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Abstract

A dynamic data-driven application system (DDDAS) is a recently formalized architecture that integrates simulation with dynamically assimilated data, multiscale modeling and computation via completion of a two-way feedback loop between model execution and the data acquisition modules. The perception layer of
DDDAS requires precise feature extraction from dynamic data, multi-scale (both
spatial and temporal) data analysis and hierarchical sensor fusion, which are capable of real-time execution. This dissertation proposes hierarchical approaches that
tackle different aspects of the perception layer of DDDAS, based on the concept
of symbolic time series analysis (STSA).
STSA is a nonlinear feature-extraction tool that is applied on dynamic data by
constructing probabilistic finite state automata (PFSA) via symbolization based
on an alphabet size. Along with proposing a supervised alphabet size selection
algorithm, the dissertation develops optimal STSA algorithms that capture the
texture of individual temporal data (by Generalized D-Markov machines) and
that of the causal cross-dependence (by ×D-Markov machines) from one temporal
data set to another with reduced dimensionality. The aforementioned patterns
are aggregated to construct a spatio-temporal pattern network (STPN) from a
sensor network and it is pruned via an information-theoretic approach for fault
diagnosis in distributed systems. Finally, a hierarchical architecture named multiscale symbolic time series analysis (MSTSA) is formalized, where a semantic finitelength learning-and-inferencing mechanism is stacked to capture the multi-timescale nature of DDDAS events in real time.
In addition to extensive validation by complex simulation experiments, the
proposed techniques have been applied on experimental data for early detection
of Lean Blow out (LBO), and thermo-acoustic instability in combustors and the
performance is compared with state-of-the-art results. A hierarchical framework is
developed combining deep learning and STSA with the objective of autonomously
iii

tracking the temporal evolution of coherent structures that are distributed in the
flame during combustion instability. MSTSA has been successfully implemented
in real-time activity recognition from noisy sensor data for border surveillance scenarios. It is envisioned that the general contributions, made in this dissertation,
will be useful for many other potential application areas in DDDAS paradigm,
such as weather system causality understanding, smart grid and buildings, distributed energy systems, situation awareness in ISR (intelligence, surveillance and
reconnaissance) missions, material damage prediction and future ground and air
transportation systems.
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Chapter

1

Introduction
A dynamic data-driven application system (DDDAS) is defined [5] as the integration of simulation with dynamically assimilated data, multiscale modeling and
computation and a DDDAS also completes a two way feedback loop between the
model execution and the data acquisition modules. Although DDDAS is thematically close to Cyber-physical system (CPS) and the Internet of Things (IoT), it is
substantially different to CPS and IoT from both architectural and functional perspectives [5]. Since its inception DDDAS has been applied to complex real-world
problems catering to mainly three areas [6] - environmental modeling, situation
awareness and system-level applications. Recently, DDDAS has been applied to
real-time monitoring of stochastic damage in structural materials [7].
One of the most important and basic functionality of a DDDAS perception layer
is precise feature extraction from raw data. The feature extraction tool should be
capable of capturing the pertinent dynamics of the data within a space of reduced
dimension such that the upper layer inferences in the DDDAS architecture attains
higher reliability while keeping the computational load within a specified limit.
Once the data from individual software agents are modeled, multi-modal sensor
fusion is applied throughout the DDDAS for a holistic awareness of the system.
The fusion architecture not only aggregates information from individual sensors,
it should also exploit the causality structure among the sensors and take into consideration both the static and dynamic effects of the sensor network topology. The
events observed in a DDDAS have an inherent multi-scale nature, both temporally
and spatially. Hence, the perception layer of DDDAS must be equipped with multi-
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scale analysis capability which also seamlessly aggregates sensor data at multiple
time scale.

1.1

Background and Motivation

The key aspects of a DDDAS perception layer, which have been introduced previously, have motivated the research directions of this dissertation. Detailed discussions on background and motivations of the proposed research are delineated
below.

1.1.1

Understanding Time Series

Analysis of time series becomes a challenging task if the data set is voluminous
(e.g., collected at a fast sampling rate specially for complex electro-mechanical
systems), high dimensional, and noise- contaminated. The problem becomes more
acute when data collection occurs simultaneously at multiple nodes in a distributed
sensor network. Consequently, low-complexity algorithms need to be executed locally to compress the data to reduce the communication overhead while extracting
meaningful features. Data-driven analysis, based on time series, heavily depends
upon the quality of feature extraction. To this end, several time series feature extraction tools, such as principal component analysis (PCA) [8], independent component analysis (ICA) [9], kernel PCA [10], dynamic time warping [11], derivative
time-series segment approximation [12], artificial neural networks (ANN) [13], hidden Markov models (HMM) [14], and wavelet transforms [15, 16, 17] have been
reported in technical literature. Wavelet packet decomposition (WPD) [15] and
fast wavelet transform (FWT) [16] have been used for extracting rich problemspecific information from sensor signals.
Symbolic time series analysis (STSA) provides an elegant way of developing
statistical models of (possibly nonlinear) dynamical systems from sensor time series [18]. Along this line, Ray and coworkers [19, 20, 21, 22, 23, 24, 25] have developed data-driven procedures for generation of probabilistic finite state automata
(PFSA) models, where the major role of STSA is to serve as a feature extraction
tool for information compression and pattern classification in dynamic data-driven
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application systems (DDDAS); this procedure has been used for early detection
of anomalous behavior in diverse physical systems (e.g., see [26, 27, 28]). In the
STSA method, time series data are converted to symbol sequences by appropriate
partitioning [29]. Subsequently, probabilistic finite-state automata (PFSA) [19] are
constructed from these symbol sequences that capture the underlying system’s behavior by means of information compression into the corresponding state-transition
probability matrices. D-Markov machines are Markov models based on the the algebraic structure of PFSA, where the future symbol is causally dependent on the
(most recently generated) finite set of (at most) D symbols. STSA-based pattern
identification algorithms have been shown by experimental validation in the laboratory environment to yield superior performance over several existing pattern
recognition tools (e.g., PCA, ANN, particle filtering, HMM, unscented Kalman filtering, and kernel regression analysis [30][31]) in terms of early detection of small
changes in the statistical characteristics of the observed time series [32]. In [33],
a comparison shows consistently superior performance of STSA-based feature extraction over Cepstrum-based and PCA-based feature extraction regarding target
classification from seismic data.
The performance of STSA in feature extraction largely depends on the alphabet
size selection [19] and choice of partitioning for time series symbolization. While
extensive research work (e.g., see [34, 35]) has been reported for investigation of
the properties and variations of transformation from a symbol space to a feature
space in the conversion of symbol strings into PFSA models, similar efforts have
not been expended on how to find an appropriate alphabet size for partitioning of
time series (e.g., see [36]) so that the symbol sequences can be optimally generated
from the respective time series data. There are various partitioning techniques
in literature, such as maximum entropy partitioning (MEP), uniform partitioning
(UP) and symbolic false nearest neighbor partitioning (SFNNP) [36] etc. Stauer
et al. [37] concluded that maximum entropy partitioning is a better tool for change
detection in symbol sequences than uniform partitioning. Buhl and Kennel [36]
reported SFNNP to optimize generating partitions by avoiding topological degeneracy. However, SFNNP may become extremely computationally intensive if the
phase-space dimension of the underlying dynamical system is large. Furthermore,
if the time series data become noise-corrupted, redundancy in the symbol space
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of SFNN grows rapidly in number to capture pertinent information on the system
dynamics. The wavelet transform largely alleviates the above shortcoming and is
particularly effective with noisy data for large-dimensional dynamical systems [20].
Subbu and Ray [21] introduced a Hilbert-transform-based analytic signal space
partitioning (ASSP) as an alternative to the wavelet space partitioning (WSP).
Jin et al. [38] have reported the theory and validation of a wavelet-based feature
extraction tool that used maximum entropy partitioning of the space of wavelet
coefficients. Even if this partitioning is optimal (e.g., in terms of maximum entropy or some other criteria) under nominal conditions, it may not remain optimal
at other conditions. Overall, these partitioning approaches primarily attempt to
provide an accurate symbolic representation of the underlying dynamical system
under a given quasi-stationary condition, rather than trying to capture the dataevolution characteristics due to an anomaly in the system. Also, these methods
do not provide any guideline for alphabet size selection. Sarkar et al. [39] have
proposed a data partitioning procedure to extract low-dimensional features from
time series while optimizing the class separability; however, this method depends
on the choice of the classifier tool. So, one of the goals of the dissertation is to
develop a partitioning technique which autonomously selects alphabet size based
on the data ensemble and captures multi-class information of a data-driven system without explicitly using any classifier. Upon symbolization of the time series
data, this dissertation explains how a PFSA is constructed by a generalized DMarkov machine [25, 3] for real-time anomaly detection in a dynamic data-driven
paradigm.

1.1.2

Hierarchical Multi-modal Sensor Fusion

Information from multi-modal sensors must be synergistically fused for the operation of a dynamic data driven application system (DDDAS). Information fusion in
a sensor network is deemed critical for both military and civilian applications and
has found relevance in various applications such as tactical plan recognition [40],
battlefield situation awareness [41], threat evaluation in air defense scenarios [42],
and disaster response [43]. It is also imperative for fault detection and localization in large and complex electro-mechanical systems with distributed sensor
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network [44, 1]. Multi-modal sensor fusion comes into picture because single sensors have their limitations regarding coverage, noise robustness and reliability [45].
The sensors used in fusion can be either complementary, competitive or cooperative [46]. The complementary sensors do not depend on each other directly but
they are capable of providing a complete picture of the entire region. The competitive sensors deliver independent measurements of the same attribute or feature,
and provide robustness and fault-tolerance. The cooperative sensors provide data
to derive information that may not be available from a single sensor, such as in
the stereoscopic vision system.
Numerous tools have been developed over the last few decades for multi-modal
sensor fusion to solve diverse problems with common characteristics. It seeks to
combine the results of multiple sensors so that more accurate and robust information can be obtained and more reliable conclusions can be drawn. Many existing
approaches exist in the literature for speaker detection and tracking, where the
correlation between audio signal and a camera image is studied using neural network (NN) [47], deep learning [48], Bayesian network [49], particle filtering [50],
and information-theoretic [51] approaches. However, these methods face problems
regarding large DDDAS where availability of big training data for all operating
conditions are scarce (e.g., NN-based methods) and real-time inference can be
cumbersome (e.g., Bayesian network and particle filter- oriented methods). A
parametric framework for fusing information from heterogenous sources was introduced by Iyengar et al. [52], where a copula-based method was used to incorporate
statistical dependence between disparate sources of information. The problem of
identifying the best copula for binary classification problems was also addressed
in [52]. However, the copula-based method assumes knowledge of the probability
density function (pdf) of random vectors, which may not be available in many
applications. Although it is possible to estimate the pdf’s by statistically fitting
the observed data [53], the accuracy of the estimation depends on the selection of
statistical distribution and the goodness of fitting to the data.
A hierarchical multi-modal sensor fusion architecture has been proposed by
Sarkar et al. [44], where a feature level fusion is performed via constructing a composite pattern based on D-Markov patterns and ×D-Markov patterns [54] that
arise from from individual sensors and sensor pairs respectively at data level. It
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is found that this architecture performed impressively in multi-fault diagnostics
for complex electro-mechanical systems (e.g., gas turbine engine). At the same
time, it is observed that the composite pattern has significant redundancy and
there is ample scope to improve on the construction of ×D-Markov machine that

captures causal cross-dependence between sensors. Modeling causal dependence

between variables, events or physical processes is important in almost all datadriven scientific inquiry to discern statistical relationships between them. It finds
applications in various fields like statistics, physics, medicine, economics and more
recently, machine learning [55, 56, 57, 58]. Much of the work reported in literature
focuses on defining measures to test existence of a causal relationship between two
stochastic processes [59, 60, 61]. In this regard, information-theoretic measures
have been defined to establish and test existence of causality among observed variables (e.g., transfer entropy and directed information) [57, 58, 62, 63, 64]. However, most of the work is focused on measuring the degree of causal dependence
between stochastic processes. Apparently, very little work has been presented to
infer the causal generative structure between two observed variables that can be
used for prediction and estimation of a dependent variable, based on the observations of the other. A segment of the dissertation focuses on the construction of
optimal ×D-Markov machine, such that the causal cross-dependence among pair

of sensors can be captured more precisely. Subsequently, based on D-Markov and
×D-markov machines, the author proposes to construct a spatio-temporal pattern

network (STPN) that can be pruned to reduce the computational complexity while
performing fault diagnostics in a dynamic data-driven system.

