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ABSTRACT
MS Kinect premiere has introduced new
possibilities in the field of motion capture and has inspired
many researchers to use it in coaching or rehabilitation
support systems. Nonetheless, the majority of researches have
been focused on game development and do not emphasize on
motion analysis. In this thesis a set of tools are provided to
detect certain motion pattern for rehabilitation, coaching or
other similar area. A novel set of tracking signals, originated
from joints data of body movement, along with their selection
algorithm is proposed. The signals are utilized by a novel
time-varying motion pattern detection algorithm which
operates in the time domain and only needs one sample of a
training pattern. The performance of the algorithm is
evaluated on a group of five people performing seven types of
exercises 10 times each, giving 350 samples. The
performance evaluation shows significant success of the
proposed algorithm. Also in spite of low recall factors, the
results promise the high potential of future use of the
algorithm. Finally, an interactive software application was
created to record movement, create the reference pattern and
perform coaching of individual movements.
Keywords: time-varying, motion detection, pattern
recognition, spotting, , coaching, rehabilitation, gesture
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1

INTRODUCTION

Released in 2010 MS Kinect revolutionized Augmented Reality (AR) and 3D Sensing
branches of engineering. Shortly after the release the newcomer showed that very expensive
or/and complicated multi-camera, marker-based systems could be replaced by one relatively
cheap device [1]. Since then it has opened unlimited number of possibilities e.g. within
interactive rehabilitation which has become very popular recently. The possibility to enrich
the recovery process with the new technology made it both easier and better.
It is commonly known how important is the meeting between patient and
physiotherapist in relation to plan and follow an individual plan. However this is only a part
of whole process. The patient needs to practice the exercises every day and everywhere to
keep up and also speed up the rehabilitation. More practicing is beneficial but wrong
practicing can cause more damages. It has been proven that the efficiency of the process
depends on patient and therapist and the feedback process in this relation [2][3]. Without
such feedback, motivation of patient decreases which would have tremendous impact on the
final result. At this point an important question arises. Is it possible to keep the patient
motivated, provide guidance, and monitor his or her progress during home exercises?
Designing an interactive system which provides guidance and monitors patient progress
during home exercises has been the inspiration of the thesis.
The related published work [4][5][6][7], implementing Kinect, are mainly focused on game
development than a system design. Noticeable lack of system descriptions, including
algorithms and their evaluation, was hard to overlook. However systems based on the timeseries analysis has been another source of inspiration. Unfortunately in this relation vast
majority of work are concerned to isolated sequence recognition. It basically means that a
pattern is compared with whole query sequence. This is especially useful during database
indexing [8], where it helps to search through a database efficiently, but inapplicable in the
case when the pattern must be matched within another sequence. Moreover, target sequence
may be updated continuously. According to the inspirations and actual difficulties, the thesis
is defined to find a solution for time-varying motion pattern detection problem. This one
general constraint generated much more specific constraints which became the main goals of
the work and are as follows:
x To find a motion detection algorithm which is:
o able to locate a motion pattern within a sequence,
o able to detect a time-varying pattern,
o able to work with an on-line process,
o able to work with an off-line process,
o independent of a human position.
x To evaluate its performance and usability
The terms “movement detection” and “motion detection” are commonly used in literature to
describe a process of motion detection – any sort of motion. This work is focused on the
detection of concrete motion patterns and uses those definitions in such context. The on-line
process means that a sequence is updated continuously, unlike the off-line process which is
recorded and does not change during analysis.
Proceeding toward the objectives brought several problems to solve. It was decided
that information coming from Skeletal Tracking Algorithm (STA) [9] would be used as a
base of the further work. The other alternatives were depth map, RGB and IR image.
However, these information require additional preprocessing in order to capture motion of a
person. Moreover, selected approach provides platform independency and developed
methods can be used with any motion capture system with no or small modification. The
STA algorithm takes a depth map as an input and output - either joints position in Cartesian
space or bone rotation, using quaternions or rotation matrixes which can be easily converted
to Euler angles. Nonetheless, it turned out that the condition of those signals were not
suitable for straightforward use. Cartesian coordinates of joints were dependent on the size
1

and position of a man. Noise presented in bone rotation information made it impossible to
use. Moreover, the trigonometric functions used during transformations caused discontinuity
in signals. It was clear that new set of signals needed to be defined. Those signals had to be
space-invariant (i.e., independent of position and size of a man) and not affected by noise to
the extent that allows movement detection. The first part of Chapter 4 describes these
problems along with applied solutions.
Once the signals were defined, a new issue came into view. It is rare that all signals are
involved in movement; treating them equally may lead to false results. Some of researchers
tried to weight them [10] but the weighting damps the necessary information which can be
used for guidance. It was decided that signals have to be divided into passive and active
groups. The second part of the Chapter 4 addresses the issue. Discussed approaches require
additional algorithms such as Otsu Method and Principal Component Analysis. They are
described in Chapter 2 and Chapter 3 respectively.
Once signals were conditioned and selected, it was possible to use them for detection
algorithm development. Description of the main method is placed in Chapter 6 along with
the literature study referring to this field. The original Continuous Dynamic Programing [11]
algorithm is presented along with required modification for the goal accomplishment.
Additionally to the main algorithm, initial approach utilizing correlation is presented. It was
rejected, but the reasons of rejection may be valuable for researchers investigating this topic.
Detection algorithms implicitly utilize minimum/maximum search which is described in
Chapter 5.
Once a sequence is found, including its borders, endless possibilities of further
validation are opened. Chapter 7 presents one, very simple method of validation of extracted
sequence which improves the classification. The algorithm checks whether the previously
defined passive signals are constant to some extent. The validation is the last stage of
development. Once it had been done, the algorithms had to be evaluated. Nonetheless, it is
not as simple as an isolated sequence recognition case. In this situation, a sequence may have
an endless number of beginning and endings and they are very dependent on human
perspective. It was decided to design a special method for defining sequence borders and
verify each result of presented algorithms using the verification method. The new
verification method substitutes a human in the decision-making process with an algorithmic
judgment as to whether the sequence was well classified. The methods, experimental results
and discussion are presented in the Chapter 8. A simple application utilizing designed
algorithms is presented in Chapter 9. Finally, the conclusion along with further work can be
found in Chapter 10 along with the bibliography following it.

1.1

Literature study

The main problem encountered at the early stage of this work was a lack of literature
referring to Kinect-based rehabilitation along with sufficient information about the
algorithms. One well-described system can be found in [3]. The authors designed a scoring
and guidance mechanism to keep patients motivated and encouraged. Exercises were divided
into segments. Each time the patient passed a segment within the predefined error, he was
awarded some points. Visual feedback in a form of a progress bar was used to motivate
patients. In [12], researchers presented a real-time classification of dance gestures. It is good
example of fully described system working with people in order to provide them with
guidance during exercise (in this case dance instead of rehabilitation). Authors of [6]
designed a low cost game and conducted a survey of its usefulness, but without providing
the reader with comprehensive description of the algorithms used. Work presented in [7]
presents a successful study on using the Kinect game in rehabilitation process, but only with
one patient – a, stroke survivor.
The lack of well-described algorithms implemented on Kinect-based data brought the
research to the field of time-series analysis. The most well-known algorithm in this field is
Dynamic Time Wrapping (DTW) [13]. The method works in a time domain and finds
optimal alignment between two given sequences. One of the problems of DTW is its
2

