symbolic approach performs equally well
or better than the peak detection algorithm. The peak detection results are slightly poorer than the results reporter
by [6]. Considering that no parameter optimization was
undertaken for this implementation of the peak detection
method, results are consistent with previous findings.
Tables 1, 2, and 3 show that the proposed symbolic
approach is robust to different data sets. Although the algorithm was designed to analyze normal walking, it provided
reasonable estimates of HS and TO for both slow and limp
walk data sets. The peak detection method, on the other
hand, performed considerably worse on these two data sets.
This can be explained by the fact that slow walk generates

20
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-0.3

for the slow walk data set, mean errors correspond to approximately 7% and 20% of the average stride time for the
linguistic approach and for the peak detection method respectively. Table 3 shows that, for the limp walk data set,
mean errors correspond to approximately 10% and 13% of
the average stride time for the linguistic approach and for
the peak detection method respectively. Table 4 shows that
the peak detection method detected approximately twice as
many false positives and negatives than the linguistic approach.
The symmetry indices were calculated for each subject and each data set. The distributions of the symmetry indices within each data set are shown as box-plots
in Figure 7. A more detailed plot in Figure 8 shows the
corresponding symmetry indices for each subject whithin
all three data sets. The symmetry index SI judged the all
the data sets as equally symmetric. An ANOVA test indicated that the SI distributions for normal, slow and limp
walk were not significantly different, p = 0.3673. In
contrast, the symbol-based symmetry index SI symb consistently judged the normal, slow, and limp data set as progressively less symmetric. An ANOVA test indicated that
the SI symb for normal and limp walk data set distributions
were significantly different at a 95% confidence interval,
p = 0.0066. For all subjects, the SI symb is consistently
higher for the limp data set than for the normal data set, as
depicted in Figure 8.
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Figure 7. Symmetry indices. The left-hand-side plot
shows the traditional symmetry measure which takes into
account only average stride times. The right-hand-side
plot shows the symbol-based symmetry index, which takes
into account static and dynamic characteristics of the signal. The thick horizontal line corresponds to the median;
the lower edge of the box corresponds to the lower quartile; the upper edge of the box corresponds to the upper
quartile; the lower “whisker” corresponds to the smallest
non-outlier value; the upper “whisker” corresponds to the
largest non-outlier value; and outlier values are represented
with crosses.

Figure 8. Symmetry indices for each subject. The lefthand-side plot shows the traditional symmetry measure, SI,
and the right-hand-side plot shows the symbol-based symmetry index, SI symb , for all three data sets. Each subject
is identified with a different marker. For all subjects, the
SI symb is consistently higher for the limp data set than for
the normal data set.
much smaller accelerations and milder peaks, which were
harder to detect without altering the filtering frequencies
and optimizing parameters. Table 4, also indicates that the
linguistic approach performs better than the peak detection
method. That is because the proposed method searches for
the “best match” between symbols and HS or TO, reducing
the number of false positives and false negatives.

Another advantage of the proposed method is its ability to extract more symmetry information than the traditional symmetry index, SI. The SI results, illustrated in
Figures 7 and 8 show that this index failed to differentiate
the different walks according to symmetry. Whereas The
symbol based symmetry index SIsymb was able to overlook the temporal symmetry and detect the overall asymmetry of the feet’s movements. Slow walk was probably less symmetric than normal walk because the subjects
needed to make a conscious effort to change their walking
pattern, sometimes oscillating between their normal speed
and a slower speed. Although the information conveyed by
the symmetry indices are not equivalent, this analysis exemplifies how the SI index fails to extract dynamic information by only taking into account temporal measurements
of HS and TO.
The method presented here is totally automatic and
does not depend on labeled training data as do most previous linguistic approaches. In addition, the symbolic representation of the signal allows for direct comparison of symbol sequences between subjects, or the evolution of symbol
sequences for the same subject over time.
Only one accelerometer per foot was used for the experiments because the envisioned system is to be embedded
into the patient’s shoes. Although the use of more sensors
could improve the accuracy of the analysis, the authors believe that the final system would become too cumbersome
to wear. When considering other applications, however, the
method can support as many sensors as desired with small
modifications to the “context analysis” phase. The intended
application should also be taken into account when comparing gait analysis methods. Although the amount of information this method extracts from the signal is minimum
compared to motion capture systems, it is as precise and
more informative than other currently employed gait analysis systems such as the Gait Rite.
The symbolic approach explored here can be seen as
an extension for HAL framework, which enables the use
of the methodology presented in [2] on accelerometer data.
Other contributions include the use of symbolization in order to extract quantitative gait measurements instead of activity classification; and the creation of a more informative
symmetry index.

7

Conclusion

This paper presented a linguistic approach to analyze gait
using wearable accelerometer sensor nodes. Compared to
previous works, the proposed method can, not only detect
HS and TO more accurately, but also extract dynamic information from the signal. The characterization of the signal
in terms of its dynamics was here exemplified with a novel
symbol-based symmetry index. Other contributions of this
work include the use of expert knowledge instead of relying on supervised learning techniques and labeled training
data, and extracting quantitative measurements from the
symbolized data. The symbolization technique suggested

here can be used to pre-process acceleration data before
using the HAL framework to extract syntax and grammar
rules from the symbolized data.
The method proposed here targets wearable sensors
systems, which can be used to monitor the quality of gait
of older adults and provide insight into their cognitive condition. Orthopedic patients in general, amputees and others suffering from ambulatory dysfunction can also profit
from such a system. Future investigations include a clinical study which will validate the proposed method and the
symbol-based symmetry index on real patient data.
The proposed method was here applied to accelerometers, however, this approach may be extended to other
types of continuous sensor data. Once the characteristics
of the system are understood, rules can be designed to detect relevant events in any type of time series, e.g. from
ECG to seismographic data.
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