1.1.3

Hierarchical Analysis of Temporal Evolution

Data, emanating from heterogeneous sensors of a large DDDAS, may not be assumed to be quasi-stationary at slow-time-scale. Such a system may evolve even if
it maintains fast time-scale stationarity. While STSA with generalized D-Markov
construction [25, 3] can capture short-range dependency, it may fail to model
long-range dependency structure, especially with evolving data. This calls for
a hierarchical framework that constitutes multiple layers operating in gradually
varying time granularity. The bottom layer feeds its fast-time-scale inference as
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an observation sequence to the upper layer to capture the long range dependency.
Major advantages of hierarchical frameworks include requirements of low training
volume and robustness to changing environments at fast-time-scales [65]. Earlier
approaches to tackling this type of architecture include the layered hidden Markov
model (LHMM) [65], stochastic context-free grammar (SCFG) [66], the abstract
hidden Markov model (AHMM) [67], and the hierarchical hidden Markov model
(HHMM) [68]. Applications of HHMM for human activity recognition have been
reported in [69, 70]. However, raw data modeling was done by some other feature
extraction tool and the layers above that were actually modeled by the aforesaid
methods [65, 66, 67, 68]. Also, real-time applicability of these approaches might be
hindered when the sub-patterns at fast time scale are not well defined, i.e, labeled
properly.
The dissertation proposes a multi-time-scale framework in STSA domain that
is capable of capturing the time-dependency structure at different time resolution
starting from the raw data at the bottom layer. In real time, inferences have to
be made from data of limited length as opposed to the infinitely long data as
assumed in classical STSA [19][20]. So, another objective of this approach [71] [72]
is to imbed the uncertainties due to the finite length of the data for learning and
inference at each layer. Upper layer inferencing can be used for real time activity
recognition from noisy time series.

1.2

Dynamic Data Driven Applications

The theoretical approaches, that are motivated in the prequel, are validated in the
following dynamic data driven application areas.

1.2.1

Early Detection of Thermo-acoustic Instability and
Lean Blow-out (LBO) in Combustion

Combustion in a gas turbine engine is a fast, highly dynamic and massively complex
physical phenomenon which requires deep understanding of numerous parameters
and boundary conditions of a large multi-physics model, moreover, with various
approximations. However, a completely model-driven diagnostics and prognostics
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of the engine is so computationally expensive and sometimes intractable in its entirety, that it results in a poor real-time applicability. So, a data-driven approach is
necessary which models multi-modal information from heterogeneous sensors for a
holistic system understanding. In recent times, ultra-lean combustion is commonly
used for reduction of oxides of nitrogen (NOx) and is susceptible to thermo-acoustic
instabilities and lean blowout (LBO). It is well known that occurrence of cobustion
instabilities and LBO could be detrimental for operations of both land-based and
aircraft gas turbine engines. In essence, a sudden decrease in the equivalence ratio
or a rapid fluctuation in air flow rate due to inertia gap may lead to LBO in gas
turbine engines, which could have serious consequences. This phenomenon calls
for a real-time prediction of thermo-acoustic instability and LBO and adoption of
appropriate measures to mitigate it.
It is noted that a priori determination of the LBO margin may not be feasible,
because of flame fluctuations in the presence of thermoacoustic instability. From
this perspective, quantifiable dynamic characteristics of flame preceding blowout
have been exploited in the past as LBO precursors by a number of researchers.
De Zilwa et al. [73] investigated the occurrence of blowout in dump combustors
with and without swirl. Chaudhuri and Cetegen [74, 75] investigated the effects
of spatial gradients in mixture composition and velocity oscillations on the blowoff
dynamics of a bluff-body stabilized burner that resembles representative of afterburners of gas turbine combustors. Chaudhuri et al. [76] and Stohr et al. [77]
investigated LBO dynamics of premixed and partially premixed flames using combined particle image velocimetry/planar laser-induced fluorescence (PIV/PLIF)based diagnostics. However, these works did not focus on developing strategies
for mitigating LBO. Lieuwen, Seitzman and coworkers [78, 79, 80, 81] and Yi and
Gutmark [82] used time series data from acoustic and optical sensors for early
detection and control of LBO in laboratory-scale gas turbine combustors via identifying blowout parameters using various (e.g., spectral, statistical, wavelet-based
and threshold-based) techniques. However, both Lieuwen et al. and Gutmark
demonstrated their techniques for LBO prediction in premixed combustors. Partially premixed combustion is a more realistic assumption (specially for aircraft gas
turbine engine) and it’s more challenging to predict LBO for partially premixed
combustion due to the lack of precursor events [2]. On the other hand, Mukhopad-
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hyay and co-workers [83, 2] developed a number of techniques for early detection of
LBO, which worked satisfactorily over a wide range of fuel-air premixing. Chaudhari et al. [83] used flame color to device a novel and inexpensive strategy for
LBO detection. In a number of recent publications [84, 85, 86, 87], the transition
to LBO was correlated with changes in signature of the dynamic characteristics of
the system by using nonlinear tools of dynamical systems analysis. Mukhopadhyay
et al. [2] used chemiluminescence time series data for online prediction of LBO
under both premixed and partially premixed operating conditions. The algorithm
was built upon symbolic time series analysis (STSA), where the parameter D was
set to 1 to construct the probabilistic finite state automata (PFSA), which implies
that the memory of the underlying combustion process was restricted only to its
immediate past state. Hence, a data-driven approach based on STSA is required
to be developed where more PFSA state memory can be modeled without state
space explosion, so that it can predict LBO with higher accuracy in real-time for
broader parameter (e.g., premixing level, air flow rate) range.
Combustion instability is a very undesirable phenomenon characterized by highamplitude flame oscillations at discrete frequencies. These frequencies typically
represent the natural duct/resonator acoustic modes. Combustion instability, in
its most basic form arises when there is a positive coupling between the heat release rate oscillations and the pressure oscillations, provided this driving force is
higher than the damping present in the system. The mechanisms of pressure-heat
release rate coupling are system dependent and thus, the problem of combustion
instability becomes very system specific. The complexity of this instability problem accrues from the mutual interactions among the unsteady heat release rate,
flow fields and acoustics, which outline the general features of combustion instability [88, 89, 90]. In order to predict and characterize the combustion instabilities,
full-scale computational-fluid-dynamic (CFD) models and/or reduced-order models have been developed to identify unstable conditions; however, the simplifying
assumptions and inherent complexity in system dynamics as well as computational
restrictions may result in imperfect validation with experimental observations. The
other approach relies on time series data from physical sensors to identify the features that are capable of exclusively characterizing combustion instabilities and
thus, formulates strategies based on analysis of the acquired time series data. The
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prediction of combustion instability associated with swirl-stabilized flames is of
particular interest in gas turbine combustion. The dynamics of three-dimensional
swirl-stabilized flames are complex in nature as they are subjected to interactions of fluid-mechanical processes with the flame and acoustics, which give rise
to complex growth and saturation mechanisms. Reviews of swirl-stabilized flames
and their instabilities have been reported by Huang and Yang [91] and Candel et
al. [92]. Significant studies in instabilities of swirl flames have also been conducted
in the framework of flame transfer functions in the context of frequency-amplitude
dependence and the underlying flow physics [93, 94]. In particular, flame transfer functions provide low-order model-based tools that have been used to predict
instabilities by solving the nonlinear dispersion relations as reported by Noiray et
al. [95].
The dynamic data-driven approach, based on time-series analysis, is less systemspecific than the model-based approach as the former is more strongly dependent
on the general features of various regimes in a combustor. In this regard, Nair
and Sujith [96] have used the decay of Hurst exponents as precursors to impending
combustion instabilities; other measures of instability like loss of chaotic behavior
in the system dynamics have also been formulated [97]. Since the data-driven approach is, in general, expected to predict instabilities across the parameter space,
within which the combustor operates. A key parameter is the inlet Reynolds number (Re), a variation of which has been observed to clearly mark the stable and
unstable regimes of a combustor. Chakravarthy et al. [98] have reported the dawn
of ”lock-on”, a term representing the frequency locking of natural duct acoustics
and a dominant hydrodynamic mode as an essential feature of combustion instability. The hallmark feature of Re variations is the break in the dominant frequency,
which corresponds to onset of combustion instability. Thus, the frequency break
can be thought of as a reliable precursor for combustion instability. However,
a major drawback is the bifurcation in the combustor behavior at the frequency
break-point; therefore, it cannot be used as a tool of early warning, thus motivating
the need for a fast predictive tool that is generic. An experimental investigation on
the onset of thermoacoustic oscillations via decreasing fuel equivalence ratio has
been reported by Gotoda et al. [99]. This recent study has shown the possibility
of encountering low-dimensional chaotic oscillations in combustors by employing
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several methods of nonlinear time series analysis. Sujith and co-workers [97, 96]
showed that combustion noise is chaotic fluctuation of moderately high dimension
that undergoes transition to high amplitude oscillations characterized by periodic
behavior. This information was used to determine the loss of chaos in the system
dynamics as a precursor for prediction of thermoacoustic instability. Recently,
Nair et al. [100] have utilized Recurrence Quantization Analysis (RQA) for prediction of instability, which detects a route of intermittency filled with random
bursts of high amplitude oscillations. All of these methods generally exploit single
sensor data and sometimes, lack real-time applicability while predicting instability. These are also validated on a narrow range of parameter space, which is based
sensitive thresholding making them vulnerable to sensor noise. This calls for a
generic data-driven approach which can extract nonlinear features from multimodal sensor data (e.g., pressure transducers and chemiluminescence sensors) and
utilize their causality to obtain a real-time predictor of instability, that is robust
to sensor noise.
Another important feature, along with loss of chaos while the instability kicks
in, is the shedding of coherent structure in the flow. Coherent structures are fluid
mechanical structures associated with coherent phase of vorticity, high levels of
vorticity among other definitions [101]. The interesting case of the natural shedding
frequency of these structures, causing acoustic oscillations, has been observed by
Chakravarthy et al. [102, 103, 104]. Recently, proper orthogonal decomposition
(POD) [105] and dynamic mode decomposition (DMD) [106] are used to detect
coherent structure, which use tools from spectral theory to derive spatial structural
modes. However, there is a vacuum of literatures where the structures in the
flame images can be extracted autonomously (without handcrafted feature) and the
temporal evolution of those structures can be tracked to detect onset of instability.
This is one of the motivations to propose a hierarchical framework that can combine
image analysis and time series modeling in a seamless fashion.
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1.2.2

Real-time Human Activity Recognition in Border
Surveillance

Intelligence, surveillance and reconnaissance (ISR) missions, pertinent to border
control and surveillance, are heavily dependent on multi-modal sensing devices
(e.g., acoustic, seismic, passive infrared, magnetic etc) that are called unattended
ground sensors (UGS). These sensors are deployed to detect and classify different types of target and activities in real time, which results in a holistic situation
awareness. UGS systems are preferred because they are cheap, easy to deploy and
unobtrusive to the surroundings. However, the performance of UGS systems has
been affected by high false-alarm rates due to inadequate on-board processing algorithms [107] and the lack of robustness of the detection algorithms in different
environmental conditions (e.g., soil types and moisture contents for seismic sensors). Furthermore, limited battery operating life have made power consumption
a critical concern for both sensing and information communication [108].
Present personnel detection methods using seismic signals can be classified into
three categories, namely, time domain methods [109], frequency domain methods [110], and time-frequency domain methods [111, 112]. More recently, feature
extraction from (wavelet-transformed) time series, based on symbolic dynamic filtering (SDF) [19][20] (same as symbolic time series analysis (STSA)), has been proposed by Jin et al. [113] for target detection and classification in border regions.
The rationale for using wavelet-based methods is denoising and time-frequency
localization of the underlying sensor time series. However, this method requires
tedious selection and tuning of several parameters (e.g., wavelet basis function and
scales) for signal pre-processing in addition to the size of the symbol alphabet that
is needed for SDF. In [33], a comparison shows consistently superior performance
of SDF-based feature extraction over Cepstrum-based and PCA-based feature extraction, in terms of successful detection, false alarm, and misclassification rates,
using field data collected for border-crossing detection. The reliability of the detection performance by SDF, in significantly varied environmental conditions for
personnel detection problem, was studied in [114]. However, these approaches are
not well suited for performing real-time activity segmentation and recognition from
noisy UGS data as they don’t capture the inherent multi time-scale nature of the

13
complex activities. For example, a digging activity can be broken down to sub
activities such as ’testing ground location for digging’, ’digging action’ and ’waiting before resuming digging’. The sub activities may last for different durations
and they can share fast time-scale texture in the signal. This motivates a research
to formalize a hierarchical framework that can replicate a similar structure for
learning and inference from faster to slower time scale. Also, real-time learning
and inference at different time-scale requires a STSA method which can model the
uncertainty for limited data length.

