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Abstract
Despite the many advancements in human motion analysis, this is still a challenging
research subject, specially on what concerns the analysis of inertial sensor data. This
document presents a review of current motion analysis methods, identifies their shortcomings, and proposes new paths for improving the analysis of inertial sensor data.
The proposed solution is based on a linguistic approach and aims at: 1) finding an
appropriate representation technique for movements; 2) including expert knowledge as
a substitute for supervised training; and 3) characterizing movements based on the
different levels of abstraction involved. This report introduces the proposed approach,
discusses the possible paths to its development and its contributions to the research
community.
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Introduction

From a technological point of view, human motion analysis opens way for a number of
applications in fields such as tele-monitoring and human-machine interaction. Some of these
applications could be: monitoring the eating habits of a patient at home (Amft et al., 2005);
supervising rehabilitation exercises at home (Jovanov et al., 2005); or creating accessible
computer interfaces for disabled patients (Starner et al., 2000).
Motion analysis systems may be mainly characterized as mobile or stationary, according
to the type of sensors employed. Stationary systems are mostly based on vision sensors, which
can be very accurate but are limited to a specific room or area equipped with sensors. Mobile
systems are composed of inertial sensors, which can be placed in garments or embedded in
portable objects. They have potential for a much larger reach than stationary systems, but
a lot of development is still needed in order to achieve their full potential.
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This work focuses on improving the analysis of motion data from inertial sensors in order
to contribute to the development of wearable sensor systems. More specifically, this document
aims at identifying the shortcomings of available systems and hypothesizing about possible
paths for improvement.
The rest of this documents is organized as follows. Related work is presented in Section 2;
the identified problem is stated in Section 3; the proposed approach to solve this problem is
explained in Section 4; preliminary work which led to this proposal is explained in Section 5;
future work is presented in Section 6; and finally, Section 7 concludes this document.

2

Related Work

This section will not present an endless list of related published papers, such a list would
never be complete and representative of the whole field of movement analysis. Instead, it
will analyze previously published works and structure them in a generalized framework.

2.1

Framework

The framework presented here is limited to motion analysis techniques, that is, those techniques concerned with analyzing human movements per se, disregarding the environment.
One example of what will be considered here is the classification of different activities from
inertial sensor data, e.g.(Bao & Intille, 2004). On the other hand, tracking a specific person
in a video sequence, e.g.(Hampapur et al., 2005), is out of the scope.
Previously published works on motion analysis are spread out over many different research
areas. The many available options of sensors and analysis methods also help contribute to
a highly diversified body of work. The main common thread through so many different
applications and research areas is the motion data itself. Therefore, the framework presented
here is organized in terms of data abstraction levels.
Abstraction levels are discriminated according to the type of information they contain.
Low abstraction levels contain data in a format which is difficult for a human to interpret,
whereas high abstraction levels contain information which is easily mapped to human concepts. The lowest abstraction level considered here is raw data, followed by features. A
slightly higher abstraction level is atomic patterns, which may be combined into composite
patterns creating an even higher abstraction level. At the highest level are actions, in terms of
action verbs closely coupled to our human concepts. Figure 1 illustrates the considered levels
of abstraction in ellipses, and commonly used general data analysis approaches in boxes.

2.2
2.2.1

Data Abstraction Levels
Raw Data

Raw data refers to the data acquired directly from the sensors. As previously mentioned,
there are two main types of motion analysis systems: fixed and mobile. Fixed systems
are typically composed by vision sensors. The data acquired from such sensors could be
video sequences e.g. (Weinland et al., 2006); or 3-dimensional trajectories of certain markers
placed on the subject’s body, i.e. motion capture systems (Gehrig & Schultz, 2008). Fixed
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Figure 1: Visual representation of the framework. The diagram illustrates the different levels of motion data
abstraction in ellipses and commonly used data analysis approaches in squares. The arrows represent how
one abstraction level can be transformed into another through certain data analysis and processing methods.
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systems can also be composed of pressure sensitive mats, and infrared sensors. Pressure
sensitive mats are particularly useful for clinical gait analysis (McDonough et al., 2001), and
biometric identification through gait (Jung et al., 2003). Mobile systems, on the other hand,
are typically composed of inertial sensors such as accelerometer, e.g.(Mathie et al., 2004);
gyroscopes, e.g.(Zhu et al., 2008); goniometers, e.g.(Gibbs & Asada, 2005); and pressure
sensors, e.g. (Zhang et al., 2005).
Independent of the type of data considered, raw data must be processed in order to convey
relevant information. As illustrated in Figure 1, the next level of data abstraction is features,
which can be achieved through segmentation followed by feature extraction. Raw data may
also be transformed through symbolization and motif discovery into atomic patterns.
2.2.2

