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This paper presents information-theoretic analysis of time-series data to detect slowly
evolving anomalies (i.e., deviations from a nominal operating condition) in dynamical
systems. A measure for anomaly detection is formulated based on the concepts derived
from information theory and statistical thermodynamics. The underlying algorithm is ﬁrst
tested on a low-dimensional complex dynamical system with a known structure—the
Dufﬁng oscillator with slowly changing dissipation. Then, the anomaly detection tool is
experimentally validated on test specimens of 7075-T6 aluminum alloy under cyclic
loading. The results are presented for both cases and the efﬁcacy of the proposed method
is thus demonstrated for systems of known and unknown structures.
& 2008 Elsevier Ltd. All rights reserved.
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1. Introduction
Anomaly in a dynamical system is deﬁned as a deviation of the system performance from the expected or the nominal
behavior. Usually resulting from slow parametric or non-parametric changes within the system, growth of anomalies often
leads to degraded performance and eventually premature end of service life. Anomaly detection is essential for sustaining
order and normalcy in human-engineered complex systems.
Anomaly detection and fault estimation in engineering systems can be broadly classiﬁed into two categories—model
based and dynamic data-driven. In the model-based category, observer-based techniques are commonly used, where
certain residuals or diagnostic signals are generated for use in optimal or adaptive threshold functions to detect the
presence of faults. Residuals are generated by estimating system’s measured variables using a deterministic observer or a
stochastic ﬁlter [1]. These observers are often designed based on a linear model or a Jacobian linearization of the system
model at the operating points. These linear or linearized models are reasonable approximations of the complex system
when operating under the nominal condition; however, in case of evolving anomalies system nonlinearities may become
too large to be ignored or approximated. Furthermore, it is very difﬁcult to model anomalous system behavior because such
anomalies (e.g., incipient faults) are usually unknown and are too complex to model. Furthermore, the fault might be
entering the system in a more complex manner than as an additive signal. These issues have motivated the study of
anomaly detection in dynamical systems using a data-driven approach, where the dependence on a physics-based system
model is reduced. Various data-driven methods have been reported in literature for fault diagnosis and failure prognosis.
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Examples are linear classiﬁcation techniques (e.g., support vector machines (SVM) [2] and principal component analysis
(PCA) [3]), methods based on nonlinear dynamical systems [4–7], neural networks [8], and statistical methods [9]. This
paper follows a statistical data-driven approach where the dynamical system is treated as a black-box spewing time-series
data that are used to extract pertinent information about system characteristics and monitor its behavior with evolution in
time. The knowledge of a physics-based model, if available, will supplement the information generated from the measured
time-series data.
Recent literature [10,11] has reported a statistical pattern identiﬁcation technique for anomaly detection, based on
symbolic time-series analysis (STSA) [12]. A comparative evaluation of this novel analytical method demonstrates its
superior performance relative to other existing pattern recognition tools, such as PCA and artiﬁcial neural network (ANN) in
terms of early detection of small changes in dynamical systems [13,14]. A new technique of pattern identiﬁcation for
tracking anomaly evolution, based on the concepts of statistical thermodynamics [15] and information theory [16], has
been presented by the authors in recent conferences [17,18]. This paper consolidates and enhances this concept to build a
rigorous theory based on thermodynamic formalism of complex systems for anomaly detection.
The theoretical concepts, presented in this paper, are ﬁrst applied to analysis of a low-dimensional nonlinear
system—the Dufﬁng oscillator with slowly varying dissipation parameter [10,19]. This approach serves as a test case for
proof of the concept, where the system structure is known and the expected behavior is understood and has been wellstudied in available literature [20]. The validated concept is then applied to monitor fatigue damage in polycrystalline
alloys (e.g., 7075-T6 aluminum alloy) by experimentation on a laboratory apparatus [14]. It is shown that the proposed
method can be effectively used to monitor and detect incipient faults, eventually manifesting themselves as phase
transitions in the thermodynamic sense.
The rest of the paper is organized as follows. Section 2 presents the details of the analytical formulation. Theoretical
formulation of the proposed methodology is tested by simulation on a Dufﬁng oscillator in Section 3. The method is
experimentally validated in Section 4 for anomaly detection on a laboratory apparatus to detect fatigue failure. The paper is
summarized and concluded in Section 5 with suggestions for future work. Necessary background materials that have been
reported in detail in earlier publications are succinctly reported in the appendices for the sake of completeness of the work
presented in the main text.

