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ABSTRACT 
 

 
This report presents an acceleration based online dancer’s move recognition 

algorithms. Three dimensional acceleration signals are produced by four wireless 

accelerometers which are located on the legs of a dancer. All signals are transmitted 

to a computer by means of Bluetooth. The received signals are preprocessed and a 

classification algorithm recognizes the move. Based on the output of the classifier the 

corresponding melody is triggered. 

The goal of the project is to determine a machine learning based method for 

online move recognition. The considered methods are chosen to be a tradeoff 

between the classification precision and data processing delay. 

The three classification algorithms are discussed:  

1. Online k-means classification 

2. Dynamical Time Warping distance calculation method 

3. Support Vector Machine  

 As a preprocessing method the Principal Component Analysis is applied. 
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1. INTRODUCTION 
 
Let us here describe the general concept of the project and answer to the question: “Why 

do we need to recognize moves?” 

 

1.1 THE FRAMEWORK OF THE PROJECT 
 
The presented work is completed within the framework of the project “HOME”, 

proposed and organized by Mr. Gaspard Buma, the choreographer. 

The main idea behind the project is to create a performance where the dancer does not 

follow the music anymore.   Instead, the music will be played like dancer wishes. It 

means that the melody will be generated out of dancer’s moves. 

 In the Fig. 1.1 one can see the setup of necessary equipment for the project 

‘HOME’.

 
  
 

Fig. 1.1 Setup for the project ‘HOME’ [1] 
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The dancer has 4 accelerometers on both legs, like it is shown in the Fig. 1.1. Important 

fact to mention is that every accelerometer measures 3 projections of an acceleration 

vector, i.e. every accelerometer provides 3 signals, thus, at every time instance it provides 

12 signals. The sampling frequency is  

kHzFsampling 9.3
256
1

≈=      (1.1) 

The accelerometers are connected to the transmitter, which uses a radio channel to 

forward the signals to the receiver (PC). The data are, then, carried at the input of the 

classifier algorithm, which recognizes the moves. The output signal of the classifier is 

given to the audio generation system and a corresponding melody or a note is played. The 

last 2 steps are implemented in software.  

 

1.2 PROBLEM STATEMENT 
 

The receiver and audio generator are connected through the classifier. The goal of this 

project is to propose a sufficiently precise classification algorithm which will work in the 

real time. The speed of the algorithm is a crucial parameter because the delay between 

dancer’s move and the melody playing should be as small as possible. 

 

 

1.2.1 WINDOW CONCEPT 
 
Since in the real situation we cannot record the whole sequence and only then start the 

recognition process, we are going to introduce the window concept. It means that we 

record a part of the signal, say of time length W (measured in number of samples) and 

having only this part of the signal try to predict the possible move. In each algorithm step, 

the window is moved for a fixed number of samples, defined by the parameter ‘offset’.  

On the other hand it raises problems with recognition of transitions between the moves, 

because we don’t know does the signal in the window correspond to a pure move or it 

catches the transition phase.  
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1.2.2 DATA STRUCTURE 
 
The analyzed data base contains the signals recorded for seven different moves.  

The data are recorded in the five separate recoding sessions. We numerate the considered 

moves with digits from 1 to 7. The first three examples obtained this way contain the 

repetitions of the sequence of moves 1-2-3-4-5, while the remaining two contain the 

sequence 3-6-7-5. 

Table 1.1 provides summary of number of examples we had for learning and validation 

purposes. 

 

Class (move) Number of examples 
1 35 
2 35 
3 73 
4 35 
5 73 
6 38 
7 38 

Total: 327 
 

 

The Fig. 1.2 and 1.3 illustrate the form of the signals in sequences 1-2-3-4-5 and 3-6-7-5. 

Physically, moves 1 and 2 are done only with the right leg, move 3 involves small 

pressure on the right leg and higher energy for the left leg. Moves 4, 5, 6 and 7 are done 

with the left leg. It is possible to see in the Fig. 1.3 for example, that the signals on the 

first two graphs are almost on the noise level. The signals are segmented and labeled in 

advance, for the classifier training purposes. 

The Fig. 1.2 and 1.3 also help to illustrate the expected problem that moves have different 

duration in time (even the moves of the same class). The average length of the moves is 

182 samples.  

The Fig. 1.4 shows the histogram of time durations (in samples) of the all moves 

available in the data base. 