Segmented and Symbolized Data

There are two intermediate abstraction level represented in Figure 1, data segments and
symbolized data. These are considered the outputs of segmentation, e.g. (Zhou et al.,
2008), and symbolization, e.g. (Daw et al., 2003), respectively and they will not receive too
much attention here. However it is worth noting that data segments may serve as input to
clustering.
2.2.3

Features

Features are here defined as specific measurable heuristic properties of the different movements under study. That is, variables which in some way are able to convey information about
different movements. Features are typically obtained from the temporal and/or frequency
domains.
Features are typically used to represent segments of the original signal. The main reason
for using specific features to characterize segments is so similarities can be found between the
different segments, under the assumption that similar segments correspond to similar movements. Another reason for using features is to reduce the amount of data to be considered,
i.e. a segment of length M can be represented by N features, with NM. The grouping of
these similar features (and therefore segments) is normally achieved through clustering.
The use of features to represent motion data is specially relevant to clinical applications,
where unhealthy subjects are to be differentiated from healthy ones. Many examples are
found within gait analysis studies. Aziz and Arif (Aziz & Arif, 2006) have used a normalized corrected Shannon Entropy of symbolized gait data (joint angular displacement) as a
measure of complexity of gait pattern. This feature was shown to be significantly different
between healthy and neurodegenerative disease patients (Aziz & Arif, 2006). More recently,
Schuartz and Rozumalski (Schuartz & Rozumalski, 2008) proposed a Gait Deviation Index
by comparing a set of features from patient data and average values from control patients.
2.2.4

Atomic Patterns

Atomic (or primitive) patterns are the shortest subsequences of the original data which
represent specific movements and/or can be combined to represent complex movements.
The form of these atomic patterns is highly dependent on the type of data being used and
the overall goal of the system. Some examples of atomic patterns are short sequences of
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symbolized data, e.g.(Minnin et al., 2006), or certain sets of features, e.g.(Zhu et al., 2008).
When dealing with video images, patterns may also be certain “key” frames, e.g.(Li et al.,
2008).
The main idea behind defining atomic patterns is that human movements are complex
but can be decomposed into a number of basic forming patterns, much like in a language,
words are compositions of letters. This link between language and movement is supported
by the mirror neuron theory (Rizzolatti & Craighero, 2004) which state that the same brain
mechanisms are used when observing and when performing an action. This means that there
is a tight link between our abstract concepts of actions and the motor mechanisms which
perform them. Lately, motion analysis research have been trying to explore language-based
approaches order to find an effective and general representation for motion data (Guerra-Filho
& Aloimonos, 2007).
2.2.5

Composite Patterns

Once the atomic patterns have been identified, they can be either directly used to classify
actions or combined to form composite patterns. The organization of composite patterns has
lately been investigated through state-space analysis, e.g.(Li et al., 2008), and/or hierarchical
clustering techniques, e.g.(Ogale et al., 2007). Once again, drawing a parallel with natural
languages, if the atomic patterns are letters, then composite patterns are words, and the
methods used to create composite from atomic patterns are the grammar (Guerra-Filho &
Aloimonos, 2007).
2.2.6

Actions

Once atomic and composite patterns have been identified and properly represented, they can
be matched to a data base of labeled templates. Action labels are normally verbs used to
describe actions. Such a data base would normally contain one template for each action we
would like to identify.
We would like to emphasize at this point the difference between characterizing a movement
and classifying a movement. When we characterize a patterns we describe it terms of certain
known features. When we classify a pattern, we are finding which of a pre-determined set
of classes is the most similar to the pattern we are analyzing. For example, one may decide
someone is walking slowly by analyzing the velocity of the walk (characterization), or one
may train a classifier with 2 classes, slow walk and fast walk. However, when the classifier
indicates that a pattern corresponds to slow walk, there is no way of knowing what makes it
slow, only that this patten is somehow more similar to the patterns in the slow walk category.