2. Methodology
This section presents the methodology formulated in this paper to analyze (possibly) anomalous behavior of complex
dynamical systems based on the concept of thermodynamic formalism [21,22] as explained below.
Classical equilibrium thermodynamics deals with the study of macro-level description of evolution as certain
parameters change quasi-statically relative to the micro-level response time of the dynamical system. Therefore, the macroproperties of the quasi-static system are described while being oblivious to the underlying micro-motion. The bridge
between the micro- and macro-properties is provided by statistical thermodynamics where a statistical approach is used to
study the micro-motion based on the observed macro-values. In essence, a statistical thermodynamic approach is suitable
for studying any system where it is possible to make a distinction between micro-motion and macro-behavior.
In case of human-engineered dynamical systems, fast dynamics of the system can serve as the micro-motion, while the
slow dynamics that affect the macro-behavior could be, for example, due to drifts in critical parameters or may result from
gradual changes in the environment. Usually, in these cases, the macro-behavior and (possibly) the micro-motion can be
observed from direct measurements (e.g., sensing devices) or analytically derived from other direct measurements. This is
unlike the case of classical statistical thermodynamics of gases, where only the macro-variables can be observed and the
micro-motion is not directly measurable; the statistics of micro-motion are estimated from the measured macro-values.
Therefore, in human-engineered systems, both the problem of describing the macro-behavior based on micro-motion
(forward analysis) and the problem of estimating the micro-motion statistics using observed macro-values (inverse
analysis) are well-deﬁned. This forms the backbone of the concept presented in this paper, where a combination of both the
forward and the inverse analysis is used to construct a measure of net information gain (or entropy loss) to monitor
anomaly evolution in a dynamical system.
The key idea of the work reported in this paper is to utilize the concepts from statistical thermodynamics and
information theory for anomaly detection by data-driven time-series analysis of observables, generated from one or more
sensors, that does not require prior knowledge of the system model. It should be noted that the major motivation for
thermodynamic formalism is to deal with complexity of the nonlinear system under consideration, not necessarily high
dimensionality of the state space.
Entropy (or information) is a pivotal concept in statistical thermodynamics and dynamical systems for quantifying the
degree of uncertainty. Recent literature has reported applications of information-theoretic techniques for analysis of
nonlinear dynamical systems. Examples are mutual information to study synchronization among coupled systems [23],
transfer entropy to detect nonlinearities due to evolving anomalies [24], and direction of information ﬂow from one
subsystem to another [25].
Information is generated as the system dynamics evolve over time. Given a reference probability density, information
gain (or entropy loss) can be quantiﬁed by using a measure of relative information gain (e.g., Kullback–Liebler [16]). In this
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paper, the reference probability density is estimated from the current macroscopic observations, such as energy, instead of
a ﬁxed nominal density. The evolution of (possible) anomalies could be monitored from statistics of the system trajectory
in the phase space [26] or in a transformed space (e.g., wavelet space [10,11]).
Sensor data can be generated from a self-excited system, such as vibration data from a mechanical structure, or in
response to external stimuli such as ultrasonic excitation. In both cases, the task of anomaly detection in complex systems
is identiﬁed as a two-time-scale problem that separates micro-motion and macro-behavior. This concept of a two-timescale approach has been reported in literature [10,27] and the references cited therein, to decouple the slow parametric
drifts (anomalies) present in system from the relatively stationary fast dynamics of the system. A similar approach is
followed here in this paper and the following assumptions are made.

 On the time scale of micro-motion, called the fast scale, the system behavior is quasi-stationary.
 Relative to the fast scale of micro-motion, parametric or non-parametric changes in the system evolve on a much
(e.g., several orders of magnitude) slower time scale, called the slow scale.
The choice of the time scales in the above assumptions is dependent on the dynamics of the system under consideration
and the rate of change of system behavior (i.e., possible anomalies). For example, an anomaly may evolve in the slow scale
of hours due to changes in the critical parameter(s) of a mechanical system vibrating on the fast scale of milliseconds.
Following conclusions are drawn based on the above two assumptions.

 A long time span in the fast scale is a short (e.g., several orders of magnitude smaller) duration in the slow scale. The


time span in the fast scale, over which the statistics of micro-motion remain stationary, is called an epoch in the slow
scale.
Change(s) in macro-properties that are indicative of anomaly, evolve in the slow time scale. Thus, an anomaly remains
constant over an epoch.

2.1. Space partitioning and energy levels
To extract the statistics of micro-motion of a given dynamical system, the phase space of the system is partitioned into
cells of appropriate size. The region of interest is usually contained within a compact (i.e., closed and bounded) region of
the phase space, which is identiﬁed and partitioned. The feature of interest here is not the exact locations in the phase
space, visited by the system in fast time, but the relative frequency with which different regions of the phase space are
visited over a given period of time (epoch). This approach is not only a tractable choice but also it is believed to preserve the
basic characteristics of the system dynamics with an appropriate choice of the partition [28].
Several partitioning techniques have been reported in literature for coarse graining of the state space [12,26] primarily
based on symbolic false neighbors. These techniques may become cumbersome and computation-intensive if the
dimension of the state space is large. Moreover, if the time-series data are noise-corrupted, then the symbolic false
neighbors would rapidly grow in number and require a large symbol alphabet to capture the pertinent information on the
system dynamics. This paper has adopted a wavelet-based partitioning where the wavelet transform [29] largely alleviates
the above shortcomings and is particularly effective with noisy data from high-dimensional dynamical systems. The
motivation behind using a wavelet-based approach is the ability of the wavelet transform to perform ﬂexible localization
both in time and frequency. This ability is relevant in the area of anomaly detection. The choice of wavelets is dependent on
the system under consideration and the frequency range of interest in the observed data sequence. A detailed formulation
and evaluation of the wavelet-based partitioning method adopted in this paper is presented in [11] (Appendix B), while a
literature review on various applications of wavelet transform for fault diagnostics can be found in [30].
The wavelet-transformed data are partitioned by using the maximum entropy principle [11] such that the regions rich in
information are partitioned ﬁner and those with sparse information are partitioned coarser. Maximum entropy is achieved
by a partition that produces a uniform probability of all partitions (cells). Partition once obtained is kept ﬁxed for further
calculations. Fig. 1 shows an illustrative example, where the partitioning has been done to create 10 cells (partitions), the
size of the cells (width in this case) is smaller for regions with higher density of data points. This ensures an unbiased
partition such that each cell gets equal number of visits to begin with. Sensor time-series data are used to compute the
estimated statistical distribution of cells visited by the system trajectory in an epoch [10,11]. Therefore for m cells the vector
p^ k ¼ ½p^ k1 ; . . . ; p^ km  at an epoch k, as the observed probability distribution, is computed by a relative frequency count with a
P
^k
stopping rule [31] (Appendix B.3). Therefore each p^ kj 2 ½0; 1 and m
j¼1 pj ¼ 1.
Each cell j of the partitioned space is then identiﬁed with a value M j of a macro-variable M such that so long as the
system trajectory stays within the cell j, the averaged characteristics of the system are given by M j. Therefore, M is treated
as a random variable that takes the value M j with probability pj, i.e., the probability of being in cell j is pj . An intuitive choice
of the macro-variable M is energy, which is chosen for the formulation presented in this paper. Obviously, there could be
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Fig. 1. An example of maximum entropy partitioning.