 

 

Tab. 1.1
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Fig. 1.4 Histogram of the moves’ duration. 
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2. K-means clustering 
 
K-means algorithm belongs to the class of unsupervised learning methods, which use 

clustering techniques to find a set of prototypes which represent well the distribution of 

the data points. K stands for the number of prototypes and must be decided in advance. In 

our case, we already now the number of moves, i.e. the number of data clusters, therefore, 

K is equal to 7. 

The algorithm involves a simple re-estimation procedure, as follows. Suppose there are N 

data points nxr  in total, and we wish to find a set of K representative vectors jω
r

 

where Kj ...3,2,1= . The algorithm seeks to partition the data points { }nxr  into K disjoint 

subsets jC  containing jN  data points, in such a way as to minimize the sum-of-squares 

clustering function given by [2] 
2

12
1∑ ∑

= ∈

−=
K

j Cx
j

n

j
n

xE
r

rr ω     (2.1) 

The update rule could be obtained by taking partial derivative of the error function 

described by Eq.2.1 

( )∑
∈

−−=
∂
∂

−=Δ
j

n Cx
j

n

j
j xE

r

rr
r

r
ωη

ω
ηω     (2.2) 

where η is learning rate parameter. Formula (2.2) represents batch rule. There is a 

theorem which states that after algorithm convergence each prototype is in the center of 

‘its’ cloud of data. Indeed, after convergence 0=Δ jω
r

 and from the batch rule (2.2) 

follows 

( ) j
CxCx

n

j
n

j
n

x ω
rr

rr ⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
−⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
= ∑∑

∈∈

0     (2.3) 

and 

∑
∈

=
j

n Cx

n

j
j x

N r

rr 1ω      (2.4) 

Eq.2.4 describes the final position of a prototype as a center of mass of ‘its’ data points. 
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2.1 Resampling and prototype calculation 
 
The first problem we meet is that our examples of the moves, as it was mentioned in the 

Introduction part, have different duration in time. Thus, we need to resample recorded 

signals. We resample all the moves to the average duration of 182 samples. Now, every 

repetition of every move has 12 dimensions, since we have 12 signals and time length of 

182 samples. In this case each move is represented as a matrix of dimension 12182×  

12,1822,1821,182

1,2

12,12,11,1

......
...............
...............
............

......

aaa

a
aaa

 

For k-means calculation it is easier to use vectors. Here and later we will transform the 

matrix representation of the move into vector form by following construction scheme: 

take the first column of the matrix, align it horizontal way, then take the second column 

and add it to the end of previous column, then take the next column and repeat the 

procedure. Finally, one should obtain a vector of dimension 218412182 =× . 

( )12,1822,11,1821,1 ,...,,..., aaaav =r  

We use Eq.2.4 in order to compute 7 prototypes. 

  

2.2 Offline classification of the resampled signals 
 

Now, let us try to apply the prototype calculation scheme for offline classification. By 

offline classification we understand that all signals are available (all 182 samples) and we 

know there is the beginning and end of the move, we can record it and do the 

classification. We split randomly our moves represented with 327 vectors to learning and 

validation sets (respectively 60% and 40% of all data we have). The prototypes are 

calculated from the data in the learning set for each class. 

The validation set is used for error calculation. We use Euclidean distance for evaluating 

how ‘far’ the new data vector from the prototype is 
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( )∑
=

−=
N

i
ii xxD

1

2),( ωω rr     (2.5) 

The classification decision is based on the smallest distance. For example if the new data 

vector has the smallest distance from the prototype 5, it means that the output of the 

classifier is 5. Here and further we will use the percentage of errors as the measure of 

algorithm performance. We say that there is an error if current output of the classifier is 

not equal to the input target – Err=1. If the output and the target are the same, the error is 

Err=0. For an arbitrary i  

⎩
⎨
⎧

=
0
1

)(iErr
if
if

)()(arg
)()(arg

ioutputiett
ioutputiett

=
≠

   (2.6) 

The final error percentage is defined as 

∑
=

=
NV

i

iErr
NV

E
1

)(100      (2.7) 

where NV is the number of data vectors of the validation set. In case of the offline regime 

we repeated the classification procedure 1000 times and each time computed the error on 

the validation set. The following histogram shows the distribution of obtained errors for 

1000 algorithm repetitions. 
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Fig. 2.1 Histogram of misclassification frequency. More than 300 times the 
algorithm runs the error was 0. 
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In the Table 2.1 there are given distances between the prototypes (the offline 

classification error was 0 was this case). 