2.3
2.3.1

Commonly used methods
Symbolization

Symbolization deals with representing the original signal as a sequence of more general symbols, typically by using less quantization levels. The choice of quantization boundaries may
depend on the different characteristics to be imposed on the final symbols. The most frequent
choices are equidistant or equiprobable symbols.
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Symbolization improves motion analysis by removing noise and outliers from the data
while keeping its most striking dynamics. For a more detailed review on symbolization of
time series, the reader is directed to (Daw et al., 2003).
Recently, a symbolization method called Symbolic Aggregate Approximation (SAX) has
been shown to possess several interesting features for symbolizing time series. The most important characteristics of this method are the ability to reduce the dimensionality/numerosity
of the original data, and the ability to provide a distance measure which is a lower bound for
the corresponding distance measure defined for the original signal (Lin et al., 2007).
2.3.2

Segmentation

Segmentation divides the continuous signal in the temporal dimension into manageable sized
chunks. It is worth noting that the segmentation and symbolization differ on the dimension
where the the signal is divided. Segmentation occurs on the temporal dimension whereas
symbolization occurs on the quantization values of the dependent variable.
Many automatic solutions to the segmentation problem have been proposed. One approach is piece-wise linear segmentation, e.g. (Keogh, 2004), which tries to fit line segments
over the original data. Yet another approach is to use signal characteristics such as zero
crossings, e.g.(Guerra-Filho & Aloimonos, 2007), or variance, e.g.(Zinnen et al., 2007).
When dealing with video images, one common segmentation technique is based on key
frames, where the amount of movement from one frame to the next is minimum, e.g.(Weinland
et al., 2006). Another technique based on clustering was introduced in (Zhou et al., 2008).
There are also manual approaches to segmentation, where the designer/user decides by hand
where a certain movement begins and where it ends, e.g.(Bao & Intille, 2004).
2.3.3

Feature Extraction

The choice of features is very important to ensure a good representation of the movements
in question. Typically, features are chosen by trial and error. One common practice is to
use Principal Component Analysis (PCA) to find the most representative directions in the
feature space and reduce the dimensionality of the data, e.g.(Ben Abdelkader et al., 2001).
2.3.4

Finding Motifs

The success of the system highly depends on the choice of atomic patterns. As mentioned previously, this choice depends on the type of data being used and the overall goal of the system.
One common approach in the literature is to automatically find repetitive atomic patterns in
the signal, normally after symbolization. Several techniques for knowledge discovery in time
series may be used, e.g.(Minnin et al., 2006; Lin et al., 2002).
2.3.5

Clustering

Clustering is commonly used to find groups of similar features or segments. The main issue
in clustering is finding an appropriate distance measure. The most common is the Euclidean
distance but this measure is not the most adequate for all cases. For example, the Euclidean
distance has been shown inappropriate for clustering time series segments (Chiu et al., 2003).
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This task is even more complicated if the segments are of different lengths. To cope with
different segment lengths, some works have used Dynamic Time Warping. Vlachos et al.
(Vlachos et al., 2002) presented a measure based on Longest Common Subsequence and
compared it against Euclidean distance combined with Dynamic Time Wrapping.
The most commonly used clustering technique in the literature is K-means clustering.
However, more elaborate clustering techniques have been used, e.g.(Zhou et al., 2008; Barbic̆
et al., 2004)
2.3.6

Sequential Analysis

We grouped under the heading Sequential Analysis, all methods which have as purpose
the organization of atomic patterns into composite patterns in some way. Directed graphs
and hierarchical clustering are popular choices of methods. Recently published works have
used combinations of Bayesian Networks, Hidden Markov Model (HMM) and other graphical
representations to model the interaction between several atomic patterns. For example, Li
et al. (Li et al., 2008) encoded actions in a weighted directed graph, where nodes were key
frames (salient postures) shared by all actions. A complete movement was then encoded
as one or multiple paths in the graph. Zhu et al. (Zhu et al., 2008) used HMM to model
several atomic hand gestures based on inertial sensor data, and then used Hierarchical HMM
to model possible combinations of the atomic models.
Hierarchical clustering has also been used to organize the relationships between atomic
patterns. Ogale et al. (Ogale et al., 2007) worked on automatically parsing sequences of key
frames in order to create a context-free grammar for human action. These are only a few
examples of how atomic patterns maybe combined in to composite patterns.
2.3.7