other possible choices of the macro-variable M to deﬁne the equivalence classes; ﬁnding the criteria for an appropriate
selection is a topic of current research.
Given a data sequence Y ¼ fyi gN
i¼1 at the nominal condition, let G9fg0 ; g1 ; . . . ; gm g, where ymin ¼ g0 ogj ogjþ1 ogm ¼
ymax ; j ¼ 1; 2; . . . ðm  2Þ be the maximum entropy partition [11] of the space O9½ymin ; ymax  that creates m-cells as seen in
Fig. 1. Then, the energy Ej associated with the cell j (corresponding to the region ½gj1 ; gj ) is chosen to be a function j of the
cell boundary points as
Ej 9jðgj1 ; gj Þ ¼

g2j1 þ g2j

!
(1)

2

If the data points are uniformly distributed within a cell for every cell of the partition, the error between the actual
P
P
2
p^ j Ej , is minimized for
average energy ð ð1=NÞ N
i¼1 yi Þ of the signal and its estimate, obtained as the expectation E9
2
Ej ; j ¼ 1; 2; . . . ; m, deﬁned in Eq. (1). This is because Ej is the arithmetic mean of energies ðyij Þ of data points in the cell j and




 


N
m
m X
m X
X
 1 X
X
X


1X
1
1


2
2 
2


^
yi  ¼ 
nj Ej 
ðyij Þ p
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where N is the total number of data points collected in that speciﬁc epoch; nj is the number of times the cell j is visited; and
nj
ij ’s are the indices of the nj data points belonging to energy level j. That is, fyij gj¼1
is the set of data points belonging to cell j
and is a subsequence of the sequence fyi gN
i¼1 .
If the distribution within the cells is non-uniform, then it follows from Eq. (2) that
Dp

m X
m
1X
1X
jEj  ðyij Þ2 jp
n max jEj  ðyij Þ2 j
N j i
N j j ij
j

¼

m
X
j

p^ j

ðg2j  g2j1 Þ
2

p max
j

ðg2j  g2j1 Þ
2

¼C

(3)

The error D in the estimation of the expected energy E is bounded above by a constant that is dependent on the size of
the largest cell in the partition. The estimation error D is usually reduced by increasing the number of cells. However, there
are upper and lower bounds on the number of cells. The upper bound is dependent on the number of data points, which is
dictated by stationarity of the estimated probability vector p^ k (Appendix B.3), and the lower bound is a function of system
dynamics (Appendix B.2).
Therefore, the above construction realizes each partition ½gj1 ; gj  as an energy level j such that a data point belonging
into this region has an average energy Ej. From a statistical thermodynamic point of view, a point in the phase space
corresponds to a micro-state of the system while an energy level j is an equivalence class of micro-states characterized by
the same energy value Ej . Therefore, during an epoch k the system trajectory can be said to visit several micro-states
(or points in phase space) of the system. Grouping the micro-states into equivalence classes Ej ’s based on energy reveals the
distribution among the various energy levels Ej ’s. In the forward calculation of estimating macro-values based on microPm
^
motion statistics p^ ¼ ½p^ 1 ; p^ 2 ; . . . ; p^ m , the macro-value E is computed as the expectation
j¼1 pj Ej , this is used as the
observed macro-value for analysis in the following sections.
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2.2. Generalized canonical distribution
Given an observed value of macro-observation, the principles of generalized canonical distributions and entropy
maximization are applied to estimate the probability distribution of the energy levels (i.e., micro-motion statistics) [21].
While a general approach for more than one macro-variable is provided in Appendix A, the probability distribution, for the
choice of energy as the macro-variable, is presented below.
Let E be a random variable that takes a value Ej in level j. Let pj be the unknown probability of this equivalence class j of
micro-states. The task is to estimate the probabilities pj ’s given a macro-value E for the system (from previous section).
Therefore,
E¼

m
X

m
X

pj Ej ;

j¼1

pj ¼ 1

and

pj 2 ½0; 1

(4)

j¼1

Shannon entropy is deﬁned as
SðpÞ ¼ 

m
X

pj ln pj

(5)

j¼1

where SðpÞ takes a maximum value (ln m) for uniform distribution (i.e., pj ¼ 1=m 8j) as representation of maximum
disorder. An unbiased guess of probabilities pj ’s of the macro-states that must satisfy the constraints in Eq. (4) is computed
using the method of Lagrange multipliers. The idea is to maximize the entropy SðpÞ to ensure an unbiased guess while the
constraints given by Eq. (4) are satisﬁed as delineated in the following pair of equations:
m
X