execution time. The authors of [14] propose a modification which allows significant
reduction of this factor. The study is provided with a well-described and evaluated method.
The second well-known method is Longest Common Subsequence [15]. This algorithm has
been used for string comparison, but can be easily suited for time-series recognition.
Basically the distance between two sequences is defined as a length of common
subsequence. The third commonly used method is based on Hidden Markov Models [16].
This approach requires a training phase which may be considered a disadvantage as it is
required to gather more samples of data, but makes the results more accurate and less
susceptible to noise.
Techniques reviewed so far have concerned one dimensional sequence matching. A
commonly known approach for an extension to multivariate tasks is to utilize Principal
Component Analysis (PCA), which is capable of dimensionality reduction. Abonyi in [17]
segments a time series sequence as a multivariate extension of Picewise Linear
Approximation method [18] based on a PCA model defining linear hyperplane. The work
presented in [19] combines segmented sequence, PCA Similarity factor [20][21] and DTW
in order to classify the sub-sequences by Correlation Based DTW. A similar method is
presented in [22]. The authors enrich the segmentation process utilizing inflection points.
There are approaches combining PCA and HMM as well [23].
As it can be seen utilizing PCA for recognition requires prior segmentation. The
authors of [24] reviewed and tested three methods of segmentation. The first is based on
Principal Component Analysis. The signal is reduced to fixed number of dimensions and
transition between two consecutive segments occurs when the defined projection error starts
increasing. Second is based on Gaussian Mixture Models (GMM). Movement is modeled as
GMM and then segments are extracted with the help of clustering. The third method, chosen
as the best in that paper, points out each segment when the probability distribution is
changed. The authors of [25] criticize the PCA segmentation approach and propose a new
method based on Dynamic PCA. This approach utilizes a special matrix which contains
information about the dynamic process and is capable of detecting a segment in case of
changes in the process. They demonstrate how segmentation can be accomplished when
dynamic of two time series, generated by certain transfer functions, is changed. Motion
Texture proposed in [26] is helpful with modeling of a movement as a linear system, but no
explicit segmentation tests has yet been done.
Most of presented work concerns the situation where a sequence is to be recognized
and classified and does not consider the case when this sequence must be detected. There
was no explicit solution to this problem until a publication from speech analysis area was
discovered. More literature in this topic is presented in Chapter 6 along with developed
algorithm.
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2

OTSU METHOD

Otsu method is an algorithm for unsupervised, automatic threshold selection [27]
and was used for the first time for a grey level picture segmentation. However, it is a general
method for two-class problem and it is possible to be extended for multi-class case. In this
work, it was used for differentiation between passive and active signals described in
Chapter 4. This section presents the method.
Before we dwell into formal aspects of the method, let’s consider the histograms
depicted in Figures 2.1 and 2.2. The colors shows classes separated by a certain threshold
value. Red dots stand for the corresponding mean of the classes. The actual data is related to
the displacement of joints used for signal selection in Chapter 4. Nonetheless the Otsu
method can be used with any type of data. The figures 2.1 and 2.2 shows the result of Otsu
method where the threshold value has been set at 0.2 and 0.6 on the first and the second
image, respectively. Setting the thresholds have impact on two things: the mean value of
each class and their spreading, which can be measured by variance. The spreading of data in
the second class (green color) is bigger in Figure 2.1 than Figure 2.2. In addition, the
distance between the mean values of each class is smaller in the same manner. Those
quantities can be called within-class variance and between-class variance. When betweenclass variance rises within-class variance gets smaller. This property is used by the Otsu
method. The goal is to find such threshold value which minimizes within-class variance
while maximizing between class-variance, which is easier to calculate.

Figure 2.1 Two classes are separated by Figure 2.2 Two classes are separated by
threshold value of 0.6
threshold value of 0.2
Let us assume set of values represented by levels [1, 2, …, L]. It can be any
set of values like intensity of image pixels, displacement of given signal during a movement
etc. The number of values at level ݅ is represented by ݊ and the total number of values is
equal to:


ܰ ൌ   ݊

(2.1)

ଵ

It is possible to obtain a histogram of given set, but in order to simplify further explanation it
is normalized and considered as a probability distribution:
݊
(2.2)
ܰ
Assuming a two class problem ,C0 and C1 are separated by threshold at level k. Values at
level [1, …,k] and [k+1, …,L] denotes class C0 and C1 respectively. The class mean levels
 ൌ 
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ߤ ǡ ߤଵ and probabilities of class ߱ ǡ ߱ଵ are formulated below. The index denotes a class and
ߤ் denotes the mean value of whole set.


߱ ൌ    ൌ ߱ሺ݇ሻ

(2.3)

ୀଵ


߱ଵ ൌ    ൌ ͳ െ ߱ሺ݇ሻ

(2.4)

ୀାଵ


ߤ ൌ  
ୀଵ

݅
ߤሺ݇ሻ
ൌ
߱
߱ሺ݇ሻ



(2.5)

݅
ߤ் െ ߤሺ݇ሻ
ൌ
߱ଵ
ͳ െ ߱ሺ݇ሻ

ߤଵ ൌ  
ୀାଵ

(2.6)



߱ሺ݇ሻ ൌ   

(2.7)

ୀଵ


ߤሺ݇ሻ ൌ   

(2.8)

ୀଵ


ߤ் ൌ ߤሺܮሻ ൌ   

(2.9)

ୀଵ

The Otsu method defines the measure of class separability as the within-class variance as
formulated in Equation 2.10 and the optimal threshold k* is fixed by exhaustive search of
minimum in Equation 2.11.
ߪ௪ଶ ൌ ߱ ߪଶ  ߱ଵ ߪଵଶ

(2.10)

ߪ௪ଶ ሺ݇  כሻ ൌ  ߪ௪ଶ ሺ݇ሻ

(2.11)

ଵஸ୩ஸ

Minimizing the within-class variance equals to maximizing (Equation 2.13) of between-class
variance (Equation 2.12) which consists of classes’ means which are simpler to compute thus
this method is used in practical application.
ߪଶ ൌ ߱ ߱ଵ ሺߤଵ െ ߤ ሻଶ

(2.12)

ଶ ሺ݇  כሻ
ൌ  ߪଶ ሺ݇ሻ
ߪ௪

(2.13)

ଵஸ୩ஸ

Figure 2.3 depicts the preceding histogram; this time the value of the threshold (red line) has
been set using the Otsu method.

6

Figure 2.3 Two classes are separated at the value calculated by the Otsu Method.
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3

PRINCIPAL COMPONENT ANALYSIS

Principal Component Analysis (PCA) is one of the most useful methods in the
linear algebra and has proven to be very effective in face recognition[28][29], image
compression [30], abnormalities detection [31], time series recognition [19] and many more
applications. The PCA is widely used when dimensionality reduction is necessary. By
performing principal component analysis, it is possible to find the most important
component/axis in the sense of the biggest variance. This work uses PCA as a
complementary technique for signal transformation described in the Chapter 4. The method
is utilized to find the pose of a torso. This section provides a short description of PCA along
with an explanatory example allowing the reader to understand the effects of performing the
operation. For more information, reader is referred to [32].
Considering the case used in this work, the most important property of PCA is
ability to find the axis along with the biggest variance occurrence. Let’s consider the two
dimensional data depicted in Figure 3.1, only green dots. Coincidentally, the structure of
the data mimics human joint position on a 2D plane. This type of data but three-dimensional
is applied each iteration of subsequent algorithms. Here, for sake of simplicity only two
dimensions are considered.
5
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5

Figure 3.1 Human joints position data is visualized on a 2D plane.
As it can be seen, the biggest spreading of data occurs along the red axis. This axis coincides
with first principal component which is a two-dimensional vector. The blue line denotes the
axis coinciding with the second principal component which is perpendicular to the first one.
It is assumed that structure of data is not changing (i.e. the data values are changeable but
relation between them are constant). This assumption allows to use the principal components
as bases of a coordinate system.
The mathematical derivation of the Principle Components is given below. Suppose
there are N samples of M dimensional data which constitute MxN dimensional matrix X.
ݔଵଵ
ࢄൌ ڭ
ݔெଵ

ݔ ڮଵே
ڰ
 ڭ൩
ݔ ڮெே

(3.1)

The mean vector of data is defined as:
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ே

ۍ
ې
 ݔଵ
ێ
ۑ
ͳ  ێୀଵ
ۑ
ഥൌ 
ࢄ
ۑ ڭ
ێ
ܰ ே
ێ
ۑ
ێ ݔெ ۑ
 ۏୀଵ
ے

(3.2)

A covariance matrix is created simply by subtraction of the mean value and multiplication of
the same:
ൌ

ഥ ሻሺࢄ െ ࢄ
ഥሻ
ሺࢄ െ ࢄ
ሺࡺ െ ሻ

(3.3)