Classification

Once we have defined a set of patterns (atomic or composite) to represent actions, the problem
of action recognition is a traditional classification problem. Several classification approaches
have been used in the literature, they may be divided into 4 main groups: closest distance
classification, closest model classification, trained classifiers and probabilistic approaches.
Closest distance classification calculates the distance between the pattern in question
and sets of previously defined classes, and assigns the pattern to the class that lies the
closest. This distance measure can be calculated in different feature spaces or between data
string subsequences. Some examples of closest distance classifiers are KNN, e.g.(Bharatula
et al., 2005), and pattern matching, e.g.(Stiefmeier et al., 2007). The distance measure most
commonly used is the Euclidean distance but other similarity (dissimilarity) measures such
as Chi-square have been used, e.g.(Lucena et al., 2007).
Closest model classification is commonly used in the works that model patterns with
HMM and variants. In such cases, each possible class is modeled with a HMM and the
pattern in question is mapped to the class whose model is the most likely to produce the
observed sequence, e.g.(Dong et al., 2007; Li et al., 2008; Zhu et al., 2008; Wang et al., 2001;
Wilson & Bobick, 1999).
Trained classifiers refer to those classifiers which must initially be trained with labeled
data and can then be used to classify unknown data into one of the previously defined
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classes. A typical example is ANN, e.g.(Zhang et al., 2005). Also assigned to this category
are approaches such as Linear discriminant analysis, e.g.(Gehrig & Schultz, 2008), and C4.5
decision trees, e.g.(Bharatula et al., 2005).
The last group of classifiers are the ones based on Bayes’ Theorem, namely naive Bayes
classifiers, e.g.(Ogale et al., 2007), and Bayesian Networks, e.g.(Bharatula et al., 2005).

2.4

Discussion

The framework presented here has so far considered fixed and mobile systems equally. However, the differences between such systems also deserves attention.
The type of raw data gathered from vision sensors is able to convey information about
many things at once. They often record whole body movements and the data is, in a way,
already labeled since a human looking at the video can easily identify which action is being
performed. The analysis of this type of data is fairly intuitive since it is so closely linked
to our main observatory sense. However, data may only be acquired while the subject is in
the same location as the sensors. The obvious lack of mobility can only be compensated by
deployment of a large number of sensors.
Mobile systems can acquire data independent of location, and are suitable for continuous
monitoring applications. Inertial sensors can be miniaturized and placed in garments or
portable objects. The developments in textile sensors also contribute to the spreading of
wearable sensors. However, the efficiency of the system highly depends on hardware design
choices concerning types and number of sensors, power consumption, security of wireless
communications, compliance, among others. In addition, inertial sensors can only provide
information about the body section to which they are attached. The analysis of such sensor
data is, therefore, a lot less intuitive.
Mobile and fixed systems are complementary, each being more appropriate for certain
applications. This work, however, will focus on the development of mobile, wearable systems.

3

Problem

The development of mobile systems depends mainly on two things: hardware design and
appropriate processing of the data. A lot of work has been done in designing small, low
power sensor nodes for wearable mobile systems, e.g.(Bharatula et al., 2005). The most
limiting factor today being, perhaps, the size/capacity ratio of batteries.
The processing of the data acquired is, in turn, strongly dependent on the chosen representation of movement. Ideally, this representation should describe (model) any observed
movement, even if there is no link to a known labeled template in the database. The ability
to model unlabeled movements enables continuous and incremental expansion of the system,
since new observed movements can be labeled and added to the data base one by one.
The methods developed so far for motion analysis from inertial sensors are limited in
their representation of movement, i.e. only a certain number of pre-defined activities can
be recognized, e.g.(Ravi et al., 2005; Bao & Intille, 2004; Logan & Healey, Aug. 2006).
These methods strongly rely on feature extraction and supervised learning techniques. The
resulting model is a “black box” which takes the sensor signal as input and outputs classes
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of activities. Using such models, one cannot understand the reasoning” behind classification.
In addition, these works have focused on classification, where different performances of the
same activity could only be identified if they were considered different classes of activity,
e.g.(Zhang et al., 2005).
Although classification is the step towards the highest level of data abstraction, i.e. actions, many applications could profit from the characterization of movements in terms of lower
abstraction levels. As mentioned in Section 2.2, characterization at feature level enables differentiation between healthy and unhealthy patients. Characterization at composite pattern
level can provide enough information to differentiate between performances, e.g. from one
subject to another, or before and after surgical intervention. The ability to describe different
performances is key to the effectiveness of, for example, long term monitoring systems.
In short, the issues not previously addressed in the literature can be listed as:
• Development of a representation which allows:
– general movement representation, independent of labeled data;
– description/comparison of different performances;
• movement characterization, not only classification;
• traceable classification, instead of “black box” approach.