Ej dpj ¼ 0;

j¼1

m
X

dpj ¼ 0

(6)

j¼1

Then, using the method of Lagrange multipliers, the following equation is derived from Eqs. (4) and (5) as
m
X

ðln pj  C þ bEj Þdpj ¼ 0

(7)

j¼1

where C and b are the Lagrange multipliers. Since dpj ’s are arbitrary, each of the terms in the summation in Eq. (7) must
vanish. Therefore, the estimated probabilities P j ’s, called the canonical distribution, are of the form
P j ¼ expðC  bEj Þ

(8)

In Eq. (8), P j ’s are also known as escort probabilities [21].
Given a macro-observation E and the values Ej ; j ¼ 1; 2; . . . ; m, of the energy levels, the Lagrange multipliers C and b are
calculated by solving the following simultaneous set of non-linear equations that are obtained by combining Eq. (4) with
Eq. (8):
E¼

m
X

½expðC  bEj ÞEj

(9)

j¼1

1¼

m
X

expðC  bEj Þ

(10)

j¼1

Having evaluated C and b, the canonical distribution P ¼ ½P 1 ; . . . ; P m  is obtained from Eq. (8). It is noteworthy that C is
the negative of the logarithm of the partition function Z and b proportional to the inverse of absolute temperature in the
thermodynamic sense [21] (see also Appendix A).
2.3. Net information gain and anomaly measure
In the ﬁelds of communication theory and data compression, Shannon information is deﬁned as the negative of Shannon
entropy, deﬁned in Eq. (5)
IðpÞ ¼ SðpÞ ¼

m
X

pj ln pj

(11)

j¼1

has been used as the measure of information content in the probability distribution p, which attains the maximum value of
zero at pj ¼ dij for some i (note: 0 ln 090). In essence, IðpÞ measures the amount of certainty or order present in the
dynamical system that generates the distribution p.
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Kullback–Leibler information measure of the probability pk at an epoch tk relative to the distribution p0 at the reference
epoch t0 is deﬁned as
Kðpk ; p0 Þ ¼

m
X

pkj ln

j¼1

pkj

(12)

p0j

and quantiﬁes the information gain obtained by comparison of the distribution pk with the reference distribution p0 . So,
while the Shannon information is seen as the measure of absolute information, Kullback–Leibler information gain is a
relative measure from a given reference. The choice of p0 is arbitrary, and having p0 equal to the uniform distribution,
Kullback information gain degenerates to
Kðp; p0 Þ ¼ IðpÞ þ ln m

(13)

Now, we deﬁne a new measure ^IðpÞ of net information contained in a probability distribution for a given value of a
macroscopic parameter. For an observed value of energy E contained in the time series, we have two distributions p^ and P
as derived in the previous sections. While the vector p^ describes observed distribution of energy among the various energy
levels, P is the estimated canonical distribution that maximizes the entropy for the same value E of energy. In this context,
a measure of net information gain ^IðpÞ is deﬁned as


^IðpÞ ¼ IðpÞ  min IðpÞ
(14)

p

E

It follows from Section 2.2 and Eq. (14) that ^IðpÞ ¼ IðpÞ  IðPÞ. Therefore,
^IðpÞ
^ ¼

m
X

p^ j ln p^ j 

j¼1

m
X

P j ln P j

(15)

j¼1

It is argued that since the knowledge of a macroscopic observable is a source of information in itself, the information
contained in the probability distribution p^ of energy levels, which achieves a macro-value, is bounded from below. Thus,
given a macro-value, the amount of new information available in the observed distribution can be evaluated by using
Eq. (14). Since ^IðpÞ is computed by removing the minimum information possible for a given value E of energy, its sensitivity
to distinguish between systems exhibiting similar macroscopic behavior but differing in micro-motion characteristics is
conjectured to be higher. This is due to the fact that ^IðpÞ tracks the variations above the minimum threshold for that macrovalue E. This can provide useful insight on the behavior of a system as it evolves in time.
The following observations are made on the information measure ^IðpÞ from Eq. (14):
(i)
(ii)
(iii)
(iv)

^IðpÞX0 for all p.
^IðpÞ ¼ ^Iðp ; . . . ; p Þ, i.e., for a given E, the information measure is a function of the probabilities only.
1
m
^Ið1=m; . . . ; 1=mÞ ¼ 0p^IðpÞ.
If all energy states Ej are identical, i.e., Ej ¼ E, for j ¼ 1; 2; . . . ; m, then ^IðpÞ degenerates to the special case of
Kullback–Leibler information gain given by Eq. (13) and ^IðpÞ ¼ IðpÞ þ lnðmÞ because min IðpÞ ¼  lnðmÞ and in this case

the macroscopic energy of the system is E 8p.
(v) For computing the net information gain ^IðpÞ the choice of the reference distribution is well-deﬁned.