1.3

Organization and Contribution of the Dissertation

The dissertation is organized into nine chapters including the present one. The
organization of the dissertation along with major contributions is presented below.
1. Chapter 2 addresses the critical issue of alphabet size selection for symbolization of time series and proposes an information-theoretic procedure of data
partitioning to extract low-dimensional features from time series. The key
idea lies in optimal partitioning of the time series via maximization of the
mutual information [115] between the input state probability vector and the
members of the pattern classes. The work reported in this chapter takes
advantage of non-stationary dynamics (in a slower scale) and optimize the
partitioning process based on the statistical changes in the time series over
a given set of training data belonging to different classes. The proposed
procedure has been validated by two examples: (i) parameter identification
in a Duffing system [116], and (ii) Lean blow-out (LBO) prediction in a
laboratory-scale combustor [3]. In each case, the classification performance
of the proposed data partitioning method is reported.
2. Chapter 3 constructs a generalized D-Markov machine for depth D (which
is the memory of the Markov machine) greater than one via state splitting
and state merging [25, 3] and applies the concept to chemiluminescence time
series for early detection of lean blow out (LBO) on a laboratory-scale swirlstabilized combustor. The time-critical problem of LBO prediction is tackled
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by constructing an anomaly measure and also via a classification architecture that is based on different parameter zones before reaching LBO. The
chapter reports a comparison of the performance between the STSA with a
generalized D-Markov machine (i.e., D > 1) and the STSA with unity depth.
3. Chapter 4 introduces a variable depth ×D-Markov machine to model the
causal cross-dependence between two time series in a data-driven environ-

ment. The ×D-Markov setting is used to learn the input-output relationship

for a lead-acid battery and then used to estimate the parameters of battery
performance (e.g., State-of-Charge (SOC)) and health (e.g., State-of-Health
(SOH)).

4. Chapter 5 proposes an information fusion methodology based on D-Markov
and ×D-markov machines to perform fault detection and classification in dis-

tributed physical processes generating heterogeneous data. While the computational complexity is reduced by pruning the fused graphical model using
an information-theoretic approach, the algorithms are developed to achieve
high reliability via retaining the essential spatiotemporal characteristics of
the physical processes. The concept has been validated on a simulation test
bed of distributed shipboard auxiliary systems.

5. Chapter 6 formulates a fast and robust multi-scale symbolic time series analysis (MSTSA) framework which can model short time stationarity at different
time scale in a hierarchical structure via applying short-length symbolic timeseries classifier (SSTC) at each layer. Different aspects of SSTC parameter
(e.g., data length and alphabet size) learning is demonstrated based on a
transient flight fault detection problem. The proposed approach is validated
on a real-time human activity recognition task based on seismic data with
inherent multi time-scale nature. Implementation of realistic data collection
scenarios and experiments are performed by the author.
6. Chapter 7 tackles the challenging problem regarding the early detection of
thermo-acoustic instability onset in a combustor, via utilizing the theories
developed in Chapter 3 and Chapter 4. An information-theoretic measure
of combustion instability, which models the spatio-temporal co-dependence

15
among heterogeneous (e.g., pressure and chemiluminescence) sensors, is constructed to capture the precursors before visible appearance of instability.
Data from a series of experiments, conducted on a swirl-stabilized combustor at different premixing conditions with different protocols, has been used
for testing and validation. Extensive comparison of the proposed instability
measure is performed with other state-of-the-art techniques.
7. Chapter 8 proposes a dynamic data-driven approach, where a large volume
of sequential hi-speed (greyscale) images is used to analyze the temporal
evolution of coherent structures in combustion chamber for early detection of
combustion instability at various operating conditions. The lower layer of the
proposed hierarchical approach extracts low-dimensional semantic features
from images using Deep Neural Networks. The upper layer captures the
temporal evolution of the extracted features with a probabilistic graphical
modeling scheme called Symbolic Time Series Analysis (STSA). Extensive
experimental data have been collected in a swirl-stabilized dump combustor
at various operating conditions (e.g., premixing level and flow velocity) for
validation of the proposed approach.
8. Chapter 9 summarizes and concludes the dissertation along with providing
future research directions in broader context.

Chapter

2

Alphabet Size Selection for
Symbolization of Dynamic
Data-driven Systems: An
Information-theoretic Approach
Symbolic time series analysis (STSA) provides an elegant way of developing statistical models of (possibly nonlinear) dynamical systems [18]. Along this line,
Ray and coworkers [19, 20, 21, 22, 23, 24, 25] have developed data-driven procedures for generation of probabilistic finite state automata (PFSA) models, where
the major role of STSA is to serve as a feature extraction tool for information
compression and pattern classification in dynamic data-driven application systems
(DDDAS); this procedure has been used for early detection of anomalous behavior
in diverse physical systems (e.g., see [26, 27, 28]). While extensive research work
(e.g., see [34, 35]) has been reported for investigation of the properties and variations of transformation from a symbol space to a feature space in the conversion of
symbol strings into PFSA models, similar efforts have not been expended on how
to find an appropriate alphabet size for partitioning of time series (e.g., see [36])
so that the symbol sequences can be optimally generated from the respective time
series data. In the current state of the art, feature extraction and discovery of
anomaly patterns have been performed by first partitioning the time series at a
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nominal condition to obtain a reference pattern and then generating subsequent
patterns from the time series at (possibly) off-nominal conditions with the same
partitioning. Apparently, the issue of alphabet size selection for symbolization of
time series has not been duly addressed.
The current chapter addresses the critical issue of alphabet size selection for
symbolization of time series and proposes an information-theoretic procedure of
data partitioning to extract low-dimensional features from time series. The key
idea lies in optimal partitioning of the time series via maximization of the mutual information [115] between the input state probability vector and the members
of the pattern classes. The work reported in this chapter takes advantage of nonstationary dynamics (in a slower scale) and optimize the partitioning process based
on the statistical changes in the time series over a given set of training data belonging to different classes. The proposed procedure has been validated by two
examples: (i) parameter identification in a Duffing system [116], and (ii) Lean
blow-out (LBO) prediction in a laboratory-scale combustor [3]. In each case, the
classification performance of the proposed data partitioning method is reported.
Major contributions of the work reported in this chapter are concisely stated below.
1. Partitioning of time series via maximizing the mutual information between
the symbolic dynamic feature and the multiple classes.
2. Incorporation of robustness in the formulation and construction of stopping
rules to obtain the appropriate alphabet size for partitioning.
3. Validation of the proposed concepts on the simulated data collected from a
Duffing system with sinusoidal excitation and the experimental data from a
laboratory-scale combustor for LBO prediction.
The chapter is organized into five sections including the present one. Section 2.1
presents a brief background of symbolic ime series analysis (STSA) along with basic
concepts of entropy and mutual information. The alphabet size selection scheme
is elaborated in Section 2.2 along with its key features. Section 2.3 validates
the proposed concepts on a simulation model of the second order forced Duffing
equation as well as on experimental data from a laboratory-scale combustor for
LBO prediction. Section 2.4 summarizes and concludes the chapter along with
providing recommendations for future research.
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2.1

Mathematical Preliminaries and Concepts

This section briefly presents the mathematical preliminaries and concepts of symbolic time series analysis (STSA) and related information-theoretic definitions [115]
in the context of feature extraction and pattern classification.

2.1.1

Symbolic Time Series Analysis (STSA)

Although the methodology of symbolic time series analysis (STSA) has been extensively reported in literature (e.g., [18, 19, 25]), a brief outline of the underlying
procedure is succinctly presented here.

Figure 2.1: Pictorial view of the two time scales: (i) Slow time scale of anomaly
evolution and (ii) Fast time instants of data acquisition
Partitioning of Time Series Space for Symbol Strings Generation:
Stauer et al. [37] reported a comparison of maximum entropy partitioning and
uniform partitioning, where it was concluded that maximum entropy partitioning
is a better tool for change detection in symbol sequences than uniform partitioning. Buhl and Kennel [36] reported symbolic false nearest neighbor partitioning
(SFNNP) to optimize generating partitions by avoiding topological degeneracy.
However, SFNNP may become extremely computationally intensive if the phasespace dimension of the underlying dynamical system is large. Furthermore, if the
time series data become noise-corrupted, the symbols in SFNN tend to grow rapidly
in number and may erroneously require a large number of redundant symbols to
capture pertinent information on the system dynamics. The wavelet transform
largely alleviates the above shortcoming and is particularly effective with noisy
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data for large-dimensional dynamical systems [20]. Subbu and Ray [21] introduced a Hilbert-transform-based analytic signal space partitioning (ASSP) as an
alternative to the wavelet space partitioning (WSP). Nevertheless, these partitioning techniques primarily attempt to provide an accurate symbolic representation of
the underlying dynamical system under a given quasi-stationary condition, rather
than trying to capture the data-evolution characteristics due to an anomaly in the
system. Jin et al. [38] have reported the theory and validation of a wavelet-based
feature extraction tool that used maximum entropy partitioning of the space of
wavelet coefficients. Even if this partitioning is optimal (e.g., in terms of maximum entropy or some other criteria) under nominal conditions, it may not remain
optimal at other conditions. Sarkar et al. [39] have proposed a data partitioning
procedure to extract low-dimensional features from time series while optimizing
the class separability; however, this method depends heavily on the choice of the
classifier tool. The goal of the work reported in this chapter is to overcome the
difficulties of the above-mentioned partitioning methods with the objective of making STSA a robust data-driven feature-extraction tool based on an informationtheoretic approach.
Symbol string generation from time series data is posed as a two-scale problem,
as depicted in Figure 2.1. The fast scale is related to the response time of the process dynamics. Over the span of data acquisition, dynamic behavior of the system
is assumed to remain invariant, i.e., the process is statistically quasi-stationary on
the fast scale. In contrast, the slow scale is related to the time span over which
non-stationary evolution of the system dynamics may occur. It is expected that
the features extracted from the fast-scale data will depict statistical changes between two different slow-scale epochs if the underlying system has undergone a
change. The method of extracting features from quasi-stationary time series on
the fast scale is comprised of the following steps.
• Sensor time series, denoted as q, is generated at a slow-scale epoch from
a physical system or its dynamical model. A compact (i.e., closed and
bounded) region Ω ∈ Rn , where n ∈ N, within which the (quasi-stationary)

time series is circumscribed, is identified. Let the space of time series data
sets be represented as Q ⊆ Rn×N , where the N ∈ N is sufficiently large for

convergence of statistical properties within a specified threshold. (Note: n
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represents the dimensionality of the time-series and N is the number of data
points in the time series.)
• Encoding of Ω is accomplished by introducing a partition B ≡ {B0 , ..., B(m−1) }
consisting of m mutually exclusive (i.e., Bj ∩ Bk = ∅ ∀j 6= k), and exhaus-

tive (i.e., ∪m−1
j=0 Bj = Ω) cells. Let each cell be labeled by symbols sj ∈ Σ,

where Σ = {s0 , ..., sm−1 } is called the alphabet. This process of coarse graining can be executed by uniform, maximum entropy, or any other scheme of
partitioning. Then, the time series data points in {q}, which visit the cell

Bj are denoted as sj ∀j = 0, 1, ..., m − 1. This step enables transformation
of the time series data {q} to a symbol string. {s}. A probabilistic finite

state automaton (P F SA) is then constructed from the symbol string {s}. To

compress the information further, the state probability vector of the PFSA
can be used as the extracted feature.
Construction of Probabilistic Finite State Automata from Symbol
Strings:
A probabilistic finite state automaton (P F SA) is then constructed from the
symbol string {s}. The following standard definitions have been used for PFSA
construction.

Definition 2.1.1. (Finite State Automaton) A finite state automaton (FSA) G,
having a deterministic algebraic structure, is a triple (Σ, Q, δ) where:
• Σ is a (nonempty) finite alphabet with cardinality |Σ|;
• Q is a (nonempty) finite set of states with cardinality |Q|;
• δ : Q × Σ → Q is a state transition map.
Definition 2.1.2. (Symbol Block) A symbol block, also called a word, is a finitelength string of symbols belonging to the alphabet Σ, where the length of a word
w , s1 s2 · · · sℓ with si ∈ Σ is |w| = ℓ, and the length of the empty word ǫ is |ǫ| = 0.

The parameters of FSA are extended as:

• The set of all words constructed from symbols in Σ, including the empty word
ǫ, is denoted as Σ⋆ ,
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• The set of all words, whose suffix (respectively, prefix) is the word w, is
denoted as Σ⋆ w (respectively, wΣ⋆ ).

• The set of all words of (finite) length ℓ, where ℓ > 0, is denoted as Σℓ .
Definition 2.1.3. (Extended Map) The extended state transition map δ ⋆ : Q ×
Σ⋆ → Q transfers one state to another through finitely many transitions such that,
for all q ∈ Q, σ ∈ Σ and w ∈ Σ⋆ ,

δ ⋆ (q, ǫ) = q and δ ⋆ (q, wσ) = δ (δ ∗ (q, w), σ)
where wσ is suffixing of the word w by the symbol σ.
Definition 2.1.4. (Irreducible FSA) An FSA G is said to be irreducible if, for all
q1 , q2 ∈ Q, there exists a word w1,2 ∈ Σ∗ such that q1 = δ ∗ (q2 , w1,2).
Definition 2.1.5. (PFSA) A probabilistic finite state automaton (PFSA) K is a
pair (G, π), where:
• The deterministic FSA G is called the underlying FSA of the PFSA K;
• The probability map π : Q × Σ → [0, 1] is called the morph function (also

known as symbol generation probability function) that satisfies the condition:
P
σ∈Σ π(q, σ) = 1 for all q ∈ Q.