4

Proposed Approach

Given the unexplored issues stated in Section 3, we propose to develop a method which fulfills
the following criteria:
1. fully automatic, no supervised training needed;
2. capable of general movement representation, independent of labeled data;
3. capable of describing/comparing different performances of the same activity;
4. incorporates previous knowledge about the system, linking classification to human reasoning instead of the “black box” approach.
We believe this may be achieved through the path highlighted in Figure 2. Raw data
is segmented and features are extracted from each segment. The features are clustered in
order to find atomic patterns, which in turn are organized into composite patterns. An
expert system is in charge of characterizing unknown patterns and linking known patterns
to actions.
Although the design of expert systems is long and highly dependent on the expert who
defines the rules, we expect the use of an expert system will contribute to the method in two
main ways:
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Figure 2: Position of our proposal withing the framework of motion analysis. Ellipses represent the different
data abstraction levels and rectangles represent commonly used methods. The arrows represent how one
abstraction level can be transformed into another through certain data analysis and processing methods.
The highlighted path corresponds the proposed approach.
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Results are traceable: Unlike the classification techniques discussed in Section 2.3, an expert system can “explain” its output. The importance of such characteristic is evident,
for example, in the clinical setting where the human expert may want confirmation or
a better understanding of the result.
Simple alterations do not require retraining of the system: If, for example an extra
sensor is added to the system, no retraining is needed. The expert system can handle
the extra data with the addition of extra rules. The accuracy of the system may also
be adjusted incrementally by addition or modification of rules.

5

Preliminary Work

As a proof of concept, we have looked into one particular motion: gait. Gait analysis is
important when assessing e.g. risk of falling (Harris et al., 2005), lower limb prosthetics or
orthoses adjustments (Barth et al., 1992), and recovery after knee or hip surgery (Lindemann
et al., 2006). Gait analysis has recently also been associated with assessing the risk of
developing cognitive impairments in old age (Van Iersel et al., 2004).

5.1

Experimental Setup

Gait acceleration data was collected with two SHIMMER sensor nodes (shimmer-research.com)
each equipped with a tri-axial accelerometer, which is sampled at 50Hz and the data is
streamed continuously via Bluetooth to a nearby computer. 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 x axis of the accelerometer corresponds to
the vertical axis, the y axis of the accelerometer corresponds to the horizontal axis tangential
to the subject’s coronal plane, and the z axis corresponds to the horizontal axis tangential
to the subject’s sagittal plane.
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 data obtained from the pressure mat was used as
ground truth for heel-strike (HS) and toe-off (TO) instances.

5.2

Method

The method described here aims to extract not only temporal information about heel-strike
(HS) and toe-off (TO) instances, but also dynamic information about the walking pattern
from acceleration signals. This is achieved through symbolization of the signal, and analysis
of the context and distribution of each symbol. The symbolized data represents a higher
abstraction level, which is more easily coupled to expert knowledge. The proposed method
is, therefore, automatic and does not depend on labeled training data.
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5.2.1

signal.