 

 1ω
r  2ω

r  3ω
r  4ω

r  5ω
r  6ω

r  7ω
r  

1ω
r  0 0.27804 0.36019 0.26918 0.26047 0.28758 0.25626 

2ω
r  0.27804 0 0.30271 0.20727 0.20731 0.21975 0.19725 

3ω
r  0.36019 0.30271 0 0.26163 0.22996 0.2297 0.23759 

4ω
r  0.26918 0.20727 0.26163 0 0.11827 0.11704 0.068839

5ω
r  0.26047 0.20731 0.22996 0.11827 0 0.12809 0.099079

6ω
r  0.28758 0.21975 0.2297 0.11704 0.12809 0 0.11926 

7ω
r  0.25626 0.19725 0.23759 0.068839 0.099079 0.11926 0 

 

 

 

The distances among all prototypes are measured using Euclidean distance (see Eq.2.5). 

An important fact to be mentioned is that the shortest distance is between prototypes 4 

and 7: ( ) 0688.0, 74 ≈ωω
rrD .  

In the Table 2.2 we give evaluation the following ratio 

( )
( )( )ij

Cx
j

D

xD
M

jR j

ωω

ω

rr

rr
r

,min

,1

)(
∑
∈

=     (2.8) 

where ij ≠  and 7...1, =ij , the numerator represents the average distance of the 

validation vectors of the class j from the prototype j; the denominator stands for minimal 

distance among the prototypes. 

 

R(1) R(2) R(3) R(4) R(5) R(6) R(7) 

2.1265 3.5961 5.9838 6.613 4.2064 9.6491 7.1637 
 

 

Tab.2.1 An example of distances among the prototypes. Offline 
classification error is 0.  

Tab.2.2 The values obtained using the equation 2.7. Results for 7 
available classes/moves. 
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An interesting fact is that these ratios are grater than 1 and the classification error is 0. It 

could be considered as a complex form of data cloud in high dimensional space 

(remember that the dimension is 2184). This could be interpreted as the potential lack of 

robustness to noise. The prototypes seem to be closer to each other, than to the 

corresponding data clouds. On the other hand, the classification error is 0. We will 

address the problem of data dimensionality later in the chapter 4, where we will speak 

about Principal Component Analysis. 

 

2.3 On-line k-means implementation 
 

So far we discussed the possible classification algorithm and some interesting properties 

of data such as:  

1. Class 4 and class 7 are the nearest classes; 

2. Data has strange form in the high dimensional space 

Now, let us consider K-means variation adapted to work in the online regime. Further in 

the text we will call on-line k-means implementation as ‘method 1’.  

In the introduction of the report we stated that for online classification we need a concept 

of window. Suppose we have only a part of the recordings, falling in the window of W 

samples, available at each algorithm step. If we transform this recorded signal to the 

corresponding vector, we will obtain the vector of length 12×W . Of course, one can 

choose 182=W , and we will be able to compare directly the considered signal with the 

prototypes calculated before. Choosing so big window size will, inevitably, lead to 

unacceptable latency, The real time effect will disappear since 182 samples correspond to  

0.71 seconds, for the given sampling time, and half of the moves are shorter than this 

time. Natural question rises here: how to compare two vectors of different length? There 

could be different ways. In this chapter we discuss ‘step by step comparison’ and in 

chapter 3 we consider more powerful method – Dynamical Time Warping.  

The main idea of the on-line k-means is the following. We calculate seven prototypes. In 

Fig.2.2 we give the schematic representation of the analyzed signal. For the step n we 

extract the signals within the window W(n) and use it as the input into the classifier, 

together with the information about the corresponding move performed. 
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The following pseudo code explains the algorithm’s procedure. W denotes the window 

size. 

for  each algorithm step n 

- extract the signal S in the window W(n) 

for  each prototype p 

for each position j=1:(182-W) 

- calculate d(j,p)=Euclidean distance between S and 

prototype part p(j:W+j) 

Compare the distances for all  the prototypes and find the class as: 

    class = arg min_p  (d(j,p)) 

The ‘method 1’ is intuitive and simple to understand. It works fast even with Matlab 

implementation. 

 

2.4 Discussion of the classification results 
 

Now we have an algorithm which can have handle the problem of different vector length. 