Equivalently, a PFSA is a quadruple K = (Σ, Q, δ, π), where

• The alphabet Σ of symbols is a (nonempty) finite set, i.e., 0 < |Σ| < ∞,
where |Σ| is the cardinality of Σ;

• The set Q of automaton states is (nonempty) finite, i.e., 0 < |Q| < ∞, where
|Q| is the cardinality of Q;

• The state transition function δ : Q × Σ → Q;

P
π(q, σ) = 1 for all q ∈ Q.
σ∈Σ
The morph function π generates the |Q| × |Σ| morph matrix Π.

• The morph function π : Q×Σ → [0, 1], where
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• A combination of the morph function π and the state transition map δ is

used to construct the (|Q| × |Q|) state probability transition matrix P that is
an irreducible stochastic matrix [117].

• The state probability vector p is the sum normalized left eigenvector of P
with respect to its (unique) unity eigenvalue [117].

Remark 2.1.1. The underlying FSA (see Definition 2.1.1) of the PFSA model
does not make use of an initial state q0 . By the assumption of statistical stationarity
in the fast scale, the connotation here is that the stochastic process, resulting from
the PFSA, started from an arbitrary state sufficiently long ago so that the current
state is not affected by the initial state q0 . Furthermore, the FSA model has no
accept states [118][34].
Remark 2.1.2. The structure of the PFSA model in Definition 2.1.5 is simpler
than that used by Vidal et al. [35]. However, the PFSA model in Definition 2.1.5
is largely similar to the model used by Thollard et al. [119] except that Thollard et
al. used an initial state q0 and a special symbol # not belonging to Σ.
Definition 2.1.6. (Extended Morph Function) The morph function π : Q × Σ →

[0, 1] of PFSA is extended as π ⋆ : Q × Σ∗ → [0, 1] such that, for all q ∈ Q, σ ∈ Σ
and w ∈ Σ⋆ ,

π ⋆ (q, ǫ) = 1 and π ⋆ (q, wσ) = π ⋆ (q, w) × π (δ ⋆ (q, w), σ)
where wσ is suffixing of the word w by the symbol σ.
Construction of D-Markov Machines:
This subsection introduces the pertinent definitions that are necessary to construct a D-Markov machine. The PFSA model of the D-Markov machine generates
symbol strings {s1 s2 · · · sℓ : ℓ ∈ N, ∀sj ∈ Σ} on the underlying Markov process.

The morph function π implicitly alludes to the fact that the PFSA satisfies the
Markov condition, where generation of a symbol only depends on the current state.
However, if the state is unknown, the next symbol generation may depend on the
past history of the symbols generated by the PFSA. In the PFSA model, a transition from one state to another is independent of the previous history of states.
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Therefore, the states and transitions form a Markov process, which is a special
class of Hidden Markov Models (HMM) [35]. However, from the perspectives of
PFSA construction from a symbol sequence, the states are implicit and generation
of the next symbol may depend on the complete history of the symbol sequence.
In the construction of a D-Markov machine [19], generation of the next symbol
depends only on a finite history of at most D consecutive symbols, i.e., a symbol
block of length not exceeding D. A formal definition of the D-Markov machine
follows.
Definition 2.1.7. (D-Markov Machine [19]) A D-Markov machine is a PFSA in
the sense of Definition 2.1.5 and it generates symbols that solely depend on the
(most recent) history of at most D symbols in the sequence, where the positive integer D is called the depth of the machine. Equivalently, a D-Markov machine is a
statistically stationary stochastic process S = · · · s−1 s0 s1 · · · , where the probability
of occurrence of a new symbol depends only on the last D symbols, i.e.,
P [sn | · · · sn−D · · · sn−1 ] = P [sn | sn−D · · · sn−1 ]

(2.1)

Consequently, for w ∈ ΣD (see Definition 2.1.2), the equivalence class Σ⋆ w of all

(finite-length) words, whose suffix is w, is qualified to be a D-Markov state that is
denoted as w.
It is noted that D-Markov machines belong to the class of shifts of finite type,
i.e., shift spaces that can be described by a finite set (possibly the empty set) of
forbidden symbol blocks. Given a probability distribution, construction of an exact
PFSA model appears to be computationally infeasible. Furthermore, a D-Markov

machine is a finite-history automaton, where the past information is embedded as
words of length D or less. That is, if w is a word of length D or more, then δ ∗ (q, w)
in a D-Markov machine is independent of the state q. Whatever the initial state
q is, the finite sequence of transitions represented by the word w ∈ ΣD always

leads to the same terminal state that could be represented by the word w itself.

Consequently, in a D-Markov machine, a word w ∈ ΣD can be associated to a

state of the machine. Moreover, the state transition map δ can be automatically

constructed from the words that correspond to individual states. Then, the morph
functions π (that are the entries of the morph matrix Π) can be estimated by
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counting the frequency of occurrences of the individual symbols emanating from
each state [24] as described below.
Let Nij be the number of times that a symbol σj is generated from the state
qi upon observing a symbol string. The maximum a posteriori probability (MAP)
estimate of the probability map for the PFSA is computed by frequency counting
as:

1 + Nij
Cij
P
=
π̂M AP (qi , σj ) , P
|Σ| + ℓ Niℓ
ℓ Ciℓ

(2.2)

The rationale for initializing each element of the count matrix C to 1 is that if
no event is generated at a state q ∈ Q, then there should be no preference to
any particular symbol and it is logical to have π̂M AP (q, σ) =

1
|Σ|

∀σ ∈ Σ, i.e.,

the uniform distribution of event generation at the state q. The above procedure
guarantees that the PFSA, constructed from a (finite-length) symbol string, must
have an (elementwise) strictly positive morph map Π.
Pattern Classification Based on STSA Feature Vectors:
For pattern classification using STSA, the reference time series, belonging to
a class denoted as Cl1 , is symbolized by one of the standard partitioning schemes
(e.g., Uniform Partitioning (UP) or Maximum Entropy partitioning (MEP)) [20].
Then, using the steps described in the prequel, a low-dimensional feature vector
p Cl1 (which is the state probability vector) is constructed for the reference slowscale epoch. Similarly, from a time series belonging to a different class denoted as
Cl2 , a feature vector p Cl2 is constructed using the same partitioning as in Cl1 .
The next step is to classify the data in the constructed low-dimensional feature
space. In this respect, there are many options for selecting classifiers that could
either be parametric or non-parametric. In this chapter, k-Nearest Neighbor (kNN) classifier [31] or Support Vector Machine (SVM) classifier [31] has been used,
To classify the test data set, each time series in the ensemble is converted to a
feature vector using the same partitioning that has been used to generate the
training features.
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2.1.2

Entropy and Mutual Information

The entropy is a measure of uncertainty of random variables. Let X and Y be two
discrete random variables defined on a probability space. If X takes values from
a finite alphabet, X and the probability mass function (pmf ) is p(x) = P r{X =
x}, x ∈ X, the entropy of X is defined as:
H(X) = −

X

p(x) log p(x)

(2.3)

x∈X

Here the base of log is 2 and unit of entropy is the bit. The entropy of Y conditioned
on X is defined as:
H(Y |X) = −

XX

p(x, y) log p(y|x)

(2.4)

x∈X y∈Y

Mutual information of X and Y is the information that is commonly shared between them and is defined as:
I(X; Y ) =

XX
x∈X y∈Y

p(x, y) log

p(x, y)
p(x)p(y)

(2.5)

The larger the mutual information I(X; Y ) is, the more closely correlated X and
Y are. The mutual information and the entropy have the following relationship:
I(X; Y ) = H(Y ) − H(Y |X).

(2.6)

For continuous random variables, the differential entropy and mutual information
are similarly defined as
Z

H(X) = − p(x) log p(x) dx;
Z
p(x, y)
I(X; Y ) = p(x, y) log
dxdy,
p(x)p(y)

(2.7)
(2.8)
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2.2

Alphabet Size Selection for Symbolization of
Time Series

This section proposes a technique of alphabet size selection for symbolization of
time series by optimally partitioning the time series in the PFSA framework of the
STSA procedure.

2.2.1

Problem Formulation

The success of a partitioning methodology depends critically on how much information about the output class is contained in the state probability vector of PFSA
(e.g., the morph matrix Π or the state probability vector p), which is used as the
feature for classification. Using Fanos inequality [120], the minimal probability of
incorrect estimation PE of class C using features K is lower bounded by
PE ≥

H(C|K) − 1
H(C) − I(K; C) − 1
=
.
log N
log N

(2.9)

Because the entropy of class H(C) and the number of classes N is fixed, the
lower bound of PE is minimized when I(K; C) becomes the maximum. Thus, it is
necessary for a good partitioning algorithm to maximize the mutual information
I(K; C).
Figure 2.2 depicts a general outline of the alphabet size selection approach. Labeled time series data from the training set are fed into the alphabet size selection
block. For each possible partitioning considered, low-dimensional feature vectors
are generated by symbolization and PFSA construction (STSA block), which together with the provided class labels are then used to compute mutual information
between the class and the features. The computed mutual information is then
fed back to the feature extraction block. Based on the feedback of the mutual
information for each possible partitioning at a given alphabet size, the partitioning is updated to further increase the mutual information between the class and
the features (by including the additional partition boundary chosen at this step).
The process is repeated till the chosen stopping criteria is reached. The optimal
partitioning estimated in the training phase is then used to extract features from
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Figure 2.2: General Framework for Alphabet Size Selection by Informationtheoretic Approach
both the training and testing data, and a classifier is trained. The testing data
are then classified by the trained classifier. The figure shows a sample step in the
process where each time series is converted into a 3 dimensional feature vector and
the adjacent 2 dimensional simplex plane shows the distribution of classes in the
feature space. The details of the entire approach are explained below.
A sequential search-based technique has been adopted in this chapter for optimization of the partitioning and subsequent alphabet size selection. As the continuity of the partitioning function with respect to the range space of mutual
information is not guaranteed (or is not adequately analyzed), gradient-based optimization methods are not explored here. To construct the search space, a suitably
fine grid size depending on the data characteristics needs to be assumed. Each of
the grid boundaries denotes a possible position of a partitioning cell boundary.
These grid boundaries are obtained by partitioning the data via uniform partitioning (UP) or maximum entropy partitioning (MEP). It is noted that MEP provides
a larger number of partition boundaries at a data-rich zone and a smaller number
at a sparse zone, resulting in a approximately equal number of data points in each
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partition segment. UP divides the signal space uniformly.
Let the data space Ω be divided into L regions marked by (L − 1) boundaries

(excluding the end points) for search via MEP or UP. Thus, there are |Σ| − 1 parti-

tioning boundaries to choose from (L − 1) possibilities, which equates to choosing

one element in the space of all possible partitioning vectors (i.e. one (|Σ| − 1)dimensional partitioning vector from among

(L−1)

C(|Σ|−1) possibilities). It is clear

from this analysis that the partitioning space under consideration P may become

significantly large with an increase in values of L and |Σ| (e.g., for L >> |Σ|, computational complexity increases approximately by a factor of L/|Σ| with increase
in the value of |Σ| by one).

The objective space consists of the scalar-valued mutual information I(K; C),

while decisions are made in the space P of all possible partitioning. The overall

cost is dependent on a specific partitioning Λ and is denoted by I(K(Λ); C). This

sub-optimal partitioning scheme involves sequential estimation of the elements of
the partitioning Λ.
The partitioning process is initiated by searching the optimal cell boundary to
divide the data range into two cells, i.e., Λ2 = {λ1 }, where λ1 is evaluated as
λ∗1 = arg max I(K(Λ2 ); C)
λ1

(2.10)

Now, the two-cell optimal partitioning is given by Λ∗2 = {λ∗1 }. The next step is to

partition the data range into three cells as Λ3 ) by dividing either of the two cells
of Λ∗2 by placing a new partition boundary at λ2 , where λ2 is evaluated as
λ∗2 = arg max I(K(Λ3 ); C)
λ2

(2.11)

where Λ3 = {λ∗1 , λ2 }. The optimal 3-cell partitioning is obtained as Λ∗3 = {λ∗1 , λ∗2 }.
In this (local) optimization procedure, the cell that provides the largest increment

in I(K; C) upon further segmentation ends up being partitioned. Iteratively, this
procedure is extended to obtain the |Σ| cell partitioning as follows.
λ∗|Σ|−1 = arg max I(K(Λ|Σ| ); C)
λ|Σ|−1

(2.12)

where Λ|Σ| = Λ∗|Σ|−1 ∪ {λ|Σ|−1 } and the optimal |Σ| cell partitioning is given by
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Λ∗|Σ| = Λ∗|Σ|−1 ∪ {λ∗|Σ|−1}.