Segmentation

The symbolization of the signal is illustrated in Figure 3. After filtering the acceleration signal
with a low-pass filter at 20 Hz, piecewise linear segmentation (implemented
p as described in
(Keogh, 2004)) was performed on the resultant acceleration signal: Ares = A2x + A2z , where
Ax and Az are accelerations in the accelerometer’s local coordinate system. The third axis
was not considered because it introduced extra variability in the data due to the mirrored
nature of the feet’s movements, and it was judged dispensable when the subjects walk a
straight line.
5.2.2

Feature Extraction

The features extracted from each segment were: mean segment variance of the resultant
¯ x and accel
¯ z ; the tangent of
acceleration, var;
¯ mean segment acceleration on both axes, accel
the angle between the approximated line segment and the horizontal axis, α; and the number
of samples in the segment, w.
5.2.3

Clustering

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 (Petrovic, 2006). 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.
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At this stage, it is not known how or if the symbols are semantically significant. However,
it is expected that the acceleration peaks observed at HS and TO (Selles et al., 2005) are
characterized by at least one symbol. Considering that K-means clustering is sensitive to
initial conditions, it could happen that the symbols do not reflect HS and TO. In that case,
the clustering phase is repeated.
5.2.4

Sequential Analysis

The physical characteristics of the system are reflected on the symbolic data as certain symbol
sequences or symbol distributions. Some of the gait characteristics expected to be found in
the signal are described in Table 1. This knowledge was 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 4.
1
2
3
4

During normal walk, approximately 60% of the total stride time corresponds to stance
TO is reflected on the resultant acceleration signal as a peak
HS is reflected on the resultant acceleration signal as a valley and large variance
The foot moves the least at mid-stance (very small variance of the resultant acceleration)

Table 1: Gait Characteristics. Expert knowledge about some physical characteristics of gait.
Finding relevant symbols:
Taking advantage of the cyclic nature of gait, the most common period out of all symbols
and symbol transitions is considered the average stride period, StrP . 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 (or transitions) with period similar to or half of the estimated stride period are considered relevant
symbols. From this point on, relevant transitions are represented as extra relevant symbols
and analyzed similarly.
Once the relevant symbols have been identified, the original acceleration signal can be
represented as a cyclic sequence composed of the relevant symbols (see Figure 4). It is
important to determine where the cycle begins, e.g. which relevant symbol corresponds to
HS. In order to determine which symbols should be associated with HS (and TO), all possible
symbols are considered and evaluated according to certain assumptions, as follows. For each
foot, the N relevant symbols S = {S1 , S2 , ..., SN } are organized into all possible pairwise
combinations. These combinations are hypotheses of which symbols could correspond to HS
and which could correspond to TO. The combinations for the right foot (Eq. 1) and left foot
(Eq. 2), are then recombined to express all possible permutations, considering both feet in
parallel (Eq. 3). The single-foot and parallel hypotheses are exemplified in Figure 5.
RF
RF
RF
C RF = {(S1 , S2 ), (S1 , S3 ), ...(SN , S(N −1) )} = {C1,2
, C1,3
, ...CN,(N
−1) }

(1)

LF
LF
LF
C LF = {(S1 , S2 ), (S1 , S3 ), ...(SN , S(N −1) )} = {C(1,2)
, C(1,3)
, ...C(N,(N
−1)) }

(2)

LF
RF
LF
RF
LF
RF
LF
RF
Cparallel = {(C1,2
, C1,2
), (C1,2
, C(1,3)
), ...(C1,2
, C(N,(N
−1)) ), ...(CN,(N −1) , C(N,(N −1)) )}
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Figure 5: Creating hypotheses. The single step hypotheses are all pairwise combinations of the relevant symbols, and parallel hypotheses are all permutations of the right foot
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Figure 6: Hypothesis estimates. For each hypothesis,
the symbols corresponding to HS and TO are used to calculate the stride period, stance and swing. These estimates
are used for testing hypotheses and as inputs to the partial
likeliness membership functions.