Remark 1. Properties (ii) and (iii) are the ﬁrst two of the four Khinchin axioms [21].
k
Given a data sequence fyki gN
i¼1 from a dynamical system for an epoch tk we have the estimated probability distribution p
k
k
and the corresponding canonical distribution P , obtained by minimizing Iðp Þ for observed value E of energy based on
formulations in previous sections. Then, the net information gain ^Ik at an epoch tk can be obtained as

^Ik ¼

m
X

pkj ln pkj 

j¼1

m
X

Pkj ln P kj

(16)

j¼1

Now, we deﬁne a cumulative measure mk as accumulation of net generated information up to the epoch tk as
mk ¼

k
X

^Ii

(17)

i¼1

Therefore, while the cumulative measure mk provides an estimate of total information accrued till the epoch tk , the net
k
information gain ^I is an estimate of instantaneous change in the dynamical system at epoch tk . Both ^Ik and mk have been
used for anomaly detection in the two applications presented in the following sections.
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3. The Dufﬁng oscillator
This section presents the application of the above developed concept for anomaly detection in a nonlinear active
electronic system characterized by the Dufﬁng equation [19,20]. This system will serve as a simulation test-bed to validate
and demonstrate potential detection capabilities of the information measure, derived in the previous section. A Dufﬁng
oscillator is described by the following second order non-autonomous system.
2

d xðtÞ
dt

2

þ nðtÞ

dxðtÞ
þ kxðtÞ þ lx3 ðtÞ ¼ A cos Ot
dt

(18)

where the fast-scale time is represented by t; the nonlinearity is represented by the cubic polynomial kxðtÞ þ lx3 ðtÞ; and the
quasi-static dissipation parameter n is allowed to vary in the slow-scale time t. The system is excited by an exogenous input
of magnitude A and frequency O. This equation has been reported as the underlying model for many engineering
applications such as electronic circuits, structural vibrations, and chemical bonds [32]. The system shows a characteristic
change in dynamics with changes in the dissipation parameter n. This is analogous to what is observed in many engineering
systems where a slow change of a system parameter (e.g., increase in friction coefﬁcient or damping constant) results in
system degradation taking the system gradually from one mode of behavior (nominal) to a characteristically different
mode (i.e., anomalous behavior) in the slow-scale time. The task of anomaly detection points to two different but interrelated problems of practical signiﬁcance: (i) diagnosis, i.e., to detect this modal change of behavior, and (ii) prognosis, i.e., to
recognize and quantify precursors leading to anomalous modes with the objectives of failure mitigation and performance
enhancement.
Parameters for the forcing function in this simulation experiment were set at A ¼ 22 and O ¼ 5 rad=s. The parameters k
and l were chosen to be unity while n was varied from the nominal value 0.02 to the ﬁnal value 0.40, beyond which no
appreciable change in the characteristic performance was observed. To analyze this system following the presented
methodology, the position data xðtÞ for a ﬁxed value of nðtk Þ was collected over an epoch tk equivalent to 12 s of operation.
The time-series data are ﬁrst processed by wavelet transform using a Mexican hat basis function ‘mexh’ in MATLABs . The
scale coefﬁcients thus obtained are partitioned into eight cells. A brief discussion on the choice of scales and wavelet basis
functions can be found in Appendix B.1. The value of n is held constant for each epoch in the slow scale (consisting of 12 s)
and the (fast-scale) time-series data are sampled at 1 kHz.
The four phase plots of xðtÞ versus v (¼ dx=dt) in the top half of Fig. 2 exhibit evolution of the characteristic behavior of
the dynamical system for four different values of dissipation constant, n ¼ 0:02, 0.20, 0.320 and 0.325. For np0:320 the
system shows one mode of dynamics—with phase-space trajectory showing the formation of two loops. The system
undergoes a catastrophic change of characteristic dynamics for n40:320 when the stationary phase trajectory transforms
itself into a single loop closed curve. As n is increased from 0.02 towards the transition point at n ¼ 0:320 the system phase
plots show only a slight variation visually but the dynamical system is gradually organizing itself towards a drastic change.
These variations are contained the probability histograms of p^ (blue), while P (yellow) is the corresponding canonical
distribution, both are shown as bar charts in Fig. 2.
^ versus n is shown in Fig. 3(i). Information revealing small changes leading to
The plot of net information gain ^IðpÞ
^ the information gain measure ^I extracts this and computes the
catastrophic change is encoded in the probability density p,

Fig. 2. Phase plot and probability histograms for four values of dissipation parameter n. (a) n ¼ 0:02, (b) n ¼ 0:2, (c) n ¼ 0:320, (d) n ¼ 0:325.
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^ initially shows a slow rise from n ¼ 0:02 to 0.2 after which there is
net gain of instantaneous information. In Fig. 3(i), ^IðpÞ
rapid growth leading to the transition point at n ¼ 0:320. The plot then shows a discontinuity in ^I at this point and this
event can be seen as a phase transition of zeroth order in the thermodynamic sense. To investigate this sudden transition of
behavior better, n values were more closely spaced near the transition point (a step of 0.005 instead of the usual 0.02).
A higher value of the information gain ^I implies a higher degree of organization or bias for the given macro-behavior
(see Section 2.3). The rationale is that when the dissipation parameter n is slowly increasing towards the transition point at
n ¼ 0:320, more information is available about the impending catastrophic change at each slow time epoch. Therefore, with
increasing values of n, an increasing degree of bias or organization is correctly captured by the plot of ^I versus n. The system
becomes stable in the new phase for n40:320 and no signiﬁcant change is seen in the phase plots. A similar trend is shown
by ^I for the new phase and the ^I values oscillate around a very low value. This can also be read from the histograms of p^ and
P which are nearly identical in the beginning and towards the end, the intermediate zone is characterized by increasing
differences between the two.
A plot of the cumulative measure m calculated as the total information generated up to a time epoch (Section 2.3) is
shown in Fig. 3(ii). This also shows a gradual increase in accumulated information leading to a catastrophic change at
n ¼ 0:320 after which the measure m is stable showing no further rise as the system shows no further change of
characteristic behavior resulting in no further growth of anomalies. It is believed that to further investigate the behavior of
the system after the transition at n ¼ 0:320 a new partition of the phase might be required as the energy states might be too
coarse for changes within the new phase to be picked-up, which could be the reason behind a low value of ^I after n40:320.
The plot of m is normalized to highlight relative change in magnitude. It must be noted that for this system the sudden
transition from one mode of behavior to another has been treated as a catastrophic fault and changes leading to it as the
growth of anomalies.
The results show that it is possible to detect incipient catastrophic change manifesting itself as a phase transition
(discontinuity in ^I) using the proposed methodology and only the time series of the data collected from the system. Also the
gradual growth of the system towards that impeding failure can be tracked using the cumulative measure m which shows a
monotonic increase to a signiﬁcant value much before the actual breakdown. Thus the methodology enables both diagnosis
as well as prognosis by analyzing only the time-series data from a slowly changing dynamical system. This approach is now
applied to a real mechanical set-up under cyclic load to monitor its degradation leading to total failure.
4. Experimental validation: fatigue damage detection
Mechanical engineering systems are usually subjected to loads of a cyclic nature, vibrations during operation for
instance. This leads to cyclic stresses leading to fatigue failure which is one of the prominent causes of mechanical systems
degradation.
The mechanical set-up used here for anomaly detection consists of a uniaxial fatigue testing machine designed to
operate both under load and strain control. It can cycle at a maximum frequency of 12.5 Hz. The set-up consists of the
following components.
(i) Fatigue test unit: Driven by a MTS hydraulic unit, the fatigue test unit is operated using computer-controlled electrohydraulic servo-valves. The feedback system consists of a load-cell and an extensometer.
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Ultrasonic transducers
Notch