In this optimization procedure, the mutual information increases monotoni-

cally with every additional sequential operation, under the assumption of correct
estimation of the mutual information (Sometimes, it may fluctuate due to the estimation error because of the limited size of training data). The monotonicity in
the mutual information allows formulation of a rule for termination of the sequential optimization algorithm. The process of creating additional partitioning cells
is stopped if the normalized mutual information (normalized based on H(C) with
a uniform class prior) crosses a certain positive threshold Imax ∈ [0, 1] or the nor-

malized mutual information gain falls below a specified positive scalar threshold
ηstop .

The stopping rule is as follows. Λ∗|Σ|−1 is the optimal partitioning (and |Σ| − 1

is the optimal alphabet size) if

I(K(Λ∗|Σ|−1); C)
H(C)

≥ Imax

or, I(K(Λ∗|Σ| ); C) − I(K(Λ∗|Σ|−1); C) ≤ ηstop .

(2.13)
(2.14)

In contrast to the direct search of the entire partitioning space, the computational
complexity of this approach increases linearly with |Σ|. This approach also allows
the user to have finer grid size for the partitioning search.

2.2.2

Robustness

In the procedure described above, at every step, an additional partition boundary was added to the existing set of partition locations, to further increase the
mutual information between the extracted feature vectors and the class labels.
But it did not take into account the robustness of the procedure to small perturbations about the partition boundaries. The user would want the results to
be invariant under small perturbations of the partitioning locations. Hence the
above procedure has been modified to take into account this issue. Specifically a
distribution fλi () is considered about each partition location λi . In this work, the
λi j ’s are chosen from a gaussian distribution centered at each partition boundary(
with mean λi and standard deviation σi i.e. N (λi , σi )). The σi are chosen to be
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a certain fraction of min(λi − λi−1 , λi+1 − λi ). The different fractions considered

here were 0.25, 0.5, 0.67. At every step, M samples are drawn from the distribution centered at each partition location λi not yet included in the partition set,
i.e. λi j ∼ N(λi , σ), j= 1 to M. The mutual information corresponding to the features extracted after incorporating λi j into the existing partition set is calculated

(I(K(Λi ); C). The mutual information of the feature vectors resulting from adding
λi into the partition set is taken to the 95 percentile of the set of mutual information values corresponding to M samples drawn from the distribution centered at
it. Hence at the ith step, the partition location λi chosen is as follows:
λ∗i = arg max(P95 (I(K(Λi ); C)))
λi

(2.15)

where Λi = Λ∗i−1 ∪ {λ ∼ N(λi , σ)}.

2.2.3

Mutual Information Estimation via Parzen Window

The Parzen window method [120], which is used for mutual information estimation
in every step of the sequential optimization, is explained in this section. Parzen
window method is chosen because the error in estimation of the probability distribution remains low upto higher dimensions. In classification problems, the class
has discrete values while the input features (i.e., state probability vector p ∈ K) are

usually continuous variables. The mutual information between the input features
K and the class C is represented as follows:
I(K; C) = H(C) − H(C|K)

(2.16)

where H(C) is calculated as in Eq. (2.3). This chapter considers uniform class
prior while calculating H(C). The conditional entropy is obtained as:
H(C|K) = −

Z

K

p(p)

N
X

p(c|p) log p(c|p) dp

(2.17)

c=1

where N is the number of classes, which may be difficult to obtain because the
conditional probability p(c|p) may not be easy to estimate. According to the
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Bayesian rule, p(c|p) is expressed as:
p(c|p) =

p(p|c)p(c)
p(p)

(2.18)

If the class has N values, say 1, 2, ..., N, the estimated conditional probability
p̂(p|c) of each class is estimated via the Parzen window method as:
p̂(p|c) =

1 X
φ(p − pi , h)
nc i∈I

(2.19)

c

where nc is the number of training examples belonging to the class c ∈ {c =

1, ..., N}; and Ic is the set of indices of the training examples belonging to class c.
N
P
p(k|p) = 1, the conditional probability is
Since
k=1

p(c|p) =

p(c|p)
N
P

=

p(k|p)

k=1

p(p|c)p(c)
N
P

(2.20)

p(k)p(p|k)

k=1

Using (2.19), the conditional probability is estimated as:

p̂(c|p) =

P

i∈Ic

φ(p − pi , hc )

N P
P

k=1 i∈Ik

(2.21)

φ(p − pi , hk )

where hc and hk are class specific window width parameters. If a Gaussian window
function is chosen as:
φ(p, h) =

1
pT S −1 p
exp
(−
)
(2π)d/2 hd |S|1/2
2h2

(2.22)

with the same window width parameter h and the same covariance matrix S is
used for each class, then the estimate of the conditional probability becomes:

p̂(c|p) =

P

T S −1 (p−p )
i
2h2

exp (− (p−pi )

i∈Ic
N P
P

k=1 i∈Ik

)
(2.23)

T S −1 (p−p )
i
)
exp (− (p−pi ) 2h
2
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In the calculation of the conditional entropy in Eq. (2.17) with n training samples,
if the integration is replaced by summation of the sample points with equal sample
probability, then Eq. (2.17) becomes:
N
n
X
1X
p̂(c|pj ) log p̂(c|pj ),
Ĥ(C|K) = −
n c=1
j=1

(2.24)

where pj is the j th sample of the training data. Finally, the estimate of the mutual
information is obtained from Eqs. (2.23) and (2.24).
The computational complexity for Eq. (2.24) is of the order n2 × d, which

implies that Parzen window estimation does not require excessive memory, unlike
the histogram based methods. With this estimation, the problem of alphabet size
selection can be solved by the sequential optimization method in the previous
subsection. It is noted that the dimension of the input feature vector (e.g., state
probability vector p) starts from two at the beginning and increases by one as a
new partition segment is added.

2.3

Validation of the Algorithm

For validation of the proposed alphabet size selection algorithm, this section presents
two examples namely, (i) Parameter identification in nonlinear Duffing systems,
and (ii) Lean Blow-Out (LBO) prediction in a laboratory-scale combustor from
experimental data, along with explanations of the associated results regarding the
proposed technique of alphabet size selection.

2.3.1

Parameter Identification for multi-class Duffing Systems

The exogenously excited Duffing system is nonlinear with chaotic properties and
its governing equation is:
d2 y
dy
+β
+ αy(t) + y 3(t) = Acos(ωt)
2
dt
dt

(2.25)
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Figure 2.3: Top: Mutual information vs. alphabet size for 2 class Duffing system
with (a) D = 1, (b) D = 2; Bottom: Optimal partitioning marked on a representative time series with (c) alphabet size=9 for 2 class duffing system with D = 1
(d) alphabet size=5 for 2 class duffing system with D = 2
where the amplitude A = 22.0, excitation frequency = 5.0, and reference values
of the remaining parameters, to be identified, are: α = 1.0 and β = 0.1. It is
known that this system goes through a bifurcation at different combinations of α
and β, which can be easily identified by standard feature extraction procedures.
The problem at hand is to accurately identify the ranges of the parameters α and
β when the system has not crossed any bifurcation.
At first, only two classes of Duffing system are defined based on the range
of β, that are: (i) Class 1 (0.100 ≤ β ≤ 0.147) and (ii) Class 2 (0.147 ≤ β ≤
0.194). Two hundred simulation runs of the Duffing system have been conducted
for each class to generate data set for analysis among which 30 samples are chosen
for determining the optimal partitioning and 3 fold cross validation is done on
the remaining dataset to determine the classification results. Parameters α and β
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are chosen randomly from independent uniform distributions within the prescribed
ranges mentioned above. Time series has been collected for y for each sample point
in the parameter space. The length of the simulation time window is 80 seconds
sampled at 100 Hz, which generates 8,000 data points. The range of time-series is
divided into 40 grid cells via Uniform Partitioning.
The sequential partitioning optimization procedure described in the previous
section is then employed to identify the optimal partitioning and alphabet size.
Figure 2.3a and figure 2.3b depict the nature of mutual information between the
state probability vector and the class labels for the depth of the D-Markov machine
of the input feature being 1 and 2 respectively. For depth of 2, normalized mutual
information converges to 1 much earlier (alphabet size = 5) than that (alphabet
size = 9) for unity depth. Figure 2.3c and Figure 2.3d show the optimal partition
locations superimposed on a sample time series for the cases corresponding to the
depth of 1 and 2 respectively.
Figures 2.4a, 2.4b, 2.4c show the classification performance(with k-nn classifier,k=5) for 3 different variance fractions considered here (different levels of
robustness), which are 0.67,0.5,0.25 of the inter partition width respectively. It
is observed that the classification error achieves lower value with smaller variance
for larger robustness variance fraction. Figure 2.5 show the nature of mutual information between the state probability vector and the class labels for the duffing
system with 4 classes. corresponding to the 4 different combinations of the ranges
in which α and β lie.( (0.100 ≤ β ≤ 0.147), (0.147 ≤ β ≤ 0.194), (0.934 ≤ α

≤ 1.067), (0.8 ≤ α ≤ 0.934)). The convergence rate of the normalized mutual

information is smaller in this case than that for the binary classification scheme
because more alphabet size is required to capture the information of 4 classes.

2.3.2

Lean Blow-out Prediction in a Laboratory-scale Combustion System

Ultra-lean combustion is commonly used for NOx reduction and is susceptible to
thermo-acoustic instabilities and lean blow-out (LBO). It is well known that occurrence of LBO could be detrimental for operations of both land-based and aircraft
gas turbine engines. For example, LBO in land-based gas turbines may lead to
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(D = 1)
engine shutdown and subsequent relighting involves loss of productivity; similarly,
LBO in aircraft gas turbines may cause loss of engine thrust especially if the fuel
flow is suddenly reduced during a throttling operation, or if air flow reduction takes
place at a much slower rate due to the moment of inertia of the compressor. In
essence, a sudden decrease in the equivalence ratio may lead to LBO in gas turbine
engines, which could have serious consequences. This phenomenon calls for prediction of blowout phenomena and adoption of appropriate measures to mitigate it.
Experiments [3] were conducted in a laboratory-scale swirl-stabilized dump combustor that represented a generic gas turbine combustor. Multiple experiments
were conducted with liquefied petroleum gas (LPG) fuel at airflow rates of 150,
175 and 200 liters per minute (lpm) for two different fuel-air premixing lengths
(i.e., distance of fuel injection port from the dump plane) of Lf uel = 25 cm, and
15 cm for Port 3, and Port 5, respectively. For each experiment protocol, chemiluminescence time series was collected while reducing the fuel-air ratio φ in steps till
the system reached LBO. More details on the experimental setup and experiment
protocols are described in chapter 3.
The main challenge here is to predict how far a combustion is from LBO. It
is easier to predict LBO in the high premixing (i.e., port 3) case as the precursor
events are more dominant [3] than that in lower premixing case (i.e., port 5). A
nested classification architecture is proposed according to the range of the non-
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Figure 2.6: Chemiluminescence time-series for three classes (from left to
right:Nominal (Nom) LBO, Progressive LBO (PLBO) and Impending LBO
(ILBO)) at port 3 level of premixing
dimensional ratio of φ/φLBO for early detection of LBO. In training phase, the
chemiluminescence time series of duration 3s (Sampling rate = 2 kHz) for each
premixing length were grouped into two classes as: Alarm (1 ≤ φ/φLBO ≤ 1.20)

and Nominal (φ/φLBO > 1.20). The class Alarm was divided into two finer classes

as: Impending LBO (ILBO) for 1 ≤ φ/φLBO ≤ 1.1, and Progressive LBO (PLBO)
for 1.1 < φ/φLBO ≤ 1.2. Identification of the PLBO phase is critical for LBO
avoidance as the control actions need to be initiated typically near the PLBO-

ILBO boundary.
The sequential partitioning optimization procedure is applied on the chemiluminescence data to identify the optimal partitioning and alphabet size, that starts
with 20 grid cells. A robustness with σ fraction (see 2.2.2) of 0.25 is chosen in
this analysis. Figure 2.7(a) shows the variation of mutual information between the
D-Markov feature vectors with unity depth and the class labels for both premixing
levels. Figure 2.7(b) presents a similar characteristics for D = 2. It is observed
that the normalized mutual information converges to 1 much earlier in the case of
D = 2, reflecting the fact that D-Markov features with larger memory can capture the same class information with smaller alphabet size. Normalized mutual
information for high premixing (port 3) converges to 1 earlier than that for low
premixing (port 5). This phenomenon is more apparent for unity depth features,
where alphabet size for port 3 and port 5 can be chosen as 7 and 12 respectively
according to a stopping rule of Imax = 1. The rationale for this observation can be
attributed to the large class separability for high premixing due to the presence of
dominant precursor events leading to LBO. Support vector machine (SVM) with
radial basis function [31] is used based on 70% training at each layer of the nested
classification. Figure 2.7 (c) and (d) present the variation of classification error
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Figure 2.7: Top: Mutual information vs. alphabet size for both level of premixing
(e.g., port 3 and port 5) with (a) D = 1 and (b) D = 2 Bottom: Variation of
classification error as a function of alphabet size for both level of premixing (e.g.,
port 3 and port 5) with (a) D = 1 and (b) D = 2
while the proposed partitioning scheme sequentially increases the alphabet size for
D = 1 and D = 2 respectively. The errorbars correspond to standard deviation
of the classification error over 10-fold cross validation. The error is comparatively
smaller for high premixing (port 3) and the proposed partitioning scheme achieves
significantly lower error for small alphabet size at D = 2 than that at D = 1.
The proposed partitioning scheme is also compared to a benchmark partitioning technique, MEP. Figure 2.8 shows the variation of classification error in the
proposed approach and in MEP as a function of alphabet size for port 5 scenario.
The error is smaller for the proposed scheme at the alphabet size selected (12 for
D = 1 and 4 for D = 2) via applying normalized mutual information stopping
criteria mentioned earlier.
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2.4

Summary and Conclusions

This chapter presents symbolic feature extraction from time-series of observed
sensor data. The feature extraction algorithm maximizes the mutual information
between the input features and pattern classes. where the time series is partitioned
in the framework of symbolic time series analysis (STSA) to obtain a sub-optimal
alphabet size. This partitioning technique yields satisfactory performance of pattern classification in the test phase. The proposed technique is validated on two
examples: (i) simulated data for multi-class Duffing systems; and (ii) experimental
data from a laboratory-scale combustor for lean blow-out (LBO) prediction. The
optimization procedure can be also used to evaluate the capability of other partitioning schemes towards achieving a specified objective. Nevertheless, efficacy of
the proposed partitioning optimization process depends on the very nature of the
time series under consideration.
Incorporation of an explicit term for class separability in the proposed objective
function is a topic of future investigation. Apart from this issue, The following
research topics are recommended for future research.
• Implementation of simultaneous optimization techniques instead of sequential ones.