But two questions are still open: which window size is optimal and what offset should be 

used? In this section we present analysis of the influence of these parameters on the 

algorithm performance, as well as the method for choosing the optimal parameter values. 

 

 

 

Fig. 2.2 An illustration of signal windowing. 
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2.4.1 Error as a function of the window size 

 

The following figures show the behavior of the classification error with respect to 

window size. The results for different number of samples in prototypes are shown. For 

every window size the algorithm is run 500 times. Two curves are displayed: 1. mean 

values of errors for given window size; 2. minimal value of error. 

 

 

 

 

 

 

 
Fig.2.3 Classification error, on the 
validation set, as a function of the 

prototypes length.  
First row – prototypes of  90 samples 

(left figure), 100 samples (right figure);  
second row – 115 samples (left), 150 

samples (right); third row -  182  
samples .Offset is half of the window. 
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From the plots above one can see that mean error is very high – is it greater than  

35% for all window sizes and for prototypes’ rows number in a range from 90 to 182 

samples. Only in case of 182 samples, minimal error is below 10%.  

For every window value we kept the prototypes which gave the smallest error on 

validation set. 

 

2.4.2 Error as a function of the offset size 
 
The Fig.2.4 illustrates the dependence on the offset value. 

10 20 30 40 50 60 70 80 90 100
10

15

20

25

30

35

40

offset size

er
ro

r (
%

)

Classification Error (182 samples)

mean error over 100 runs
minimal error value

 
 

 

The offset size is measured in number of samples. One can see that, on average, the error 

level remains the same. It means that the offset size does not influence significantly the 

classification results. 

Fig.2.4 Classification error on validation set as a function of the offset size. Prototypes are 
182 samples long. 
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At the other hand, the offset value controls the number of classifier outputs per time unit 

– the smaller is the offset, the bigger is the number of data segments classified, i.e. the 

bigger is the frequency of classifier outputs. As a consequence, decreasing the offset 

increases the computational complexity of the algorithm. Therefore, one can think of the 

offset as about the additional free parameter that allows tuning the algorithm speed 

without influencing the classification error.   

 

2.4.3 The correlation between move 4 and move 7 
 
During the analysis of the reasons why the classification error is so high, we discovered 

that more then 90% of moves 7 are recognized as move 4. Move 7 is the longest one and 

the number of examples of this class is dominant. Fig. 2.5 shows the targets and output of 

the classifier for every window. When there is a transaction between two sequential 

moves the target is not defined, thus the signal is 0. 

0 10 20 30 40 50 60 70 80 90 100
0

1

2

3

4

5

6

7

window position

ta
rg

et
s 

an
d 

ou
tp

ut
 o

f t
he

 c
la

ss
ifi

er

output of the classifier
targets

 
 Fig.2.5 The comparison of targets in a given window and the output of the classifier. The 

figure illustrates the problem that move 7 is misclassified as move 4. The blue curve occurs 
only when the classifier disagrees with target values. 
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This interesting fact of misclassification of move 7 is confirmed by the minimal distances 

among the prototypes in offline classification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2.7 shows that if we exclude class 7 the error is reduced approximately two times.  

One possible explanation of the obtained result is that the move 7 and move 4 in both 

sequences of moves represented in the data base are penultimate and influenced by move 

5 which is the last in both sequences. There could be also problem of wrongly marked 

sequences. 

Presented on-line k-means algorithm has positive and negative sides. First of all it is 

naïve algorithm. It is easy to understand how the algorithm works. The computation time 

is not long. But, the main drawback is performance. It does not distinguish between 

moves 4 and 7 and has high level of misclassification. 

Fig.2.6 The comparison of classification error with and without class 7 (move 7). The pink 
curve is mean  error with class 7, the red - without class. 

The black curve – minimal error without class 7, the blue curve – minimal error with class 7. 
Prototypes have 182 time samples.
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3. DYNAMIC TIME WARPING 
 
In the chapter 2 we used Euclidean distance measure to compare the vectors. This fact 

required vectors to have the same dimension, i.e. to ‘line-up’. That is why we compare 

the signal in the window with identical size parts of the prototypes. Another drawback of 

the introduced ‘method 1’ is that it doesn’t take into account the time variability of the 

signals. One move could be slower, another – faster, but the corresponding relevant 

signal features stays the same. In the Fig. 3.1 two different repetitions of the move 1 are 

given in order to illustrate the advantage of dynamic time warping.  
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Alternative: DTW is first introduced in the field of speech signal recognition. 