Specimen
Fig. 4. Ultrasonics.

(ii) Traveling optical microscope: A traveling optical microscope is used to monitor visually the possible locations of crack
initiation. Also, it provides direct measurements of the visible part of a crack when it develops. The resolution of the
optical microscope is about 2 mm at a working distance of 10–35 cm.
(iii) Ultrasonics: The ultrasonic system essentially has two piezoelectric transducers which work in a pitch-catch mode.
One of the transducers emits a high frequency (10 MHz sine wave) ultrasonic pulses which travel through the
specimen and are collected at the other end of the notch by the receiver transducer. The transducers are placed so that
a signiﬁcant portion of the ultrasonic energy is sent through the region of expected crack propagation and received on
the other side, see Fig. 4. Ultrasonic signal collected at the receiver end is analyzed by the method proposed in this
paper, results from the experiment are presented in Section 4.2. A detailed description of the apparatus and its design
speciﬁcations are provided in [33].

4.1. Experimental procedure
Fatigue tests have been conducted on side-notched 7075-T6 aluminum alloy specimen at a constant amplitude
sinusoidal load for low-cycle fatigue, where the maximum and minimum loads were maintained at 87 and 4.85 MPa,
respectively. The specimen is 3 mm thick and 50 mm wide with a side notch of 1.58 mm diameter and 4.57 mm length. The
purpose of the notch is to increase the stress concentration and hence initiate a fatigue crack at notch end. For low-cycle
fatigue the stress amplitude at the crack tip, including the stress concentration, is sufﬁciently high to observe the elastoplastic behavior in the specimens under cyclic loading. As the specimen is loaded under cyclic stress, the behavioral
characteristics of the specimen change with the accumulation of inelastic deformation near the notch end. Ultrasonic
waveforms traveling through the specimen pick-up these changes and serve as an appropriate sensor time series for
analysis using the proposed method. Each epoch consists of 50 load cycles in the fast time scale during which data are
collected from the experiment. The time series of ultrasonic data is preprocessed using wavelet transforms using a
Gaussian basis function [29]; maximum entropy partitioning described in Section 2.1 is used to partition the observed
space into eight segments. The assumption, as mentioned in Section 2, is that the system remains statistically stationary
during each epoch and anomalies evolve in the slow time scale t, growing from one epoch to the other. The results and
discussion of the conducted experiment are presented in the next subsection.
4.2. Results
Figs. 5 and 6 show the results of the analysis of ultrasonic data from the fatigue experiment. In Fig. 5 the images are from
the microscope showing the condition of the material surface around the notch at four different points in the life-time of
the specimen (cases a–d). The histograms in the corresponding bar charts represent the actual probability distribution p^
(blue) and the canonical distribution P (yellow) of the eight cells or energy levels.
In the condition shown in case (a) the specimen is in the nominal condition, the corresponding image shows the initial
condition of the notch site, this is taken at around 3000 cycles when any possible transients in the loading pattern would
have died down. It can be seen that the notch site is healthy with no sign of any surface cracks. First appearance of a surface
crack as seen by the microscope is at around 34,000 cycles shown in case (b), the approximate size of the crack at this point
is  200 mm. Beyond this point the fatigue crack begins to grow rapidly, the state of the specimen at around 42,000 cycles is
shown in case (c). Growth is continued eventually leading to total failure at  57; 000 cycles depicted in case (d).
Histograms corresponding to the images from the microscope show the evolution of the probability vectors p^ and P, these
in essence contain compressed information characteristic to the system at each point in time which is extracted using ^I.
Fig. 6(i) shows the trend followed by ^I with load cycles. This plot can be divided into two regions—the ﬁrst region from
around 3000 cycles to 34,000 cycles (cases a and b) is the crack incubation pase, while the next region is of crack
propagation starting from 34,000 cycles to end of life at 57,000 (from cases b to d). In the incubation phase ^I shows a small
increase in value up till before the point where the crack is seen visually for the ﬁrst time (case b). Whereas, the portion of
the curve corresponding to propagation phase is marked by a peak formation in ^I attaining its highest value at  42; 000
cycles (case c). This is due to a rapid increase in information gained in each time epoch in the ﬁrst half of propagation phase
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Fig. 6. Net information gain (i) instantaneous ^IðpÞ