• Tradeoff between the performance gain and the loss of computational speed.
• Validation of the proposed approach for other pattern classification problems.

Chapter

3

Generalized D-Markov machine
construction and Prediction of Lean
Blowout in a Swirl-stabilized
Combustor
Ultra-lean combustion is commonly used for reduction of oxides of nitrogen (NOx)
and is susceptible to thermo-acoustic instabilities and lean blowout (LBO). It is
well known that occurrence of LBO could be detrimental for operations of both
land-based and aircraft gas turbine engines. For example, LBO in land-based gas
turbines may lead to engine shutdown and subsequent re-ignition involves loss of
productivity; similarly, LBO in aircraft gas turbines may cause loss of engine thrust
especially if the fuel flow is suddenly reduced during a throttling operation, or if
air flow reduction takes place at a much slower rate due to the moment of inertia
of the compressor. In essence, a sudden decrease in the equivalence ratio may
lead to LBO in gas turbine engines, which could have serious consequences. This
phenomenon calls for a real-time prediction of LBO and adoption of appropriate
measures to mitigate it.
It is noted that a priori determination of the LBO margin may not be feasible, because of flame fluctuations in the presence of thermoacoustic instability. To
address this issue, the current chapter develops an online LBO prediction tool for
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both well-premixed (e.g., in land-based gas turbines) and partially premixed (e.g.,
in aircraft gas turbines) combustors. The LBO limit is dependent on a number
of parameters that are related to the combustor configuration and operating conditions, and monitoring of all these parameters would require a complicated and
expensive diagnostic system. From this perspective, quantifiable dynamic characteristics of flame preceding blowout have been exploited in the past as LBO
precursors by a number of researchers. De Zilwa et al. [73] investigated the occurrence of blowout in dump combustors with and without swirl. Chaudhuri and
Cetegen [74, 75] investigated the effects of spatial gradients in mixture composition and velocity oscillations on the blowoff dynamics of a bluff-body stabilized
burner that resembles representative of afterburners of gas turbine combustors.
They used photomultiplier tubes with CH chemiluminescence filters to capture
the optical signal and characterized the signal in the vicinity of blowout. Chaudhuri et al. [76] and Stohr et al. [77] investigated LBO dynamics of premixed and
partially premixed flames using combined particle image velocimetry/planar laserinduced fluorescence (PIV/PLIF)-based diagnostics. However, these works did not
focus on developing strategies for mitigating LBO.
Lieuwen, Seitzman and coworkers [78, 79, 80, 81] used time series data from
acoustic and optical sensors for early detection and control of LBO in laboratoryscale gas turbine combustors. Nair and Lieuwen [80] identified blowout parameters
using various (e.g., spectral, statistical, wavelet-based and threshold-based) techniques. For statistical analysis, they used moving average kurtosis. They defined
thresholds in terms of cut-offs for peak pressure in a cycle falling below. The
number of such events increased sharply near blowout. For wavelet-based analysis, they used the Mexican Hat and a customized wavelet that matches with
the time series data of OH* chemiluminescence. Yi and Gutmark [82] identified
two indices, namely, normalized chemiluminescence root mean square and normalized cumulative duration of LBO precursor events, for LBO prediction in real time.
However, both Lieuwen et al. and Gutmark demonstrated their techniques for LBO
prediction in premixed combustors. On the other hand, Mukhopadhyay and coworkers [83, 2] developed a number of techniques for early detection of LBO, which
worked satisfactorily over a wide range of fuel-air premixing. Chaudhari et al. [83]
used flame color to device a novel and inexpensive strategy for LBO detection. In

42
this work, they used as an LBO detection metric, the ratio of red and blue intensities in the flame image obtained with a commercial color charge-coupled device
(CCD) camera. Mukhopadhyay et al. [2] used chemiluminescence time series data
for online prediction of LBO under both premixed and partially premixed operating
conditions. The algorithm was built upon a data-driven symbolic-dynamics-based
technique, called D-Markov machine [19, 25], where the parameter D was set to 1
to construct the probabilistic finite state automata (PFSA), which implies that the
memory of the underlying combustion process was restricted only to its immediate
past state.
In a number of recent publications, the transition to LBO was correlated
with changes in signature of the dynamic characteristics of the system. Kabiraj
et al. [84] and Kabiraj and Sujith [85] investigated dynamics of a ducted laminar
premixed flame and using tools of dynamical systems analysis demonstrated that
the system undergoes a number of bifurcations involving quasiperiodic and intermittent behaviors leading to blowout. Gotoda and co-workers [86] used a number
of analytical tools to examine the dynamics of a model gas turbine combustor
and showed that close to lean blowout the dynamics of the combustor exhibits a
self-affine structure indicating fractional Brownian motion but changes to chaotic
oscillations showing oscillations with slow amplitude modulation as the equivalence ratio increases. Gotoda et al. [87] showed that the relatively regular pressure
oscillations undergo transition to intermittent chaotic oscillations as the equivalence ratio is decreased and the system approaches LBO. Translational errors were
used to measure the parallelism of neighboring trajectories in the phase space as
a control variable for mitigation of LBO. Through similar studies, Sujith and coworkers [97, 96] showed that combustion noise is chaotic fluctuation of moderately
high dimension that undergoes transition to high amplitude oscillations characterized by periodic behavior. This information was used to determine the loss of chaos
in the system dynamics as a precursor for prediction of thermoacoustic instability.
The current chapter is a major extension of the earlier work on D-Markov
machine-based LBO prediction, reported by Mukhopadhyay et al. [2]. The significant contributions of the current chapter in this regard are delineated below.
1. State splitting and state merging: The states of the D-Markov machine are
constructed in two steps [25, 3]: (i) state splitting, i.e., the states are split
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based on their information contents, and (ii) state merging, i.e., two or more
states (of possibly different lengths) are merged together to form a new state
without any significant loss of their embedded information.
2. Accommodation of a longer memory of chemiluminescence time series: Algorithms of the D-Markov machine are reformulated with D > 1 (instead
of D = 1) to extract low-dimensional features with a longer history of the
combustion process.
3. Bias removal to achieve leaner operating conditions: The bias (i.e., the nonzero mean) is removed from chemiluminescence time series to avoid meanbased prediction that may result in richer operating conditions with consequent penalties of enhanced NOx emission.
4. Information-theoretic anomaly measure for LBO prediction: An anomaly
measure [19] is constructed, based on Kullback-Leibler divergence [115], to
anticipate the proximity of LBO with increased sensitivity.
5. Pattern classification based on the features extracted from chemiluminescence
time series: The prediction of LBO is posed as a pattern classification problem based on different ranges of the equivalence ratio at several premixing
levels. This approach largely alleviates the problem of loss of robustness due
to limited data availability for making online decisions [24].
The chapter is organized in five sections, including the present one, and three
appendices. Section 3.1 describes a laboratory-scale swirl-stabilized dump combustor, which has been used for prediction of LBO phenomena from time series of
optical sensor data. Section 3.2 explains the method of information extraction from
time series as a D-Markov machine in the form of low-dimensional features. Section 3.3 presents the capability and advantages of the proposed approach for LBO
prediction over different parameter ranges. Finally, the chapter is summarized and
concluded in Section 3.4 with selected recommendations for future research.
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Figure 3.1: Schematic View of the Laboratory Apparatus [2, 3]

3.1

Apparatus for Experimental Research

A swirl-stabilized dump combustor, as depicted in Figure 3.1, was designed as a
laboratory-scale model of a generic gas turbine combustor based on the earlier
works of Williams et al. [121], Meier et al. [122], Nair et al. [78], Chaudhuri
and Cetegen [74] and Yi and Gutmark [82]. The air is supplied at the ambient
temperature from a compressor to the bottom port on the premixing tube and the
air flow rate is measured upstream of the combustor by using a calibrated mass
flow controller (MFC) (Aalborg range 0 to 500 litres per minute (lpm)). Liquefied
petroleum gas (LPG), having a composition of 40% propane (C3 H8 ) and 60%
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butane (C4 H10 ) by volume, has been used as the fuel in the experiments. The
fuel is supplied from a pressurized cylinder fitted with needle valve to control the
flow rate and is also measured upstream of the combustor by a calibrated Aalborg
mass flow controller (Range: 0 − 10 lpm). To investigate the effects of premixing

on flame dynamics, six side ports are provided 50 mm apart along the length of
the premixing tube, as seen in Figure 3.1. This arrangement allows the fuel to
be injected at different axial positions of the premixing tube, thereby providing
different premixing lengths. The ports are numbered 1 to 6 from the bottom of the
premixing tube. Thus the fuel injected through Port 1 allows greatest premixing
while Port 6 allows least premixing. The fuel is injected to one of the side ports
of the premixing tube. The fuel-air mixture enters the combustor through the
inlet swirler in the annulus around a center body, located just prior to the dump
plane in the premixing section. The inner diameter of the premixing section is 23
mm, and the diameter of the center-body is 8 mm. The inlet swirler has six vanes
positioned at 60o to the flow axis. A quartz tube is provided in the combustion
zone having the internal diameter 60 mm and length 200 mm to facilitate optical
diagnostics.
The heat release rate is measured by the chemiluminescence emitted from the
CH* radicals (wavelength λ ∼ 431 nm) of the flame. The time series data are

obtained with a photomultiplier tube (PMT) fitted with an optical band pass
filter (λpass = 430 nm) with full-width at half-maximum (FWHM) =10 nm. The

PMT output signal (in volts) is acquired using a 16-bit analog input channel on
a National Instruments P XI-6250 data acquisition card that is mounted in a
National Instruments P XI-1050 Chassis having a built-in 08 channel SCXI-1125
signal conditioner module. Time series data with 215 points have been acquired at
a sampling frequency of 2 kHz in each experiment. Video images of the flame are
recorded in order to visualize LBO phenomenology and correlate the same with the
optical signal. Still color images of the flame are also acquired simultaneously using
the digital single lens reflex (DSLR) camera at suitable exposure to avoid pixel
saturation. Further details of the experimental apparatus and instrumentation are
available in [123].
Experiments were carried out using liquefied petroleum gas (LPG) as the fuel.
A major reason for the choice of LPG as the fuel is that LPG consists of mainly
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propane and butane, which are the simplest hydrocarbons whose combustion exhibits the chemical behavior, flame speed, and extinction limits closer to the heavier
and more complex hydrocarbon fuels [124]. Tests were first conducted with stoichiometric fuel/air mixture (i.e., φ = 1). Then, at each given air flow rate, the fuel
supply was gradually decreased to generate progressively lean reacting mixtures.
A constant air flow rate in the experiments was maintained to ensure that the
Reynolds number of fluid flow remains practically constant because air constitutes
the bulk of the incoming reactant mixture.