Once the covariance matrix is calculated, its eigenvectors and eigenvalues can be obtained
using Singular Value Decomposition.
 ൌ ࢃࢃ

(3.4)

W is the matrix containing eigenvectors and  is the diagonal matrix containing
eigenvalues. The biggest eigenvalue corresponds to the eigenvector which constitutes the
first principal component, the next biggest to the second principal component, and so on.
Eigenvectors form a new basis for a new coordinate space. Sorting them by eigenvalues
gives insight into the importance of the given dimensions.
Let’s go return to the example from the beginning of the section. This time, data (Figure 3.2)
was multiplied by a rotation matrix defined in Equation 3.5, where ߠ denotes rotation angle.
ܴ ൌቂ

ߠ
Ʌ

െߠ݊݅ݏ
ቃ
ܿߠݏ

(3.5)

5
4
3
2

Y

1
0
-1
-2
-3
-4
-5
-5

-4

-3

-2

-1

0
X

1

2

3

4

5

Figure 3.2 Human joints position is visualized on a 2D plane and rotated by angle ߠ.
Even though the data has changed, principal components still follow its hidden structure.
Once PCA is calculated, it is possible to estimate the rotation angle using Equation 3.6 where
ߜ denotes the product of the first component and the unitary vector defining y axis.
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 ሺߜሻ
ߜͲ
ߠ ൌ ൜
 ሺߜሻ െ ͻͲ ߜ ൏ Ͳ

(3.6)

Ͳ
(3.7)
ߜ ൌ ͳ ή ቂ ቃ
ͳ
A similar procedure was utilized on three dimension data in Chapter 4 during torso
transformation designation.
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4

SIGNAL TRANSFORMATION AND SELECTION

4.1

Signal transformation

It turned out that signals obtained from the Kinect sensor cannot be directly used
for pattern detection to meet the requirements provided in the Introduction section. The main
problems were condition of the signal and its variability depending on the size and position
of a human. This section provides more details related to this topic along with applied
solutions.
Kinect Skeleton Tracking Algorithm (STA) [9], which was selected as the main
source of information, is capable of tracking 20 joints at the same time and its results are
given in two main forms: points location in Cartesian Space and rotations, where rotations
are expressed by Direct Cosine Matrix (DCM) or quaternions. It is possible to choose
between absolute rotation and relative rotation. Performing movement recognition tasks
using Cartesian Coordinates may be difficult because of their dependency on a person’s
position and differences in human body shape (e.g., length of limbs). Under these
circumstances, using rotation seems to be legitimated. Quaternions are widely used in
computer graphics due to the ability of very fast arithmetic operation, but are not intuitive, so
they were rejected from the beginning. A more intuitive way of expressing rotations are
Euler Angles which can be calculated from any given DCM. Unfortunately, during initial
tests two problems were observed: condition of signals and their discontinuity (Figure 4.1).
The discontinuity occurred when a person was changing slightly his or her position which
resulted in significant change in the angle value. A recognition of body parts is not an easy
task, but the recognition and pose estimation, which is necessary for calculating the rotation
matrix, is much more difficult. Whereas signals containing information about body part
rotation are suitable for avataring, they are not suitable for recognition preformed in the time
domain. Discontinuity in computed angles originate from the discontinuities of trigonometric
functions used to obtain an angle from a rotation matrix or Cartesian Coordinates, in the case
of transformation to Spherical Coordinates.
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Figure 4.1 Signal discontinuity
Simple way to eliminate the problem of discontinuity is to use an unwrapping method based
on present and previous points described by Equation 4.1, implemented in LabView
programing environment as a function “Unwrap”. The unwarping performs successfully in
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the most of cases but in noisy environment it causes unpredictable results. Noise can be
eliminated by filtering, however, filtering introduces time delay which is undesirable. Even if
it possible to find suitable filter response there is no guarantee that unwrapping will not
cause
errors.
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Figure 4.2 Signal discontinuity – before unwrapping
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Figure 4.3 Signal discontinuity - after unwrapping
In the face of occurred these problems, a new set of signals has been defined,
hereinafter: Space Invariant (SI) signals. A slightly different set of signals were proposed in
[12] which were served as starting stage. The SI signals are composed of three angles
describing torso position and two angles describing position of each joint: elbow, wrist,
ankle and knee. The outcome is 19 meaningful signals describing body position. The key
assumptions here are that exercises are performed when the body is upright. The STA
algorithm allows sitting position but without lower extremity information and no other
positions are supported.
The first stage of transformation is to find torso position i.e. finding the rotation
matrix. The naïve method is to take three points belonging to the torso, which are the
minimum number necessary to definitely describing pose of object in 3D space, and use
them for calculations. However, with this approach, results are susceptible to noise and
additional information from remaining four points is neglected. A more robust approach is
to use the Principal Components Analysis [12]. Using all available seven points describing
the torso (Figure 4.4) and PCA, it becomes possible to obtain a two axis torso’s local
coordinate system. The Y axis consists of the first principal component and X axis consists
of the second component. The third axis – Z - is designated as a cross product of the previous
ones. More information concerning PCA along with example of calculating position in 2D
space was provided in the Chapter 3. The Obtained axes are stored in a matrix form which
constitutes the rotation matrix of torso RT. The matrix is used to provide invariance signals
from the torso position. Once the torso coordinate system is found (i.e. its rotation matrix),
corresponding Euler angles in XYZ convention are calculated that represent the first three
signals of SI. In order to calculate rest of signals, joints coordinates are transformed from a
global coordinate system into a local coordinate system using formula 4.2.
ࡼࡸ ൌ ࡾࢀ ሺࡼࡳ െ ࡼࡻ ሻ

(4.2)

ࡼࡳ – denotes joint coordinates in the global coordinate system andࡼࡻ is the origin of the
new local coordinate system expressed in global coordinates. Origins of the local coordinate
systems are closures of torso (i.e. left shoulder, right shoulder, left hip and right hip). Once
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the coordinates were defined in a new local frames, corresponding spherical coordinates can
be calculated.

Figure 4.4 Points describing torso and Kinect global coordinate system
As mentioned, one of the problems was condition of the signal. Coordinates were
transformed using a robust basis obtained from the PCA process. This step minimized
influence of noise for further calculation but did not eliminate the discontinuity problem. To
cope with this problem, it was decided to define signals in spherical coordinates. For each
local Cartesian coordinate system, individual spherical coordinates were calculated. The
form of the calculation minimized the possibility of the discontinuity problem. Each joint has
a particular Degree Of Freedom (DoF), so the new coordinates were defined in such a way
that the discontinuity could only occur beyond this DoF or otherwise its occurrence was less
probable. As an example, consider how difficult it is to touch your left shoulder by your right
hand and how many times it can happen during ordinary exercises. Definitions of
transformations are given below:
Left wrist-elbow signals definition (Figure 4.5)
x ߠௐǤா - inclination angle

x

ݕௐǡா
ߠௐǤா ൌ  
ܴௐǡா

(4.3)

ଶ
ଶ
ଶ
ܴௐǡா ൌ  ටݔௐǡா
 ݕௐǡா
 ݖௐǡா

(4.4)

߶ௐǡா - azimuth angle
߶ௐǡா  ൌ ʹሺݖௐǡா ǡ െݔௐǡா ሻ
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(4.5)

Figure 4.5 Left wrist-elbow ߠ, ߶ signal
Right wrist-elbow signals definition (Figure 4.6)
x ߠோௐǤோா - inclination angle

x

ݕோௐǤோா
ߠோௐǤோா ൌ  
ܴோௐǤோா

(4.6)

ܴோௐǤோா ൌ  ඥݔோௐǤோா ଶ  ݕோௐǤோா ଶ  ݖோௐǤோா ଶ

(4.7)

߶ோௐǡோா - azimuth angle
߶ோௐோா  ൌ ʹሺݖோௐǤோா ǡ ݔோௐǤோா ሻ

(4.8)

Figure 4.6 Right wrist-elbow θ, ϕ signal
Left knee -ankle signals definition (Figure 4.7)
x ߠǡ – inclination angle
ݖǡ
ߠǡ ൌ  
ܴǡ