when the system is organizing towards failure, but with further growth of anomalies beyond this point (case c) the amount
of new information about the impeding failure decreases with each time epoch as by now the event of failure is almost
certain. This decreasing trend slowly leads towards the end of life shown in case d where the amount of new information
contained in the data for the given macro-behavior is minimal, as at this point the system has completely degraded and is
stable in that state. This can also be understood from the histograms shown in Fig. 5 where the initial and ﬁnal probability
distributions are almost similar while they differ the most during the growth phase showing maximum information gain in
that region. This change from nominal behavior to the ﬁnal degraded state can be seen as a phase change of a higher order
in the thermodynamic sense.
A plot of measure m quantifying cumulative damage is shown in Fig. 6(ii). This plot represents the accumulation of
anomalies within the system up to a given load cycle. The gradual increase in m from nominal state in case a to the state
shown in case b is a precursor to a sudden change of behavior approaching in the near future. The cumulative measure rises
quickly during the crack growth phase and becomes saturated towards the end when most of the damage has already
occurred and there is no new degradation. When the anomaly is minimal, even a small increment in damage is a rather
large degradation. However, towards the end of the specimen’s fatigue life, further accumulation of anomalies leads to
saturation of the cumulative measure. This trend is correctly captured by the cumulative measure plot of m against load
cycles. The plot is normalized to highlight the relative change of magnitude in m. It is noteworthy that m is essentially the
area under the curve of ^I so while instantaneous degradation can be monitored using ^I, m tracks the extent of total damage.
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5. Summary, conclusions, and future research
Thermodynamic formalism has been used to construct a dynamic data-driven method for anomaly detection in
complex systems. The anomaly detection method is built upon the fundamental principles of information theory and
statistical mechanics. A new measure of information gain is constructed and its properties are identiﬁed. The efﬁcacy of the
measure is ﬁrst tested on a known nonlinear system exhibiting bifurcation and chaos. It is shown that this measure can
successfully monitor slowly evolving growth of anomaly as well as those leading to abrupt changes. The validated anomaly
detection procedure is then applied to fatigue damage monitoring under cyclic load, where the underlying structure of the
damage growth process is unknown. The results show that it is possible to detect the appearance of small cracks ð200 mmÞ
and monitor the growth of fatigue damage. The growth phase of the crack was also successfully monitored by the
cumulative measure m which reached a saturated value corresponding to the terminal state of total failure. The measures of
information gain formulated in this paper were shown to be useful to this effect for two systems considered here. Their
application in the other ﬁelds of study can be of signiﬁcant use.
It is concluded that thermodynamic formalism would facilitate formation of links between the micro- and macrobehavior of multi-time-scale dynamical systems and provide a computationally tractable measure of deviations from the
nominal behavior. This information is useful for prediction and mitigation of forthcoming failures. The reported work is a
step towards building a reliable instrumentation system for early detection and mitigation of faults in human-engineered
complex systems, such as electric power generation, petrochemical, and networked transportation. Further research is
necessary before their applications can be realized in industry.
5.1. Recommendations for future research
Although thermodynamic formalism, as a potential tool of analyzing dynamical systems, has been studied over the last
few decades, further theoretical and experimental research is needed to formulate concepts and algorithms for application
to engineering problems. Pertinent research directions in this area are listed below.

 Incorporation of more than one macro-variable in the thermodynamic formalism to represent dynamical systems (i.e.,
the macro-parameters are vectors as opposed to being scalars).

 Appropriate selection of the function j in Eq. (1) to deﬁne the extensive parameters (e.g., energy, and volume)
corresponding to macroscopic thermodynamic states.

 Re-partitioning of the phase space upon detection of a phase transition.
 Investigation of new partitioning methods such as those based on Hilbert transform [34].
 Further experimentation on both the current and new laboratory apparatuses for repeatability analysis and solution of
the inverse problem [35,36].

Appendix A. Thermodynamic equilibrium ensembles
This appendix elaborates basic statistical mechanical concepts presented in Section 2.2. If the observed macro-variable
is not a vector and more than one macroscopic averages are needed to characterize the dynamical system, then the
statistics of micro-motion can be estimated as follows [21].
Let Ms be one such macroscopic variable and Ms be its mean value observed over an epoch
Ms ¼

m
X

pi Msi

(A.1)

i¼1

where p is the probability vector satisfying
1¼

m
X

pi

and

pi X0 8i

(A.2)

i¼1

For an unbiased guess of p, the Shannon entropy is maximized (Eq. (5)) such that constraints given by Eqs. (A.1) and (A.2)
are satisﬁed. Therefore, for an inﬁnitesimal variation dpi and using C and bs as Lagrange multipliers, it follows that
m
X

ðln pi  C þ bs M si Þdpi ¼ 0

(A.3)

i¼1

Since all dpi ’s are arbitrary the summand vanishes and we have desired distribution P ¼ ½P 1 ; . . . ; Pm  called the generalized
canonical distribution or the Gibbs distribution given as
P i ¼ expðC  bs M si Þ

(A.4)

Author's personal copy
ARTICLE IN PRESS
A. Srivastav et al. / Mechanical Systems and Signal Processing 23 (2009) 358–371