Hypotheses Testing:
The single-foot hypotheses created in the previous step are tested according to the assumption that stance lasts over 50% of the stride time. The average stride period, considering
the correspond HS symbol, is calculated for each hypothesis and compared to the corresponding average stance time, as illustrated in Figure 6. If the average stance time is shorter than
half the average stride time, the hypothesis is discarded. Then, the remaining parallel hypotheses are tested based on the assumption that swing in one foot can only take place during
stance in the other foot. The parallel hypotheses that fail this test are discarded.
Estimating likeliness:
The remaining hypotheses are considered possible and a measure of “likeliness” tries to
estimate which hypothesis is more likely to be true. The likeliness of each hypothesis k is
estimated according to the four observations stated in Table 1. An extra assumption is added
to ensure that the most likely true hypothesis is able to detect an adequate number of strides,
given the size of the data. Each observation is represented by a fuzzy membership function
which maps measures such as average symbol acceleration and variance to a likeliness value.
The four membership functions used are illustrated in Figure 7, and the calculus of the partial
likeliness value associated with each assumption is shown in Table 2. For each hypothesis k,
the final likeliness value, L(k), is obtained
of the corresponding six partial
Q from the product
Q6
LF
likeliness values for each foot, L(k) = 6i=1 LRF
(k).
L
i
i=1 i (k). The hypothesis with the
largest final likeliness value is chosen as true and the corresponding symbols are used to
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identify HS and TO instances in the data.
Observations
Approximately 60% of the
stride time corresponds to
stance
TO is reflected on the resultant acceleration as a
peak
HS is reflected on the resultant acceleration signal as
a valley and large variance
The foot moves the least at
mid-stance
Detected number of strides
must be approximately
40% of the maximun number of strides which could
fit within the recorded
data

Input variable for each hypothesis k
relative
stance
time,
(k)
,
where
StnTrelative (k) = StnT
StrP (k)
StrP is the stride period and
StnT is the stance time
average resultant acceleration at
TO, T Oaccel (k)
average resultant acceleration at
HS, HS accel (k), and the maximum acceleration variance between HS and HS + 10 samples,
HS var (k)
average variance of resultant
acceleration
at
mid-stance,
M idStancevar
relative
number
of
detected
strides,
(k)
Nrelative (k) = N (k)StrP
,
M
where, N is the number of
detected strides and M is the
length of the recorded data set

Partial likeliness value for each
hypothesis k
L1 (k) = FC (StnT relative (k))

L2 (k) = FB (TO accel (k))

L3 (k) = FA (HS accel (k))
L4 (k) = FA (1-HS var (k))

L5 (k) = FA (M idStancevar (k))

L6 (k) = FD (Nrelative (k))

Table 2: Partial likeliness values calculated from hypothesis estimates and membership functions. Each
likeliness value corresponds to a piece of expert knowledge.
FB(x)=x2

FA(x)=1-x
1

1

0.5

0.5

0

0

0.5

x

0

1

FC(x)=1/(1+10*|(x-0.6)/0.2|6)

0.5

x

1

FD(x)=max[min[(10x-1)/3, (7-10x)/3], 0]

1

1

0.5

0.5
0
0

0

0.2

x

0
0

0.4

0.5

x

1

Figure 7: Membership functions used to estimate the likeliness of each hypothesis. The inputs to each
of these functions is explained in Table 2.
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5.3

Results

The detected HS and TO instances 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 Table 3. Considering the sampling frequency, 50Hz, the mean errors
correspond to approximately 2 samples for the normal walk data set, and approximately 5
samples for the slow and limp walk data sets.
Data set
Normal Walk
Slow Walk
Limp Walk

Event
HS
TO
HS
TO
HS
TO

mean (standard deviation)
0.05 (0.05)
0.03 (0.02)
0.10 (0.11)
0.09 (0.15)
0.10 (0.07)
0.09 (0.08)

95% confidence interval
[-0.06, 0.15]
[-0.01, 0.07]
[-0.12, 0.32]
[-0.20, 0.37]
[-0.03, 0.22]
[-0.07, 0.24]

Table 3: Mean error (in seconds) and standard deviation for HS and TO instances for all data sets.
The method presented here is totally automatic and does not depend on labeled training
data as do most previous works based on supervised learning techniques. The use of expert
rules for context analysis allows the system to be gradually improved, through alteration or
addition of new rules, without needing to retrain the whole system. Although this expert
system depends on careful tuning of the rules, these rules may be coded to reflect the reasoning
made by clinicians when assessing gait, rendering the system easy to interpret. 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.