 

Fig. 3.1 An example of advantage of DTW. A) The signal corresponds to the slower move.  
B) The same move was repeated faster. 

The red arrows show the point to point alignment between the two sequences. 
 DTW can efficiently find an alignment between the two sequences (black arrows) that 

allows a more sophisticated distance measure to be calculated. 
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3.1 The classic DTW algorithm 

 

Suppose we have two time series Q and R, of length n and m, respectively 

{ }
{ }mj

ni

rrrrR
qqqqQ

rrrr

rrrr

,...,,...,,
,...,,...,,

21

21

=
=

     (3.1) 

We denote with R the reference time series, Q stands for an arbitrary sequence which we 

compare with the reference. The elements of both time series can be vectors, in case of 

multidimensional time signals, or scalars for one-dimensional signals.  

To align two sequences using DTW we construct an n-by-m grid1 where the (ith, jth) 

element of the grid contains the Euclidean distance between the two vectors (or scalars) 

iqr  and jrr . Each grid element ( )ji,  corresponds to the alignment between the points iqr  

and jrr . Fig. 3.2 illustrates this. A warping path W, is a contiguous (in the sense stated 

below) set of grid elements that define a mapping between Q and R. The kth element of W 

is defined as kk jiw ),(=  so we have 

{ }Kk wwwwW ,...,...,, 21=      (3.2) 

with 

        1),max( −+<≤ nmKnm      (3.3) 

The warping path is typically subject to several constraints (Tab.3.1). 

 

Boundary 
conditions 

)1,1(1 =w  and ),( nmwK = , this requires the warping path to start 
and to finish in a diagonally opposite corner cells of the grid 
structure. 

Continuity 
Given ),( bawk =  then )','(1 bawk =−  where 1'≤− aa  and 

1'≤− bb . This restricts allowed steps in the warping path to 
adjacent cells (including diagonally adjacent cells). 

Monotonic 
Given ),( bawk =  then )','(1 bawk =−  where 0'>− aa  and 

0'>− bb . This forces the point in W to be monotonically in time. 

 

 

 

                                                 
1We try to avoid the term matrix because the indexing of a grid begins in the lower-left corner  

Table 3.1 The warping path constraints [3]. 
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There are many  warping paths that satisfy the conditions in the Table 3.1. However, we 

are interested only in the path which minimizes the warping cost, defined as 

⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

= ∑
=

K

k
kw

K
RQDTW

1

1min),(     (3.4) 

We use K in the denominator in order to compensate the fact that warping paths may 

have different length. 

This path can be found very efficiently using dynamic programming to evaluate the 

following recurrence which defines the cumulative distance ),( jig as the distance 

),( jid found in the current cell and the minimum of the cumulative distances of the 

adjacent elements  

 

{ })1,(),,1(),1,1(min),(),( −−−−+= jigjigjigrqdjig ji
rr  (3.5) 

 

Fig. 3.2 An example of warping path. The signal on 
the left side of the grid is reference signal. The signal 

above is test signal [3]. 
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3.2 Simple classification example 
 

Now we apply DTW distance measure for our classification problem. Since each signal 

contain 12 measurements (from 4 electrodes), we can consider it as a sequence of 12-

dimensional vectors obtained in recording time instances. The dimensions of vectors iqr  

and jrr  are 12. The length of reference time series is equal to 182. 

We apply the following procedure: first, split randomly all data we have into learning and 

validation set. Then resample the signals in the learning set to 182 samples. Choose 

randomly one 12 dimensional signal for every class out of the learning set. We say that 

these signals are reference ones. Then we take a window from the signals in the 

validation set. For every window we calculate DTW distance between the signal in the 

window and every reference signal. The output of the classifier is determined after the 

minimal DTW distance. The Fig. 3.3 summarizes the results. We run the algorithm 50 

times. 

 
 

 

 

 

Fig.3.3 Classification error with DTW distance measure. 
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One can notice that the error decreases below 10% for the window size bigger than 100 

samples. Therefore, this approach provides the improvement compared to ‘Method 1’ 

results, but requires longer computation time.  

But, the computation time is higher. For ‘method 1’ it takes approximately 0.05 sec to 

classify the signal of 100 samples. DTW procedure takes more than 1 sec. The time is 

given for Matlab simulations. We hope that DTW implementation in C enables 

computation time sufficiently short for the application of interest. 

 

 

 

 

 

 