369

If there are more than one macro-parameter M s, the term bs M si becomes a sum over s, often written using the Einstein’s
notation for summation. As opposed to the product bEi appearing in Eq. (8), we now have the sum bs Msi appearing the
expression for P i. For special choices of M s the distribution P ¼ ½P1 ; . . . ; P m  takes on the following well known forms.
For M s ¼ E, the distribution P is called the canonical distribution as used in Eq. (8)
Pi ¼ exp½bðF  Ei Þ

(A.5)

1

Here b ¼ ðkb TÞ is the inverse of temperature and kb is the Boltzmann constant. F ¼ ð1=bÞCðbÞ is the Helmholtz free energy.
When the macro-variables are energy and volume we have
Pi ¼ exp½bðG  Ei  PV i Þ

(A.6)

called the pressure ensemble and G ¼ ð1=bÞCðbÞ is the Gibbs free energy. For a given energy, volume and number of particles
we have
Pi ¼ exp½bðO  Ei  PV i þ mN i Þ

(A.7)

called the grand canonical ensemble and m is the chemical potential.
Using the generalized canonical distribution the Shannon entropy can now be written as
S¼ 

m
X

Pi ln Pi

i¼1

¼  C þ bs Ms
s

(A.8)
s

where M is the observed mean value of the macro-variable M . Also, the quantity
P
function Z and using
P i ¼ 1 we can relate C and Z as
C ¼  ln Z

Pm

s
i¼1 expðbs M i Þ

is called the partition
(A.9)

Appendix B. Phase-space partitioning of dynamical systems
This appendix summarizes the basic concepts of phase-space partitioning of a dynamical system based on wavelet
transformation of the time-series data.
B.1. Wavelet analysis
The choice of appropriate parameters for computing the wavelet transform of a signal is necessary for data conditioning.
Parameters of interest are the shape and the scales of the wavelet basis function.
Since the wavelet coefﬁcients are computed using time translations of a wavelet basis function at a given scale. The
wavelet basis function is chosen to closely match the shape of an appropriately scaled and translated signal. Adaptive
wavelet design can also be used and is an area of current research [37] where the basis function is engineered to
speciﬁcations.
Given a wavelet basis function, the frequency with the maximum modulus in its Fourier transform is called the center
a
frequency F c . For a given scale a the pseudo-frequency f p of the wavelet at that scale is deﬁned as
a

fp ¼

Fc
aDt

(B.1)

where Dt is the sampling interval. The power spectral density of the signal contains information about the frequency
contents of the signal, coupled with Eq. (B.1) this information can be used to select the relevant scales for the wavelet
a
analysis. When the locally dominant frequencies in the signal correspond to the pseudo frequency f p of the wavelet at a
scale a, it is reﬂected as larger values of the wavelet coefﬁcients. Thus, the transient features of the signal can be localized in
time and frequency, and extracted using wavelet analysis. A detailed discussion of the wavelet-based partitioning can be
found in [11].
B.2. Partition size
The choice of adequate number of cells m for partitioning is determined using the entropy rate hð‘Þ, where the entropy
Hð‘Þ of the system is computed as a function of the number of states ‘, given a sufﬁciently large data set. The entropy rate is
deﬁned as
hð‘Þ ¼ Hð‘Þ  Hð‘  1Þ

(B.2)

Note: the entropy rate is computed as a function of ‘ and not time.
For an ideal (i.e., noise free) signal, the entropy rate would eventually vanish as the number of states is increased to
model the dynamical system. However, in the presence of noise, the entropy rate would always be nonzero (e.g., for white
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noise, hð‘Þ ¼ logð‘=ð‘  1ÞÞX0 for any ﬁnite ‘). A threshold h is used to decide the number of states m such that [11]
hð‘Þ ¼ Hð‘Þ  Hð‘  1Þph

8‘Xm

(B.3)

B.3. Data window size
When working with ﬁnite data sequences, a stopping rule [31] is necessary to ﬁnd the lower bound on the number of
data points. Given a sampling rate, the number of data points is equivalent the time window length (i.e., epochs) and has a
^ Given the partition size m and a threshold Z, a lower bound r stop
direct effect on the stationarity of the probability vector p.
of the required number r of data points is derived as follows.
In the computation of the probability vector p, the convergence criterion is satisﬁed when the absolute error between
successive iterations is given as
kðpðrÞ  pðr þ 1ÞÞk1 p

1
r

(B.4)

where k  k1 is the max norm of the ﬁnite-dimensional vector . To calculate the stopping point r stop , a tolerance of Z, where
0oZ51, is speciﬁed for the relative error such that
kðpðrÞ  pðr þ 1ÞÞk1
pZ
kðpðrÞÞk1

8rXr stop

(B.5)

The objective is to obtain the least conservative estimate for r stop such that the dominant elements of the probability
vector have smaller relative errors than the remaining elements. Since the minimum possible value of kðpðrÞÞk1 for all r
is 1=m, where m is the dimension of pðrÞ, the least of most conservative values of the stopping point is obtained from
Eqs. (B.4) and (B.5) as
 
m
(B.6)
r stop  int
Z
where intðÞ is the integer part of the real number .
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[21] C. Beck, F. Schlögl, Thermodynamics of Chaotic Systems: An Introduction, Cambridge University Press, Cambridge, UK, 1993.
[22] D. Ruelle, Thermodynamic Formalism, second ed., Cambridge University Press, Cambridge, UK, 2004.
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