(4.9)
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ܴǡ ൌ  ටݔǡ ଶ  ݕǡ ଶ  ݖǡ ଶ
x

(4.10)

߶ǡ - azimuth angle
߶ோǡ  ൌ ʹሺെݔǡ ǡ െݕǡ ሻ

(4.11)

Figure 4.7 Left knee -ankle θ, ϕ signal
Right knee - ankle signals definition (Figure 4.8)
x ߠோǡோ – inclination angle

x

ݖோǡோ
ߠோǡோ ൌ  
ܴோǡோ

(4.12)

ܴோǡோ ൌ  ටݔோǡோ ଶ  ݕோǡோ ଶ  ݖோǡோ ଶ

(4.13)

߶ோǡோ - azimuth angle
߶ோǡோ  ൌ ʹሺݔோǡோ ǡ െݕோǡோ ሻ
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(4.14)

Figure 4.8 Right Knee - ankle θ, ϕ signal
Utilizing PCA for defining a local coordinate system minimizes the influence of
noise. As a consequence, it allows us to use algorithms working in the time domain, such as
Dynamic Programing. The proposed method does not solve the problem of the discontinuity
entirely, but its occurrence is less probable. It allows us to continue the work, but in order to
implement commercial rehabilitation system this case should be reconsidered.
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4.2

Signal selection

The case when all the signals are involved in a movement is very rare and treating all of
them equally can lead to false results. As an example, consider the situation in which the
algorithm tracks an arm flexion movement (Figure 4.9 - Figure 4.11) but the person has
different leg positions. A human evaluator may ignore the unrelated information, the leg
position, or will ask the persons to correct it, realizing that it is not the focus of the exercise.
When signals are treated equally, the algorithm will classify irrelevant signals as error and
possibly fail to detect valid movement. Some approaches [10] use weighting of signals. It is
convenient but it dampens irrelevant signals. Those signals may be irrelevant for detection
but may hold valuable information for movement evaluation or guidance.
Facing the problem of signal selection and rejecting weighting, signals, were divided
into the following categories:
x Active Signals (AS) – the key signals of each movement used for motion detection
x Passive Signals (PS) – signals not taking part in movement but considered as an
additional information

3
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This approach allows not only elimination of error but also gives a clue about the cause of
the error. It is still possible to detect movement and explicitly point out the reason for its
disturbance. Once the signal’s characteristics and naming convention were designated, three
methods of selecting were tested. The first two methods are similar and utilize variances or
displacements of signals. The third method takes into account the approach of previous two
methods and combines them with information about the adherence of those signals related to
particular joints.
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Figure 4.10 Active Signals of "arm flexion"

Figure 4.9 All signals of "arm flexion"
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Figure 4.11 Passive Signals of "arm flexion”
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4.2.1

Signals selection using displacement

In this method, for each of the signal’s total displacement is calculated.
Displacement is defined as sum of absolute values for each consecutive sample (Figure
4.12) and it is formulated by Equation 4.15 where ࢾ denote displacement vector, ୨ ሺሻ
sample of signal ݆ at time point ݅, O number of signals and N is number of samples in the
pattern.
ே

ߜ ൌ  หݏ ሺ݅ሻ െ ݏ ሺ݅ െ ͳሻห

(4.15)

ୀଶ

ߜଵ
ࢾൌ൝  ڭ
ߜை

(4.16)

Figure 4.12 Distance between consecutive samples
Having a vector of displacements for a given movement is a first step in the
process. The next is defining a value which splits signals into two groups (i.e. active and
passive) based on the previously calculated displacement. Setting the threshold manually
along with each new pattern may be tedious, especially when unqualified person is
considered (i.e. consumer which does not need to know anything about the implemented
algorithms) . To eliminate this problem, the Otsu Method [27] is used to define the threshold
value automatically. For more information, refer to Chapter 2. Every signal where the
corresponding displacement value is above this threshold is marked as an Active Signal.

4.2.2

Signals selection using variance

Selection of signals using variance is similar to selection by the displacement but in this case
the displacement is simply replaced by the variance (Equation 4.17).
ே

ͳ
ଶ
ߪ ൌ ൫ݏ ሺ݅ሻ െ ߤ ൯
݊

(4.17)

ߪଵ 
࣌ ൌ  ڭ൩
ߪை

(4.18)

ୀଵ

Vector ࣌ consists of variances of each signal in a pattern. The threshold is chosen in the
same way as in the displacement method, using the Otsu method.

4.2.3

Signals selection using active joints

The two methods previously proposed didn’t give satisfactory results during initial
tests. There were too many occurrences when a less active signals were classified as a
passive signal. This did not have an impact on tracking but it caused an error during passive
signals validation (see the Chapter 7). More exhaustive information concerning the results is
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presented in the Chapter 8. A new method is based on grouping particular signals with
respect to the related joints (see the Table 4.1).

Table 4.1 Adherence signals to joints
Torso
Torso
Torso
Left Elbow
Left Elbow
Right Elbow
Right Elbow
Left Wrist
Left Wrist
Right Wrist
Right Wrist
Left Knee
Left Knee
Right Knee
Right Knee
Left Ankle
Left Ankle
Right Ankle
Right Ankle

Torso Roll
Torso Pitch
Torso Yaw
Left Elbow Azimuth
Left Elbow Inclination
Right Elbow Azimuth
Right Elbow Inclination
Left Wrist Azimuth
Left Wrist Inclination
Right Wrist Azimuth
Right Wrist Inclination
Left Knee Azimuth
Left Knee Inclination
Right Knee Inclination
Right Knee Azimuth
Left Ankle Azimuth
Left Ankle Inclination
Right Ankle Azimuth
Right Ankle Inclination

First, the variance method is utilized to detect active signals. When active signals
are designated, the related joints are identified and marked as active joints. Active signals are
those which belong to active joints. For example, if the signal “Left Elbow Azimuth” is
marked as an active signal via the variance method, the “Left Elbow Inclination” signal is
marked as well in the active joints method as shown in (see the Figure 4.13 Comparison of
signal selection between the variance and active joints methods). This approach gives the
most similar results to those where signals were selected by a human being.

Figure 4.13 Comparison of signal selection between the variance and active joints method
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5

EXTREME OF SIGNAL DETECTION

The problem of extreme detection was encountered several times during the initial
tests and needed to be solved for the final pattern detection algorithm. The issue seems to be
trivial and easily solved using a method of the first derivative zero-crossing. This method is
well-known from calculus and is used for analytical signal forms. Nevertheless, its
straightforward application for extreme detection in a discrete signal affected by noise is
impossible. Due to the discrete form of the signal, a derivative has to be approximated; the
approximation may not be equal to zero at the inflection point. The presence of noise is
magnified by differentiation to the extent where correct extreme detection is inaccessible. In
order to deal with this problem, two methods were proposed: a modified derivative method
and a non-derivative method. For the sake of simplicity, only minimum detection is
considered. The maximum search is analogous. Tests in this chapter were conducted on
synthetic data set. It allows to control the amount of noise during comparison.

