IJSART - Volume 4 Issue 5 - MAY 2018

ISSN [ONLINE]: 2395-1052

Expressibility Coefficient: An Alternative Approach to
Compare Complexity of Two Discrete-Time Signals

Anand Muraleedharan Geetha ?, Vishnu Viswanathan 2

Abstract- The work attempts to propose an alternative
approach to currently existing methodologies in comparing
complexity of any two discrete-time signals. The measure
Expressibility Coefficient (EC) is introduced to express the
relative easiness of representing one signal as a set of
polynomials over the other. The results obtained proves the
practical applicability of this methodology when used to
analyze the dynamics of signals from complexity perspective.
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1. INTRODUCTION

Approaches adopted to data processing aspects of
inputs to a system, such as in case of computer integrated
manufacturing or onboard intelligence, can critically influence
its performance and scalability. A reliable measure to express
the complexity of input signals to a system enables us to
design systems that are more adaptable to the needs with
respect to dynamics of their inputs. Throughout this work the
term complexity would mean the complexity of a time series.
The potential applications of a having a concrete concept of
complexity would be numerous like standardizing definitions
of “complexity to test a given system”, “Predictability of the
inputs to the system” etc.

Though we cannot, at present, point towards an
existing ubiquitously agreed notion on complexity, what could
be more agreeable is that a constant signal would be the one
with least complexity. The approach followed by [1] is to
measure the complexity in terms of the effort to compress the
given sequence by a compression algorithm. In the specific
case of NSRPS discussed in their work. The famous approach
of entropy based measurements have been discussed in many
works [2] [3] [4] [5].

However, the current work, attempts to provide an
alternative way to compare the complexity of two signals of
same length. This approach however won’t involve the effects
due to repeating patterns within the signal and have not been
researched against binary sequences.
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Il. PROPOSED ALGORITHM

The approach is to divide these two signals to
minimum number of sub-signals such that each sub-signal is
the longest time duration for which the amplitudes could be
represented as a polynomial of order O without loss of
necessary precision. The objective of the algorithm would be
to estimate Expressibility Coefficient EC, the relative easiness
of fitting these signals to a set of polynomials. EC would
essentially be ‘the ratio of average length per segment of two
signals’, such that the signals are divided into least number of
sub-signals each represented as a polynomial of order O.

The proposed method to derive EC for a pair of signals is as
below

1. Both the signals, S1 and S2, being considered for the
comparison must possess same length L

2. Length sl1l1, for S1, shall be the longest sub signal
starting from the 1% sample which could be
represented as a polynomial of order O within
acceptable tolerance ‘Res’. Polynomial regression is
used in the following examples to do the fitting.

3. S1I2 shall be the longest sub-signal starting after s111
which could be represented and so on. Slinl is the
nth sub-signal of S1.

4. Similarly, S2li is the i" sub signal for S2

5. Average length of these sub-signals is an estimate to
how complex the representation of these signals
could be. If average length of signals is more when
compared to other signal, it means it is easier to
represent this signal and thus less complex.

6. Expressibility coefficient is given by
n2 T length (s11i)*

EC = . -
nl X2, length(s21j)?

Where nl1 and n2 are respectively the number of sub-
signals in S1 and S2

7. EC>1=> signal 2 is more complex, EC<1 =» signall
is more complex, EC==1=» same complexity
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Thus we shall not be interested in the precise numerical value

In graphs pertaining to variation of EC with order,
of the EC derived.

“True Condition’ represents which among the condition is
satisfied according to the derived EC and ‘False Condition’
Sgnal1 Sgnal2 represents the ones which do not.
p " e . The transition in continuous lines shown in the figure
are just for representation and doesn’t imply the particular
i al order at which transition happens.
¢ » <
The result shows that for orders O>=11 with
acceptable tolerance ‘Res=107-6", the EC comes to 1 and the
both sine and constant used have same complexity. For orders

O<11, the sine is estimated to be more complex as expected.
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3.2.1. Constant Signals
11l. RESULTS
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3.3. random signal and sine

A
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3.4. Tests with random signal

3.4.1. Embedding sine region within random signal
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3.5. Effect of Res (Fitting Precision)

www.ijsart.com



IJSART - Volume 4 Issue 5 - MAY 2018

signall
2 : : g : —
e AN
y N
1F yd AN
3 / \
E] / AN
5 OR ya
:
/
At //
N 7
2 ™ l . . . .
100 200 300 400 500 600
time index
signal2
2 - ‘ 2 — ; ;
1k
@ \
k=1 \
2 o/ \ y
g N\ /
© \ /
At \
\
2 L S L AN L
100 200 300 400 500 600
time index

Variation of EC with Res

—<——condition1: signal2 more complex than signall
—=—— condition2: signall more complex than signal2
—©S—condition3: signall has same complexity as signal2

e
=)

ISSN [ONLINE]: 2395-1052

signal1: week 31
T T T

o
S

i

T
i

amplitude Volts
(=]
g o '
- N
T

' b"\“’l‘r'v”“” Ahvsffremrn

ol
o
&

I
100

0.2 T

. . . . .
200 300 400 500 600 700 800
time index

signal2: week 36
T T T

e
o

PNM

JM

1 I l

amplitude Volts
g

ol
o
o

[k
l

Ml w o

N

MU [ HM
\““u u\ %\”””” ¥

|
\‘\M\J ’r\‘\/ \’w\ju
I I

100

. . . . . .
200 300 400 500 600 700 800
time index

Variation of EC with Order

—<— condition1: signal2 more complex than signal1
—==— condition2: signal1 more complex than signal2
—&— condition3: signal1 has same complexity as signal2

True condition

False condition S &
1e-06 0.0001 0.001 05 1 2

Res Value

3.6. Real World Signals

3.6.1. Phonocardiographic (PCG) signals over gestational
weeks

The comparison of PCG signal complexity variation
over 3 gestational weeks is performed [6][7][8].

With a Res (acceptable tolerance) set to 107-3, we get

the following results. Discussion on medical inference is
beyond the scope and is not the objective of the current work.
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3.6.1. Driver’s Data

A set of signals fetched from a driver’s real time recordings
[6][9] are compared in three pairs.
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IV. DISCUSSION

This measure is practical enough, as shown from the

results obtained, to assist in identification of more complex
signal, among any two given signals represented as time

series.

Relevance of this method in comparing binary

sequences is yet to be studied, so are the modifications
required in incorporating comparison of multiple signals with
different lengths.
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