3.2

LBO Prediction via Symbolic Analysis

Symbolic time series analysis (STSA) [125] is built upon the concept of symbolic
dynamics [126] that deals with discretization of dynamical systems in both space
and time. The notion of STSA has led to the development of a feature extraction
tool for pattern classification, in which a time series of sensor signals is represented
as a symbol sequence that, in turn, leads to the construction of probabilistic finite
state automata (PFSA) [34][35]. Statistical patterns of slowly evolving dynamical
behavior in physical processes can be identified from sensor time series data and
often the changes in these statistical patterns occur over a slow time scale with
respect to the fast time scale of process dynamics.
Since PFSA models are capable of efficiently compressing the information embedded in sensor time series [19][20], these models could enhance the performance
and execution speed of information fusion and information source localization that
are often computation-intensive. Rao et al. [127] and Bahrampour et al. [128]
have shown that the performance of this PFSA-based tool as a feature extractor
for statistical pattern recognition is comparable (and often superior) to that of
other existing techniques (e.g., Bayesian filters, Artificial Neural Networks, and
Principal Component Analysis [31]).
The major steps for construction of PFSA from sensor signal outputs (e.g.,
time series) of a dynamical system are as follows.
1. Coarse-graining of time series to convert the scalar or vector-valued data into
symbol strings, where the symbols are drawn from a (finite) alphabet [129].
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2. Encoding (i.e., identification of labeled graph structure and pertinent parameters) of probabilistic state machines from the symbol strings [19, 25, 20, 24,
130].
The next step is to construct probabilistic finite state automata (PFSA) from
the symbol strings to encode the embedded statistical information so that the dynamical system’s behavior is captured by the patterns generated from the PFSA
(see 2) in a compact form. D-Markov machines are models of probabilistic languages where the future symbol is causally dependent on the (most recently generated) finite set of (at most) D symbols and form a proper subclass of PFSA
with applications in various fields of research such as anomaly detection [19] and
robot motion classification [53]. Since long-range dependencies in the time series
rapidly diminish under the assumption of strong mixing [131], such a dynamical
system could be modeled as a D-Markov machine with a sufficiently large value of
D. However, increasing the value of D may lead to an exponential growth in the
number of machine states and hence the computational complexity of the model
grows. The main issue addressed in this chapter is order reduction of the states of
a D-Markov machine model for representing the stationary probability distribution of the symbol strings that are generated from the times series of a dynamical
system [25]. In addition, this chapter addresses the trade-off between modeling
accuracy and model order, represented by the number of states, for the proposed
algorithm. The power of the proposed tool of PFSA-based D-Markov machines
is its capability of real-time execution on in-situ platforms for anomaly detection,
pattern classification, condition monitoring, and control of diverse physical applications.
This section develops the algorithms for construction of D-Markov machines.
The underlying procedure consists of two major steps, namely, state splitting and
state merging. In general, state splitting increases the number of states to achieve
more precision in representing the information content in the time series. This is
performed by splitting the states that effectively reduce the entropy rate H(Σ|Q),
thereby focusing on the critical states (i.e., those states that carry more information). Although this process is executed by controlling the exponential growth
of states with increasing depth D, the D-Markov machine still may have a large
number of states. The subsequent process reduces the number of states in the
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D-Markov machine by merging those states that have similar statistical behavior.

3.2.1

The State Splitting Algorithm

In D-Markov machines, a symbol block of (finite) length D is sufficient to describe
the current state. In other words, the symbols that occur prior to the last D
symbols do not affect the subsequent symbols observed. Therefore, the number of
states of a D-Markov machine of depth D is bounded above by |Σ|D , where |Σ|

is the cardinality of the alphabet Σ. For example, with the alphabet size |Σ| = 4
(i.e., 4 symbols in the alphabet Σ) and a depth D = 3, the D-Markov machine

could have at most |Σ|D = 64 states. As this relation is exponential in nature, the

number of states rapidly increases as D is increased. However, form the perspective

of modeling a symbol string, some states may be more important than others in
terms of their embedded information contents. Therefore, it is advantageous to
have a set of states that correspond to symbol blocks of different lengths. This is
accomplished by starting off with the simplest set of states (i.e., Q = Σ for D = 1)
and subsequently splitting the current state that results in the largest decrease
of the entropy rate. The complexity of a D-Markov machine is reflected by the
entropy rate which also represents its overall capability of prediction. The entropy
rate of a D-Markov machine is defined as:
Definition 3.2.1. (D-Markov Entropy Rate) The D-Markov entropy rate of a
PFSA (Σ, Q, δ, π) is defined in terms of the conditional entropy as:
H(Σ|Q) ,

X

P (q)H(Σ|q)

q∈Q

=−

XX

P (q)P (σ|q) log P (σ|q)

(3.1)

q∈Q σ∈Σ

where P (q) is the probability of a PFSA state q ∈ Q and P (σ|q) is the conditional
probability of a symbol σ ∈ Σ given that a PFSA state q ∈ Q is observed.

The process of splitting a state q ∈ Q is executed by replacing the symbol

block q by its branches as described by the set {σq : σ ∈ Σ} of words. Maximum

reduction of the entropy rate is the governing criterion for selecting the state to
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Figure 3.2: Tree-representation of state splitting in D-Markov machines
split. In addition, the generated set of states must satisfy the self-consistency criterion, which only permits a unique transition to emanate from a state for a given
symbol. If δ(q, σ) is not unique for each σ ∈ Σ, then the state q is split further.

In the state splitting algorithm, a stopping rule is constructed by specifying the
threshold parameter ηspl on the rate of decrease of conditional entropy. An alter-

native stopping rule for the algorithm is to provide a maximal number of states
Nmax instead of the threshold parameter ηspl . The operation of state splitting is
described in Algorithm 1 of Appendix A.
Let q be a D-Markov state, which is split to yield new states σq, where σ ∈ Σ

and σq represents the equivalence class of all (finite-length) symbol strings with

the word σq as the suffix. Figure 3.2 illustrates the process of state splitting in
a PFSA with alphabet Σ = {0, 1}, where each terminal state is circumscribed by

an ellipse. For example, the states in the third layer from the top are: 00q,
10q,

01q, and 11q, of which all but 10q are terminal states. Consequently,

the state 10q is further split as 010q and 110q that are also terminal states, i.e,
Q = {00q, 01q, 11q, 010q, 110q}, as seen in the split PFSA diagram of Figure 3.2.

Given the alphabet Σ and the associated set Q of states, the morph matrix Π can
be computed in the following way.
π(q, σ) = P (σ|q) =

P (qσ)
∀σ ∈ Σ ∀q ∈ Q
P (q)

(3.2)

where P (·) and P (·|·) are the same as those used in Definition 3.2.1 and Eq. (3.1)
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therein.
For construction of PFSA, each element π(σ, q) of the morph matrix Π is estimated by frequency counting as the ratio of the number of times, N(qσ), the state
q is followed (i.e., suffixed) by the symbol σ and the number of times, N(q), the
state q occurs. It follows from Eq. (3.2) that each element π̂(σ, q) of the estimated
b is obtained as
morph matrix Π
π̂(q, σ) ,
where

P

σ∈Σ

1 + N(qσ)
∀σ ∈ Σ ∀q ∈ Q
|Σ| + N(q)

(3.3)

π̂(σ, q) = 1 ∀q ∈ Q.

Similar to Eq. (3.3), each element P (q) of the stationary state probability vector
is estimated by frequency counting as
Pb(q) ,

1 + N(q)
P
∀q ∈ Q
|Q| +
N(q ′ )

(3.4)

q ′ ∈Q

where Pb(q) is an element of the estimated stationary state probability vector,

which implies the estimated stationary probability of the PFSA being in the state
q ∈ Q. Wen et al. [24] have statistically modeled the error of estimating the state
probability vector from finite-length symbol strings.

Now the entropy rate (see Eq. (3.1)) is computed in terms of the elements of
estimated state probability vector and estimated morph matrix as

H(Σ|Q) = −
≈−

3.2.2

XX

P (q)P (σ|q) log P (σ|q)

q∈Q σ∈Σ

XX
q∈Q σ∈Σ

Pb(q)π̂(q, σ) log π̂(q, σ)

(3.5)

The State Merging Algorithm

Once state splitting is performed, the resulting D-Markov machine is a statistical
representation of the symbol string under consideration. Depending on the choice
of alphabet size |Σ| and depth D, the number of states after splitting may run into
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hundreds. Although increasing the number of states of the machine may lead to a
better representation of the symbol string, it rapidly increases the execution time
and memory requirements. The motivation behind the state merging is to reduce
the number of states, while preserving the D-Markov structure of the PFSA. Of
course, such a process may cause the PFSA to have degraded precision due to loss
of information. The state merging algorithm aims to mitigate this risk.
In the state merging algorithm, a stopping rule is constructed by specifying an
acceptable threshold ηmrg on the distance Φ(·, ·) between the merged PFSA and

the PFSA generated from the original time series. The distance metric Φ(·, ·) is
defined as:

Definition 3.2.2. (Distance Metric between two PFSAs) Let K1 = (Σ, Q1 , δ1 , π1 )
and K2 = (Σ, Q2 , δ2 , π2 ) be two PFSA with a common alphabet Σ. Let P1 (Σj )
and P2 (Σj ) be the steady state probability vectors of generating words of length j
from the PFSA K1 and K2 , respectively, i.e., P1 (Σj ) , [P (w)]w∈Σj for K1 and
P2 (Σj ) , [P (w)]w∈Σj for K2 . Then, the metric for the distance between the PFSA
K1 and K2 is defined as
Φ(K1 , K2 ) , lim

n→∞

n
X
kP1 (Σj ) − P2 (Σj )kℓ
j=1

1

2j+1

(3.6)

where the norm k⋆kℓ1 indicates the sum of absolute values of the elements in the
vector ⋆. For more detail on this distance metric see Appendix A.

Before embarking on the state merging algorithm, the procedure for merging
of two states is described below.
Notion of merging two states: The process of state merging is addressed by
creating an equivalence relation [132], denoted as ∼, between the states. The

equivalence relation specifies which states are identified to belong to the same class,
thereby partitioning the original set of states into a smaller number of equivalence

classes of states, each being a nonempty collection of the original states. The new
states are, in fact, equivalence classes as defined by ∼.

Let K1 = {Σ, Q1 , δ1 , π1 } be the split PFSA, and let q, q ′ ∈ Q1 be two states that

are to be merged together. Initially, an equivalence relation is constructed, where

none of the states are equivalent to any other state except itself, i.e., each equivalence class is represented by a singleton set. To proceed with the merging of states q
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and q ′ , an equivalence relation is imposed between q and q ′ , denoted as q ∼ q ′ ; how-

ever, the transitions between original states may not be well-defined anymore, in
the following sense: there may exist σ ∈ Σ such that the states δ1 (q, σ) and δ2 (q ′ , σ)
are not equivalent. In essence, the same symbol may cause a transition to two

different states from the merged state {q, q ′ }. As the structure of D-Markov ma-

chines does not permit this ambiguity of non-determinism [19], the states δ1 (q, σ)
and δ2 (q ′ , σ) are also required to be merged together, i.e., δ1 (q, σ) ∼ δ2 (q ′ , σ) (this
procedure is known as determinization in the state merging literature). Therefore,

the symbol σ will cause a transition from the merged state {q, q ′} to the merged

state {δ1 (q, σ), δ2 (q ′ , σ)}. This process is recursive and is performed until no ambiguity in state transitions occurs. Indeed at each iteration, the number of states
of the future machine is reduced, and the machine where all the states are merged
is always consistent. Therefore, the number of states is a decreasing sequence of
positive integers, which must eventually converge. The recursive operation of the
equivalence relation ∼ is described in Algorithm 2 of Appendix A.

Let K1 = {Σ, Q1 , δ1 , π1 } be the split PFSA that is merged to yield the reduced-

order PFSA K2 = {Σ, Q2 , δ2 , π2 }, where the state-transition map δ2 and the morph

function π2 for the merged PFSA K2 are defined on the quotient set Q2 , Q1 / ∼,

and [q] ∈ Q2 is the equivalence class of q ∈ Q1 . Then, the associated morph
function π2 is obtained as:



π2 ([q], σ) = P si+1 = σ |
=

=

≈

P

q̃∈[q]

P

q̃∈[q]

P

q̃∈[q]

[



{Xi = q̃}

q̃∈[q]

P [si+1 = σ ; Xi = q̃]
P

P (Xi = q̃)

q̃∈[q]

P [si+1 = σ | Xi = q̃] P (Xi = q̃)
P

P (Xi = q̃)

q̃∈[q]

π̂1 (q̃, σ) × Pb1 (q̃)
P b
P1 (q̃)

q̃∈[q]

(3.7)
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As seen in Eq. (3.7), the morph function π2 of the merged PFSA K2 is estimated
as the sum of π̂1 weighted by the stationary state probabilities Pb1 of the PFSA
K1 . By construction, δ2 is naturally obtained as

δ2 ([q], σ) = [δ1 (q, σ)]

(3.8)

Algorithm 3 in Appendix A presents the procedure to obtain the PFSA, where
the objective is to merge the states q and q ′ .
Identification of the states to be merged : The next task is to decide which
states have to be merged. States that behave similarly (i.e., have similar morph
probabilities) have a higher priority for merging. The similarity of two states,
q, q ′ ∈ Q, is measured in terms of morph functions (i.e., conditional probabilities)

of future symbol generation as the distance between the two rows of the estimated
b corresponding to the states q and q ′ . The ℓ1 -norm (i.e., the sum
morph matrix Π

of absolute values of the vector components) has been adopted to be the distance
function as seen below.