6

Future Work

There are two overall goals to this project:
Clinical application: Development and deployment of a clinically relevant and novel applicationoriented system, which will demonstrate the relevance of the work in practice. The
development of the system will follow the same criteria mentioned in Section 4 but
limited to a specific set of movements.
The system developed here will be able to acquire, store and process motion information
with wearable, mobile sensors. The system will enable the acquisition of large quantities
of data, which may contribute to the inference analysis of risk factors and clinical
indicators previously unknown. In addition, the development of a cheap motion data
acquisition and analysis system can provide better clinical assistance to unprivileged
areas.
Generalization of motion representation: Extension of the representation used in the
previous step to include more general movements. This will probably rely on the appropriate choice of methods used in the processing and organization of the motion data,
e.g. segmentation and clustering techniques, and sequential analysis. The techniques
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developed here have roots in and therefore will contribute to research fields such as
knowledge discovery in time series.
These overall goals will be achieved through a series of experiments and studies. Some of
the experiments planned for the near future are described below.

6.1

Assessment of Motor Dysfunction

The idea here is to collaborate with an orthopedic laboratory or clinic in order to develop a
system to automatically extract relevant gait information. This work would result in a reliable
assessment system, which is more consistent and precise than current visual techniques and
a lot cheaper, financially and with regards to other resources, than full gait analysis using
motion capture (mocap) systems.
Some potential partners for this study are the Scandinavian Orthopedic Laboratory, and
the Orthopedic Clinic at the municipal hospital in Halmstad. The data obtained for this
study could be recordings of inertial sensor data along with mocap data of patients’ walking
patterns.
If we are able to provide a good measure of quality of gait, our method may have the
opportunity to become a standard index in gait analysis and contribute to the expansion
of the Swedish National Hip/Knee Arthroplasty Register. This work could also result in an
innovative product, such as an intelligent prosthesis, or a clinical gait analysis mobile kit.
However, poor collaboration ties with the clinic and failure to acquire good quality data are
potential threats to this study.

6.2

Further Methodological Development

This work will be guided by data from healthy subjects performing different activities. The
goal is to generalize the motion representation technique to cope with different activities.
Technical development could focus on one or more of the previously mentioned main tasks:
segmentation, feature extraction, clustering, grammar structure, expert system, or characterization.
One potential partner is the Robotics Institute at Carnegie Mellon University. They
have been developing techniques for analyzing human movements with mocap systems, and
recently have started looking at inertial sensor data as well.
This study will help increase robustness and generalization of our approach. However,
once more, we may not have much control over the data acquisition experiments. This study
will give us the opportunity to visit Carnegie Mellon for a few months and get familiar with
the work they are doing there. However, our ties with Carnegie Mellon are fairly weak at the
moment, and there is a small possibility that the collaboration is terminated even before it
starts.

6.3

Investigating Other Types of Data

When detached from the motion description applications, the motion language methodology
can be seen as a compression technique, in the sense that we are looking for the underlying
17

structures (patterns) in the data so we can represent the original signal as a series of smaller
symbols.
One way to further develop the motion language as a general compression technique is to
study its performance on other types of data sets. Possible data could be EEG signals, ECG
signals, seismographic data, epilepsy accelerometry data.
If successful this study could generalize our approach to other research areas. However,
this will not be directly related to our first topic of interest, motion analysis.
There is a chance that analyzing other types of signal will be inspiring, and lead us towards
currently unexpected directions. On the other hand, there is a chance that this non-motion
data will prove irrelevant to the development of the motion analysis approach.

7

Conclusion

Despite the numerous and varied works in human motion analysis previously published, there
are a few gaps in knowledge still to be filled. Those gaps have been identified as:
1. the development of a motion language representation which allows representation of
movement data independent of labeled data, and description/comparison of different
performances;
2. movement characterization in addition to classification;
3. traceable classification, as opposed to supervised trained classifiers.
The proposed solution can be described as:
1. finding an appropriate representation technique for movements based on the motion
language approach;
2. including expert knowledge to the system as a substitute for supervised training;
3. trying to characterize movements based on the different levels of abstraction involved.
The development of this solution will gradually take place through a few applicationoriented and method-oriented small studies. At the end of this long term project, the following should have been achieved:
1. deployment of a system for clinical application;
2. generalization of the motion language to include characterization of unknown movements;
The project hopes to contribute to the research community mainly by:
1. enabling the acquisition of large quantities of data, which may contribute to the inference analysis of risk factors and clinical indicators previously unknown;
2. contributing to research fields such as knowledge discovery in time series;
The expected date of completion for the project is the Autumn term of 2011.
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