5.1

Modified derivative method

As it was mentioned, approximation of a derivative may not be equal to zero at the inflection
point. To solve this issue, a sensitivity range ε was proposed. The value of the derivative
passing in this range is considered as zero. When both slopes are detected, it denotes that a
minimum has occurred. The exact value of minimum is the least value from all passing in the
range ε. The solution turned out to be sufficient for an ordinary discrete signal but failed with
a signal affected by noise, Figure 5.1. The noise is difficult to be noticed on a signal but it is
easier to be followed on data from derivative. The green marks denote the results of the
minimum search, which are far from the expected. To cope with noise, the signal was
filtered by Savitzky-Golay filter, which is considered for the signals with wide frequency
span [22]. The filtering method can be used considering a general assumption, otherwise, in
the case of signals with low frequency content, the linear low pass filter could be used.
Figure 5.2 shows the results of appliance a signal filter on the performance of minimum
search process.
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Figure 5.1 Minimum detection - signal affected by noise
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The figure 5.2 shows that the signal is smoothed, the presence of noise in the derivative of
the signal is negligible and the detected minima (green marks) are more accurately. The goal
is accomplished, but the outcome of the algorithm depends on either the sensitivity selection
and the filter parameters. It is undesirable to have too many data dependent factors which
impose further development and non-derivative method utilization.
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Figure 5.2 Minimum detection - filtered signal

5.2

Non-derivative method

The non-derivative method of minimum detection utilizes the fact that the minimum is the
lowest point between descending and ascending slopes. The derivative’s negative or positive
sign is only a way for finding these slopes. They can be defined in a different way. A
descending slope is detected when the current sample is smaller than the biggest value of a
signal measured from the last minimum decreased by height of slope δ. Finding ascending
slope is analogous. One of the constraints imposed on the all algorithms developed in this
work is the ability to work with streaming data. This constraint applies to extreme search as
well. The flowchart of the algorithm is presented on Figure 5.3. It consists of two stages.
First, the algorithm has to be initialized. A few variables are updated in each iteration of the
algorithm. The initialization stage is invoked only once to provide values required for a start.
When a new sample comes up, it is passed to the algorithm, which first finds a descending
slope and then an ascending slope. When the minimum is found, the algorithm output flag
detected becomes 1 and the current sample to the minimum. The Figure 5.4 shows results of
a minimum search using the non-derivative method. The results are less accurate in
comparison to derivative method with filter but more accurate than pure derivative method.
What is even more important is the algorithm robustness, finding the expected minima. Once
the robustness was proven by visual analysis on the presented data, there was no need to test
accuracy, which was secondary, by quantitative analysis. The only parameter needed for
tuning is the height of the slope and the ability for, then the algorithm to work with
streaming data. Those features argue for the superiority of this algorithm and it was decided
to use it as a part of the developed algorithms.
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INIT

RUN

x < xmin

xmin = inf
xmax = -inf
dist = 0
asc_slope = 0;
dsc_slope = 0;

dist = dist -1

x > xmin + delta

Stop

x > xmax

xmax = x

dsc_slope = 1

N

Y

asc_slope = 1

asc_slope = 0
dsc_slope = 0
detected = 1
xmin = inf
xmax = x

asc_slope = 1

x < (xmax delta)

Stop

Figure 5.3 Minimum detection flowchart - non-derivative method
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Figure 5.4 Minimum detection - non-derivative method
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xmin = x
dist = 0
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6

MOVEMENT PATTERN DETECTION

The vast majority of work[10][12][19] in the field of time-series analysis assumes that
compared sequences are isolated (Figure 6.1) - i.e., they can be a part of another sequence,
but during comparison their beginnings and ends are known and only the area between them
is considered. Although this assumption is true in many cases such as database indexing, it is
not feasible in the case of pattern detection where defining borders is a goal of the algorithm.
Having a pattern and a sequence, it is desirable to find a similar pattern (Figure 6.2) without
any pre-knowledge about the location of a similar pattern in the sequence. The key value
here is a measure of pattern similarity.

Figure 6.1 Pattern and isolated sequence

Figure 6.2 Pattern and similar subsequence

The problem is well known in the speech recognition field [11][33], sometimes
regarded as “spotting” problem. The algorithm solving the problem of for this work is based
on Continuous Dynamic Programing (CDP) proposed in [11]. Before it was found and
tested, several different approaches had been attempted. Along with the research, simple
approach of utilizing correlation was examined and is described in Chapter 6.1. Referring to
the rehabilitation literature, work described in [3] proposed a simple method based on the
distance from start to endpoint, but no evaluation of the method was presented. The dual
match method proposed in [34] used Minimum Bounding Rectangles [35] and Longest
Common Sequence [36]. A pattern was divided into overlapping segments, which were
result of sliding a time series disjoint window to calculate similarity between candidate
segment and the reference pattern. Method proposed in [37] used Unbounded Dynamic Time
Warping, which is an alteration of the standard DTW, capable of partial sequence matching.
This algorithm is much faster than standard approaches, but its accuracy depends on a
preprocessing stage where possible start points are found. Authors of [38] present slightly
modified version of CDP designed to speed up the algorithm.

6.1

Movement pattern detection using average
normalized cross-correlation

Using a correlation as the similarity function for pattern detection is one of the
most commonly known methods in pattern detection. It is used either with time series or
images and was the first approach considered in the context of this work. The simplicity of
the method is the main advantage, but in order to deal with multi-dimensional patterns where
length may vary in time, the algorithm had to be modified. The classic approach uses
normalized cross-correlation function between a reference pattern and a segmented part of
the target sequence, expressed by Equation 6.1
݊ܿܿሺݐሻ ൌ

σே
ୀଵ ܼሺ݅ሻ ݂ כሺ݅  ݐሻ
ටσே
ୀଵ ܼሺ݅ሻ כ

ටσே
ୀଵ ݂ሺ݅



(6.1)

 ݐሻ
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Where ܼ is a function describing the reference pattern, ݂ is a function describing a query
sequence , N equals the length of the pattern, t is a shift between the reference pattern and
potential similar subsequence, ݅ is additional variable which iterates form 1 to N. The
normalized cross correlation function measures the similarity between the reference pattern
and the candidate segment in the target sequence which results to values in range 0 to 1,
indicating lowest and highest similarity respectively. To find a pattern, it is necessary to find
a maximum of normalized cross-correlation, above some arbitrary threshold, which denotes
similarity matched segment among all candidates of segments from the target sequence.
Extending the method for a multivariate sequence, results of normalized cross-correlation
function were averaged across different dimensions . Nonetheless, the problem of sequences
with different lengths remained. To solve it, the borders of a sequence were obtained using
the minimum of Euclidean distance. The approximate position was obtained using
normalized cross-correlation. From this point the minimum search toward the left and right
borders of a sequence was performed. A first minimum of the distance to the startpoint found
during search toward left boarder was regarded as a startpoint. The endpoint was found in a
similar fashion. Method was tested on a hands abduction movement. The results are depicted
on the Figure 6.3. The yellow color in the figure shows detected points by the correlation,
green are detected start-points and red, detected endpoints. As it can be seen for the three
patterns detected by the correlation, only two start-points and two endpoints were found.
This is because the minimum detection function needs both slopes to work properly. The
minimum search starts at a point found by the correlation. In case of first and last pattern, the
descending slope does not exist and the ascending is very small. At this point, detection was
not satisfactory. Moreover if reference pattern was more complex, ie. it had a point close to
endpoint in a sense of Euclidean distance, method would recognize it as endpoint. The
algorithm during designation of borders looked for the first point similar to the endpoint. If a
pattern had such points within, the proper endpoint would never be found. The method was
found as to simple for a given task and modification did not give any warranty for robust
work.
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6.2

Movement pattern detection using CDP with
backtracking

Continuous Dynamic Programing [11] is a pattern detection algorithm designed for
speech recognition. It utilizes Dynamic Programing to get a similarity measure and the
endpoint of matching sequences, making it flexible to sequence length. Moreover, it is
iterative; therefore it can be used with a continuously updated time-series (on-line). Despite
the advantages, its direct implementation for the problem of this work could not be
successful due to several reasons. First, information about the sequence beginning was not
present. Second, there was no definition of a distance measure for multivariate time-series.
The third and last reason is linked with an error function calculated in each iteration. The
error function is to be presented later in the thesis. The amplitude of this function was strictly
dependent on the pattern. Essentially, it was impossible to set a common, relative threshold
for each pattern. Therefore, it was decided to enrich the given algorithm with backtracking,
well known from Dynamic Time Wrapping, to define the distance for a multivariate signal
and implementing a normalized error function. The method and its performance evaluation is
the main contribution of this work, so it is presented in detail here. To keep consistency with
the original algorithm, nomenclature from [11] has been kept and new variables have been
proposed wherever necessary.
Let us denote t and ߬ as a point in time within an input series and a reference
pattern respectively. Function ݀ሺݐǡ ߬ሻ measures the distance between corresponding samples
of both sequences, the input series and the reference pattern, using Euclidean distance of the
multivariate signal formulated in Equation 6.2. This work assumes those signals are Active
Signals selected by methods presented in the Chapter 4. Variable ܱ is their quantity and ݅
current index.
ை

ଶ

݀ሺݐǡ ߬ሻ ൌ ඩ൫݂ ሺݐሻ െ ܼሺ߬ሻ൯ 

(6.2)

ୀଵ

Both the reference pattern and input series are discrete. Therefore function ݀ሺݐǡ ߬ሻ can be
seen as an array being filed in each iteration of algorithm (Figure 6.4).

Figure 6.4 Function ݀ሺݐǡ ߬ሻdepicted as an array
Each iteration consists of calculating the minimum accumulated value ܲሺݐǡ ߬ሻ which is
formalized in Equation 6.3 to 6.6. The first three equations correspond to initial conditions
and the last is used elsewhere. N denotes number of samples in pattern.
࢚ ൌ െǡ 
ܲሺݐǡ ߬ሻ ൌ λ

(6.3)

࢚ ൌ ǡ ǡ ǥǤ
࣎ൌ
29

ܲሺݐǡ ߬ሻ ൌ ͵݀ሺݐǡ ߬ሻ

(6.4)

࣎ൌ
ܲሺ ݐെ ʹǡͳሻ  ʹ݀ሺ ݐെ ͳǡʹሻ  ݀ሺݐǡ ʹሻ

ܲሺݐǡ ߬ሻ ൌ ݉݅݊ ቐܲሺ ݐെ ͳǡͳሻ  ͵݀ሺݐǡ ʹሻ
ܲሺݐǡ ͳሻ  ͵݀ሺݐǡ ʹሻ

(6.5)

  ࣎ N
ܲሺ ݐെ ʹǡ ߬ െ ͳሻ  ʹ݀ሺ ݐെ ͳǡ ߬ሻ  ݀ሺ ݐെ ͳǡ ߬ሻ
ܲሺݐǡ ߬ሻ ൌ ݉݅݊ ቐܲሺ ݐെ ͳǡ ߬ െ ͳሻ  ͵݀ሺݐǡ ߬ሻ
ܲሺ ݐെ ͳǡ ߬ െ ʹሻ  ͵݀ሺݐǡ ߬ െ ͳሻ  ͵݀ሺݐǡ ߬ሻ

(6.6)

Calculating the minimum accumulated value ܲሺݐǡ ߬ሻ can be thought as selection between
possible minimum local paths depicted on the Figure 6.5. Each of local paths consists of one
of the previous minimum accumulated values and one or two distances between samples. A
path is called minimal if its corresponding value is minimal.

Figure 6.5 Possible minimum local paths
On the other hand, the local minimum value P(t,߬) can be imagined as historical information.
It provides an insight as to how well the input series and the reference pattern can be aligned.
However, alignment corresponds only to a part of the reference pattern and input. The local
minimum value at point (tx,߬௫ ) denotes the sum of the local minimum values from the point
(ty,0) up to final (tx,߬௫ ). It is calculated recursively. Value ߬ ൌ Ͳ denotes the beginning of the
pattern. Value ty corresponds to the beginning of the aligned sequence and is highly data
dependent. The situation depicted on the Figure 6.6 is considered. Point (tb1,0) is beginning
of minimal path ending at point (te1,ve1), point (tb2,0) is beginning of minimal path ending at
point (te2,ve2) and point (tb3,0) is beginning of minimal path ending at point (te3,ve3).

Figure 6.6 Next iteration of algorithm – selecting new minimal path
Now, as next iteration occurs if a forth new minimal path includes point (te1,ve1), it means
that whole path starts at point (tb1,0) etc. If we take the value ܲሺݐ ǡ  ݒൌ ܰሻ the corresponding
path will belong to the whole pattern. Let’s call this path as global. By measuring this value,
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it is possible to find the best aligned part of the input series. Note the scalar values connected
to computation of the local minimum value in Equations 6.3-6.6. They are used for
normalization. Similarly to DTW algorithm, CDP assumes that sequences may have different
length, so in order to find the best one they are weighted according to their lengths. Finally
the normalized accumulated distance ܣሺݐሻ is represented by Equation 6.7.
ܣሺݐሻ ൌ 

ͳ
ܲሺݐǡ ܰሻ
͵ܰ

(6.7)

Detection occurs when the local minimum of the normalized accumulated distance (error
function) is below an arbitrary threshold. The Figure 6.7 depicts ܣሺݐሻ of “Arm Flexion
Movement”. Until now, the whole CDP algorithm has been presented with only one
modification – a measure of distance for a multivariate signal. As previously mentioned, a
former version of CDP does not store any information about the beginning of the sequence.
Values are retained, but there is no information about indices of corresponding minimal
paths. However, locating the beginning of a sequence is crucial for its retrieval. Extraction of
a sequence enables further processing with an endless number of algorithms. Distinctly,
there was need for enriching the algorithm’s capability to find the beginning or track the
entire path. Backtracking, well known from DTW, was helpful in this situation and did not
require any significant algorithm modification.
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Figure 6.7 Normalized accumulated distance A(t) of "Arm Flexion Movement'
In Parallel, after each calculation, the ܲሺݐǡ ߬ሻ index of each minimum local path (1, 2, 3) is
stored in a backtracking matrix ܤሺݐǡ ߬ሻ. Having this information, it is possible to backtrack
the path from endpoint to startpoint, depicted in Figure 6.8.

Figure 6.8 Process of backtracking from endpoint to start point
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The third modification of the original algorithm is normalization of the error function.
Function ܣሺݐሻ has already been called normalized and indeed it is, yet only when one pattern
is considered. Each pattern may have different characteristics and it is naive to set the same
threshold for all of them. Therefore, for each pattern, a normalization factor was calculated
using Equation 6.8, an energy pattern. ࢃ denotes a matrix composed of pattern signals and
തࢃ
തത a vector of each signal’s mean values.
തതതԡଶ
ߩ ൌ  ԡࢃ െ ࢃ

(6.8)

Sequences are “spotted” using the relative threshold ߚ, expressed as a percentage. Actually,
an absolute threshold ߙ is the value which is compared in the spotting process, Equation 6.9.
ߩߚכ
(6.9)
ߙൌ
ͳͲͲ
Summarizing, the algorithm (omitting initial conditions) can be described by the flowchart
depicted on Figure 6.9 Flowchart of the detection algorithm.
One of the main advantages of CDP is that it does not require more than one
sample of training data. One recorded movement, is sufficient for detection. On the other
hand, only one recording will be degraded by noise and this degradation will have an impact
on each result. The second big advantage is that it does not need segmentation. It is crucial
when a time series taken from Kinect is considered to be sampled at a rate of 30 S/s (sample
per second) and an ordinary movement takes about 1 to 2 s. Finally, the algorithm is iterative
and can be used in both offline and online processes.
RUN

get a new sample

calculate local
acumulated values P
for a given sample

NO

store index of
corresponding
minimal paths in the
bactracking matrix
take a value of P at
index corresponding
to the last point of
pattern and normilze

is normalized accumulated value at
minimum and below thresold

Figure 6.9 Flowchart of the detection algorithm
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7

SEQUENCE VALIDATION

Sequence detection and extraction is the first step of whole process. Once it is
done, many methods may improve upon it. It is assumed that isolated sequences are
processed, thus commonly known recognition[15][16][39] algorithms may be applied.
However, at this stage of the work, only a simple algorithm using passive signals was
implemented, in order to prevent classification when non-active joints are involved. Even
though it is simple, it has significant impact on recognition precision, what is shown in
Chapter 8. As an example the average precision raised from 0.68 up to 0.95 in the case when
the test where conducted on data gathered from person which movements were used for
pattern creation. The main purpose was to remove the source of the most frequent faults and
show the ability to validate detection results.

7.1

Sequence validation using passive signals

Active signals are those which are part of a movement and are necessary for
pattern detection; passive signals are the rest of signals. Despite the method of identifying
them, all passive signals should meet certain requirements. From a human perspective, this
joints are simply “not moving.” In this work, the measurement of a non-moving joint must
be formulated in mathematical way. It is assumed that passive signals can be modeled as a
random signal having non-zero mean value and low variance. This is their characteristic.
Those signals are constant at some level of angle and should deviate only by a small amount.
The first approach to this problem was to measure the variance of each signal and compare it
to the variance of the reference pattern’s signal. If the difference between them exceeded
some relative threshold, the algorithm should indicate an error. However, the amount of
variance or standard deviation is changing along with each signal and each performance of a
movement. Sometimes the value is very small. As a result, the margin for an error was so
small that any subsequent execution of movement was not able to pass the test. Finally,
instead of using relative value, the absolute value of the threshold was fixed for all signals
using a heuristic method. Standard deviation is a more intuitive way to express such
measurement and was used in this case. The algorithm structure becomes very simple and
can be described in a few steps:
1. iterate to the next passive signal,
2. check if its standard deviation is below a certain threshold value T e.g. 20 degrees,
x if it is below T degrees, start again,
x if it is above T degrees , break and indicate failure,
3. if there is no more signals finish and indicate success,
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8

EXPERIMENTAL RESULTS

This section presents results of experiments conducted using the designed
algorithms. The goal of the experiments was to evaluate the performance of developed
algorithms and show their usability for time-varying motion pattern detection. The first three
subsections describe conditions, the method of verification and evaluation results. Next,
results are given, evaluated and discussed.

8.1

Experiment conditions

The presented algorithms were tested on a set of 7 exercises, including upper and
lower body extremity. Five people took part in the experiment and each exercise was done
10 times, giving a total of 350 subsequences. Every person was within 3 meters of the sensor
although their positions varied slightly. The persons heights ranged from 165 to 192 cm. The
participant were asked to perform the exercises with their own pace. The average difference
between target sequence and reference motion pattern turned to be 24.9%. The data was
gathered at rate of 30 S/s (samples per second). The original patterns’ duration ranged from
1.4 to 2.4 s. The room was illuminated by artificial light and all of body parts were in the
field of view.

8.2

Verification method

It is relatively simple to verify recognition of two isolated sequences, but it is not
so obvious when motion pattern detection is considered. In such cases, the number of
possible endpoints tends to infinity when relying on human perception for the exact
endpoint. Regardless of the nature of the movement, the time of manual (visual) verification
rises along with number of samples (that is, the number of sequences for verification). To
overcome this problem, a new verification method based on a quantitative factor was
proposed. The goal of the method is to replace human verification and act as a supervisory
algorithm to make a simple decision: right or wrong.
First, each sequence from the acquired data was labeled. The start point and
endpoint of a sequence was defined as a point with a minimum Euclidean distance to the first
and the last point of given pattern respectively. To be able to control the process of labeling,
gathered data were plotted along with the distance to the first and the last point of the pattern
(Figure 8.1) and borders were noted manually.

Figure 8.1 Euclidean distance to the first and last point of pattern allong with data
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During the tests, recorded movements were stored in data files. Each data file contained
approximately 10 moves of one person (Figure 8.1). For each data file, a corresponding
labels file was created. Each entry in the labels file corresponded to one sequence (move)
and consisted of a start point, endpoint, pattern number and person number (Table 8.1).

Table 8.1 Example of labels file
Start point
120
187
...

Endpoint
181
250
…

Pattern number
1
1
…

Person
0
0
…

During the movement detection evaluation, the algorithm was applied to a data file
containing approximately ten sequences and labels file containing their labels. Once a
sequence was detected, the distance to each labeled sequence was calculated using Equation
8.1. ߲ is the distance to the label with index ݅. ݏ , ݁ are the start point and endpoint of this
label.  ݀ݏand ݁݀ are the start point and endpoint of a detected sequence (Figure 8.2)
(8.1)
߲ ൌ ȁݏ െ ݀ݏȁ   ȁ݁ െ ݁݀ȁ

Figure 8.2 Start-point and endpoint of labeled sequence and detected sequence
One detected sequence may correspond only to one labeled sequence so only
those with a minimum distance are selected. Having the best labeled sequence with a
distance to its endpoints, the next question is if it is a right sequence. If answer is yes, it
means that detection is done properly and the evaluation algorithm is performing well. In
order to answer this question, data from two slightly different patterns was acquired. A
spotting algorithm was set to detect one pattern, but its error threshold fixed at 20 percent
allowed many false positive results which were necessary to design verification algorithm.
For each detected sequence, a labeled sequence with minimum distance was found, then the
distance was normalized by the labeled sequence length. It was clear that the difference in
correctly detected sequence distance and incorrectly detected sequence distance was large. In
the case of the correctly detected sequence, the distance tends to zero percent. In the case of
incorrectly detected sequence, the smallest value was 200 percent of the detected labeled
sequence length. To avoid setting an arbitrary threshold, the Otsu method was used and the
threshold was set at a level of 60 percent of the labeled sequence length. Finally, the method
was checked visually and proved to work correctly (i.e. each sequence classified as good by
the verification algorithm was also classified as a good by a human being). Another problem
was noticed little later. The sequence detection algorithm looks for the local minimum below
some arbitrary threshold. Finding a local minimum, depending on its parameters, might be
unstable and generate a few results which are not true (Figure 8.3).
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Figure 8.3 A Few detected sequences – only one is right.
In effect, many detected sequences were assigned to one labeled sequence and visually
seemed right, but the goal was to find the best local sequence. Each time this situation
occurred, the best sequence was assigned to the label and the rest were marked as incorrect.
In this context, the “best” means the sequence with the smallest distance defined in Equation
8.1.

8.3

Methods of evaluation

The most important ability of presented algorithms is to find sequences properly.
Its evaluation is not simple and cannot be expressed in one factor. Therefore Precision/Recall
Graphs are very helpful to give some insight. The method used in this work provides
detection of a subsequence within another sequence along with a score and a right/wrong
decision. There is no between-class ranking. When detection is correct, true positive value
rises; otherwise true negative value rises. The number of true sequences in the data is known,
so those which were not detected at all constitute false negative values. All these values from
each pattern were added together and precision and recall values for whole set were
calculated using Equation 8.2 and 8.3
ݐ
ܲ ݊݅ݏ݅ܿ݁ݎൌ 
(8.2)
 ݐ ݂
ݐ
ܴ݈݈݁ܿܽ ൌ 
(8.3)
 ݐ ݂݊
These values were calculated for 10 different thresholds from 1 to 50 % of error. In order to
compare the results quantitatively two auxiliary factors were introduced: Average Precision
formulated in Equation 8.4 and Maximum Precision (at recall = 1).


 ܲݒܣൌ  ܲሺ݇ሻܴ݀ሺ݇ሻ

(8.4)

ୀଵ

P is precision at given index k and ܴ݀ is a difference of recall at corresponding index.
Basically, the formula performs discreet integration. These factors were calculated for each
graph and summarized in tables.

8.4

Evaluation of pattern detection and validation
method

This section evaluates pattern detection and validation algorithms. Presented
information shows performance on two data types:
x person 0 data – recorded movement of a person whose moves were used to create a
pattern, the person height was 173 cm,
x person 1 - 4 data – recorder movement of the others persons, the persons heights
were between 165 and 192 cm,
During the test, signals selection methods were omitted and active signals were selected by a
human being. Figure 8.4 and Figure 8.5 depict performance of algorithms applied to
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“person 0 data” in a form of PR Graphs. It is notable that the pattern detection algorithm
itself has a low precision in situation when all sequences are retrieved (that is, the recall
factor equals one) . The situation changes when it is considered along with the validation
algorithm. The source of this issue lies in the gathered data and particularly in the types of
exercises. For example when the algorithm looks for a right arm abduction movement, it
limits its search space only to right arm joints. This allows it to classify both arms’
movement as correct when that is not true in reality; the validation method detects it.
Performance in general is good but more sophisticated methods of validation are also
necessary. When the recall factor for the results is equal to one, it is still possible to get ideal
results where precision is equal to one as well.
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Figure 8.4 PR Graph, person 0 data, only Figure 8.5 PR Graph, person 0 data, pattern
pattern detection
detection and validation
Figure 8.6 and Figure 8.7 depict performance of the algorithms on “person 1-4 data.” These
results are still eligible but the reduction of quality is significant. Precision is similar to
Figure 8.4 and Figure 8.5, but recall at corresponding points is much worse. One of the
reasons for these differences is that person 0 knew exactly how to do exercises. During data
gathering, moves were classified on a very abstract level. From a human perspective, it was:
“move hands up and down,” but the algorithm measured the exact distance of angles, exact
trajectories and that error was too big. When only recognition is considered, so strict an
approach is rather unwelcome but contains very valuable information for movement
evaluation.
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The results were summarize in Table 8.1. Two considered factors are Average Precision and
Maximum Precision (at Recall = 1). Both factors are significantly increased when validation
method is used. Lowering the overall recall factor in case of 1-4 data which is easy to note
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on PR Graphs has impact on the number of results where recall factor equals to one. This in
turn, results in small Maximum Precision (at Recall = 1).

Table 8.1 Pattern detection and validation - Average Precision
Person

Detection/Validation

Graph

Average
Precision

0
0
1-4
1-4

D
D+V
D
D+V

Figure 8.4
Figure 8.5
Figure 8.6
Figure 8.7

0.68
0.95
0.58
0.82

8.5

Maximum
Precision (at
Recall = 1)
0.65
0.91
0.09
0.13

Evaluation of signals selection method

Signal selection is crucial for further detection and validation. This chapter
evaluates proposed selection algorithms for their impact on recognition. The study was
conducted only on “person 0 data.” This approach eliminated the impact of error generated
by different persons on the final results. Figure 8.8 - Figure 8.11 depicts P/R graphs for each
of designed method used only with the pattern detection algorithm. Signals selected by
human being serves as a reference. Surprisingly, the results for spotting using reference
signals were not as good as expected. Their positive impact is noticeable only after
validation. The active joints method had similar results to the reference signals. The
outcome of the variance method is slightly different, but still similar in the sense of low
precision. A PR graph plotted from data obtained by the displacement method is totally
different and has much larger precision. The number of signals selected by the displacement
method is in each case bigger than rest of the method. Therefore, passive signals were
included in tracking and impacted precision. However, this is not desired behavior in the
case where we want to find a sequence first and then reject it using the validation procedure.
In other words, recall factor is the most important in this stage. It is high in all methods but
variance. The situation is totally different after validation (Figure 8.12 -Figure 8.15). The
outcome of algorithm using signals selected by active joints method and reference are
similar. Values close to the right upper corner signify the possibility to get the maximum
number of true sequences. Signals which were truly active and classified as passive by the
variance method decreased the recall factor after validation. The result of the displacement
method is slightly worse than before validation. The reason is the same as in the variance
method case, although classification errors were less so there is not so much impact on the
final results.
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Similarly to the previous section results were summarized with help of Average Precision
and Maximum Precision (at Recall = 1) factors placed in Table 8.2. An important fact is the
biggest Average Precision obtained for Displacement method. However this method can not
be credited as the best due to lack of occurrence recall factor equals to one when validation is
considered.
40

Table 8.2 Signal Selection methods - Average Precision
Method

Detection/Valid
ation

Graph

Average
Precision

Human
Active Joints
Displacement
Variance
Human
Active Joints
Displacement
Variance

D
D
D
D
D+V
D+V
D+V
D+V

Figure 8.8
Figure 8.9
Figure 8.10
Figure 8.11
Figure 8.12
Figure 8.13
Figure 8.14
Figure 8.15

0.68
0.68
0.88
0.65
0.95
0.95
0.97
0.86

Maximum
Precision at
Recall = 1
0.65
0.65
0.71
0.51
0.91
0.91
-------

This study showed that active joints algorithm can be successfully used as an automatic
signals selection method during a pattern creation. The outcome is very similar to that
generated by signals selected by a human being. Two remaining methods generate too much
error to use them without any modification.
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DEMO APPLICATION

The design and evaluation of the algorithms became the most important part of this thesis.
Nonetheless, the main inspiration was rehabilitation system which provides guidance and
monitors patient progress during home exercises. Although designing full system is beyond
the scope, interactive software application was created to record movement, create the
reference pattern and perform coaching of individual movements. It shows usability of the
developed time-varying motion pattern detection algorithm. Application was developed on
Microsoft Windows 7 using LabView programing environment. Figure 9.1 depicts the
interface allowing a user to record movement. Once motion is recorded, it can be used either
for simulation or creation of a pattern.

Figure 9.1 Recorder

9.1

Pattern creation and movement segmentation

Each pattern may be very complex and human scoring based only on a recognition
error may be not sufficient. Instead, movement can be divided into smaller pieces (segments)
and then each segment can be analyzed on its own. Figure 9.2 depicts a simple interface for
pattern creation. The interface consists of one 3D visualization and two graphs. Lower graph
allows the user to select the borders of whole pattern. The upper graph allows partitioning
into smaller segments. During this stage, only start-points and endpoints of a pattern are
designated. Before each pattern usage, Active Signals for each segment are selected using
method described in Chapter 4.2.
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Figure 9.2 Pattern Creation

9.2

Detector

The final part of the application is a detector, which utilizes the motion spotting
algorithm described in Chapter 6.2. During development, it turned out that detection based
on the minimum of error function introduced significant delay. In order to make detection
faster, the descendent slope of the function below threshold was taken into consideration.
Finally, the application allows four combinations of detection:
x Coarse – single
x Fine – single
x Coarse – free
x Fine – free
The parameter “single” denotes that the detector looks for single instance of movement;
once it is found, the detection process is stopped. When a part of a pattern is found, the
corresponding light is turned on (Figure 9.3). The light remains in its state until the user
starts detection anew. This approach provides time for analysis. It is easy to see when a
movement is done correctly or incorrectly. When detection is in “free” mode, the light is
turned on only for the time of one sample. This approach allows doing many attempts
without the need to restart the process. As mentioned, the minimum search introduces
significant delay, but gives the most accurate results. It was decided to implement two
algorithms. The Parameter “Coarse” concerns a situation when only the descending slope is
considered. When process is in the “Fine” mode, a minimum of function must occur in order
to signalize detection. In this case, additional information - the value of error function at the
minimum - is output. Regardless the detection method, the user may set an arbitrary
threshold below which detection occurs. The Kinesthesia Toolkit [40] was used in order to
display a 3D avatar of a human. Detection interface allows it to playback previously created
pattern in order to teach a user.
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Figure 9.3 Detector
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10

CONCLUSION & FURTHER WORK

The main goals of this work have been accomplished. Algorithms capable of
movement pattern detection within a sequence as either an offline or an online process have
been developed. The proposed methods have been evaluated and appropriate discussion is
presented in Chapter 8. Finally, the core method, motion pattern detection based on
Continuous Dynamic Programing, was implemented into interactive software application
which allows it to record movement, create the reference pattern and perform coaching of
individual movements. It showed the usability of the developed method. Even though the
algorithms were designed to aid coaching and rehabilitation process, they might be used in
any other area – e.g., gesture recognition, surveillance etc. Noticeably these algorithms are
not able to identify 100% of movement without mistakes. The best result achieved was
finding 82% of all movement with the precision of 83%. Average precision corresponding to
the same test was at level of 82%. The results are credited as satisfactory since recognition
was performed on a pattern without any additional training. Using only one recording
shortens time and reduces effort for each pattern creation, but affects the detection factor.
The other thing worthy of consideration is the level of movement abstraction. The presented
algorithm tracks each selected signal; thus, any deviation from the initial trajectory has an
impact on the final result. Reconstruction of exact initial trajectory is almost impossible and
not so important. People recognize movement on a highly abstract level and do not consider
relationship between each body part. The presented work is good start for further
development of more sophisticated algorithms. There are a least two ways to do this. The
first possible improvement would be to utilize the spotting algorithm to retrieve all
sequences with low precision and then increase the level of effort in validation stage. The
biggest advantage of this approach is the possibility of utilizing well-known algorithms from
the time series analysis communities. Recently popular Hidden Markov Models might be the
first attempt. The other improvement is to segment movement into more abstract chunks and
utilize the algorithms presented here to detect those segments. This case may take advantage
of segmentation and clustering as well. First, moves must be recorded and then, during
clustering, common parts/segment have to be recognized. Each pattern would be classified as
sequence of common abstract moves.
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