M(q, q ′) , kπ̂(q, ·) − π̂(q ′ , ·)kℓ1
X
=
|π̂(q, σ) − π̂(q ′ , σ)|

(3.9)

σ∈Σ

A small value of M(q, q ′ ) indicates that the two states have close probabilities

of generating each symbol. Note that this measure is bounded above as M(q, q ′) ≤
P
P
2 ∀q, q ′ ∈ Q, because 0 ≤ σ∈Σ π̂(q, ·) ≤ 1 and 0 ≤ σ∈Σ π̂(q ′ , ·) ≤ 1. Now the
procedure of state merging is briefly described below.

First, the two closest states (i.e., the pair of states q, q ′ ∈ Q having the smallest

value of M(q, q ′)) are merged using Algorithm 3 (see Appendix A). Subsequently,

distance Φ(·, ·) of the merged PFSA from the initial symbol string is evaluated. If
Φ < ηmrg where ηmrg is a specified threshold, then the machine structure is retained

and the states next on the priority list are merged. On the other hand, if Φ ≥ ηmrg ,
then the process of merging the given pair of states is aborted and another pair
of states with the next smallest value of M(q, q ′) is selected for merging. This
procedure is terminated if no such pair of states exist, for which Φ < ηmrg . The
operation of the procedure is described in Algorithm 4 (see Appendix A).
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Figure 3.3: D-Markov machine features from chemiluminescence time-series for
three different stages of fuel-air ratios (from left to right: φ = 0.90, φ = 0.74 and
φ = 0.66) for airflow at 150 lpm for Lf uel = 250 mm (Port 3)

3.2.3

Feature Extraction

After the D-Markov machine is constructed, the stationary state probability vector
is computed in the following way. Similar to Eq. (3.3), each element of the stationary state probability vector P (q) is estimated by frequency counting as Pb(q)

(see Eq. (3.4)).

The estimated stationary state probability vector Pb(q) serves as a feature

vector representing the associated time series for classification of different zones

of flame; this feature vector is low-dimensional and can be computed in real
time, based on the varying equivalence ratio before the onset of LBO. For example, if the alphabet is {1, 2, 3, 4, 5}, the set of states after state splitting is

{1, 2, 13, 23, 33, 43, 53, 14, 24, 34, 44, 54, 5} for port 3 and state merging leads to the

set of states, {1, 2, 13, 23, 33, 43, 53, {14, 24, 34}, 44, 54, 5}. The stationary state

probability vector computed from the D-Markov machine with proposed state
description, served as the feature for this prediction problem. Figure 3.3 shows
the state probability vectors from chemiluminescence time series at three different
stages of fuel-air ratios.

3.2.4

Kullback-Leibler Divergence as LBO measure

Let Pb 0 be the estimated state probability vector (see Eq. (3.4)) of the resulting

probabilistic finite state automaton (PFSA) model at the reference epoch τ0 in
the slow time scale and let Pb k be the estimated state probability vector of the
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(possibly evolved) PFSA model at an epoch τk . Relative to the reference flame
condition at the epoch τ0 , any anomalous behavior of the current flame condition
at the epoch τk is expressed in terms of Pb 0 and Pbk as the (scalar) Kullback-Leibler
divergence [115] that is defined as

 X k
d Pb k k Pb0 ,
Pb (q) log
q∈Q

 bk 
P (q)
Pb 0(q)

(3.10)

where other choices of the divergence (e.g., standard Euclidean distance) can also
be made (for example, see [19]). A special advantage of using the Kullback-Leibler
divergence is that it provides an average anomaly measure of the current the flame
relative to the reference condition in the log scale. It is noted that, in Eq. (3.10),
the standard conventions 0 log(0) = 0 and p log( 0p ) = ∞ ∀p ∈ (0, ∞) are applicable

based on the continuity arguments. However, such a singularity condition is highly
undesirable for continous monitoring and control of flame stability and it is avoided
by appropriate selection of the reference vector Pb0 , each of whose elements is
strictly positive.

3.2.5

Pattern Classification

The next step is classification of patterns among the features extracted from the
time series data. A nested classification architecture, as shown in Figure 3.4, is
proposed based on the range of the non-dimensional ratio of φ/φLBO to predict a
forthcoming LBO, irrespective of the airflow rates for a certain premixing level.
Initially, the chemiluminescence time series of duration 16 sec for different premixing lengths were grouped into two classes as: Alarm (1 ≤ φ/φLBO ≤ 1.20) and
Nominal (φ/φLBO > 1.20). The class Alarm was divided into two finer classes as:
Impending LBO (ILBO) for 1 ≤ φ/φLBO ≤ 1.1, and Progressive LBO (PLBO) for

1.1 < φ/φLBO ≤ 1.2. Identification of the PLBO phase is crucial for LBO miti-

gation as the control actions need to be initiated typically near the PLBO-ILBO
boundary.
While there are many tools for pattern classification [31], this chapter makes
uses of two well known techniques, namely, leave-one-out and support vector machines (SVM). The leave-one-out method is adopted, because of the limited avail-
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Figure 3.4: Nested classification for lean blowout (LBO) prediction
ability of training and test data; it makes use of the cross validation concept, where
n groups of (n−1) training data are used with the remaining one of the n available
measurements being treated as test data. In Section 3.3, the SVM method with
either a Gaussian or a linear kernel [31] has been used to determine the classes to
which the test features belong.

3.3

Results and Discussions

This section validates the algorithms of D-Markov machines for LBO prediction on
the ensemble of time series data that were generated from the swirl-stabilized dump
combustor described in Section 3.1. Multiple experiments have been conducted
with liquefied petroleum gas (LPG) fuel at airflow rates of 150, 175 and 200 lpm
for three different fuel-air premixing lengths (i.e., distance of fuel injection port
from the dump plane) of Lf uel = 350 mm, 250 mm, and 150 mm for Port 1, Port
3, and Port 5, respectively, where Reynolds numbers based on cold flow conditions
have been up to 18, 700 at 200 lpm.

3.3.1

Experimental Observations

The combustion process was relatively steady and occupied the whole combustor
while the shape of the flame was conical as the fuel was injected through Port 1
(with Lf uel = 350 mm) at stoichiometric air-fuel mixture (i.e., φ = 1) . As the
equivalence ratio was reduced to φ = 0.81 case, there was a significant change in
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the flame color; it became bluish with a reddish tip while retaining a well defined
combustion region. For conditions close to LBO (e.g., φ =∼ 0.75) the flame
shape changed from conical to elongated columnar due to reduced reaction rate
and burning velocity of flame near LBO. There were random instances of flame
oscillations and flame lift-off from the dump plane. As the unburned fuel was
reignited, the flame became detached from the center body and returned to the
inlet. The random occurrences of unique extinction and re-ignition events spanned
a period of several milliseconds prior to LBO.
The observations with the minimum premixing length Lf uel = 150 mm were
significantly different from those of larger premixing lengths for operations near
the LBO limit. The flame was attached to the dump plane and did not show any
lift-off pattern at all times due to lower fuel-air premixing. The flame intensity
was significantly reduced and, after a subsequent re-ignition, the flame did not
oscillate and the precursor events were not so intense. Furthermore, the flame was
not symmetrically attached to the dump plane and exhibited asymmetric spread
with a flickering nature.

3.3.2

Reduction of Modeling Complexity near Lean Blowout

Each chemiluminescence time-series is converted to zero mean by subtracting the
bias which is a dominating factor in generating the anomaly measure in the symbolic analysis, reported by Mukhopadhyay et al. [2]. The removal of the bias has
yielded a significant improvement in the performance of LBO prediction over the
previous strategy [2], because mean-based detection may lead to the controller
operating the engine at relatively richer conditions with consequent penalties of
enhanced NOx emission. Since there is no bias in the algorithms reported in this
chapter, the texture of time series data is modeled precisely to predict LBO ahead
of time. The reference time series (i.e., at φ = 1) for different premixing lengths
are partitioned for an alphabet size of seven (i.e., |Σ| = 7) via maximum entropy

partitioning (MEP) [25, 20]. This information on partitioning has been used to
symbolize the data set at different equivalence ratios (i.e., for φ < 1) for the corresponding premixing length. Once the time series data are symbolized, D-Markov
machines are constructed from the symbol strings via state splitting and state
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Figure 3.5: State order reduction for Lf uel = 350 mm (Port 1)
merging.
Figure 3.5 shows that the number of states of the D-Markov machine after state
splitting and state merging reduces approximately monotonically as the equivalence ratio is dropped for Lf uel = 350 mm. In this case, state splitting is done with
an upper bound of 30 PFSA states (i.e., Nmax = 30 in Algorithm 1 of Appendix
A) and state merging with a threshold parameter ηmrg = 0.05 (see Algorithm 4 of
Appendix A). In Figure 3.5, the right-hand endpoints of the curves after φ = 0.63
denote the onset of LBO. Hence, it can be inferred that modeling complexity (i.e.,
the number of states) for D-Markov machine construction reduces drastically as
the flame approaches LBO. For other premixing lengths (e.g., Lf uel = 250 mm and
Lf uel = 150 mm), the modeling complexity near LBO is also reduced by a large
amount compared to that at φ = 1.
It appears that the complexity of PFSA models (e.g., the number of states
|Q|) tends to reduce as an LBO situation is approached. The dynamics of a
combustor close to blowout is a topic of intense current research. For example,

Gotoda and coworkers [86][87] have reported increase in system complexity as
LBO is approached; on the other hand, Kabiraj and Sujith [85] have shown a
slight decrease in embedding dimension during intermittency prior to blowout.
A possible explanation is that the effects of both destructive and constructive
interferences in the combustion process give rise to a large dimension of the phasespace that is represented by a relatively large |Q| in the PFSA model. Similarly,

it is observed that the embedding dimension of the combustion system reduces in

the vicinity of an LBO. However, since these conjectures are at best qualitative,
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Table 3.1: Confusion Matrix before Lean Blow Out for different premixing (port
1, port 3 and port 5)
PREDICTED
A
C
T
U
A
L

Premixing level
Class
ILBO
PLBO
Nom

Alarm

port 1 (Lf uel = 350 mm)
Alarm
Nom
ILBO
PLBO

9
0
0

0
7
1

port 3 (Lf uel = 250 mm)
Alarm
Nom
ILBO
PLBO

0
0
12

9
0
0

0
6
1

0
0
12

port 5 (Lf uel = 150 mm)
Alarm
Nom
ILBO
PLBO

6
0
0

2
6
3

0
0
16

further theoretical and experimental research is necessary to quantitatively assess
their truth or falsity. Therefore, in the context of the current chapter, further
research is needed to correlate the reduction in |Q| with changes in the dynamic

characteristics of the combustion process.

Although modeling complexity approximately monotonically reduces as the
flame approaches LBO, it cannot be treated as a definitive measure for LBO prediction, because the number of states may fluctuate within ranges of equivalence
ratios at small premixing length. Hence, an anomaly measure (see Eq. (3.10) in
Subsection 3.2.4) is constructed to quantify the proximity of the combustion system to LBO. Furthermore, while approaching LBO, different ranges of equivalence
ratio φ can be identified, irrespective of the airflow rate at a fixed premixing level.

3.3.3

Prediction of Lean Blowout (LBO)

This subsection presents the performance of the anomaly measure to quantify
the proximity to LBO under different premixing conditions and also elucidates
the classification performance for predicting different combustion regimes before
the onset of LBO. Following Figure 3.5, where the number of states is within
a reasonable (i.e., after excluding a few obvious outliers) range of 6 to 13, the
maximum number of states was assigned to be Nmax = 13 for state splitting in
the D-Markov machine construction. The LBO measure is computed with respect
to a reference at a condition far from LBO and it is kept at zero. To compare
LBO measures for different airflow rates at a certain premixing level, they are
normalized with respect to the LBO measures at their respective blowout point.
Figures 3.6(a), 3.6(b), and 3.6(c) show the performance of the proposed LBO
measure for three different flow rates (i.e., 150, 175 and 200 lpm) at well-premixed
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Figure 3.6: Dependence of Normalized LBO measure on φ/φLBO for three airflow
rates of (a) 150, (b) 175 and (c) 200 lpm
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(Port 1), partially-premixed (Port 3), and poorly-mixed (Port 5) fuel-air conditions, respectively. It is seen that, with the exception of the poorly-mixed condition (i.e., Lf uel = 150 mm (Port 5)), the average slope of the normalized LBO
measure with respect to normalized equivalence ratio (φ/φLBO ) remains low till
φ/φLBO reaches ∼ 1.2. As φ/φLBO is reduced below 1.2, the slope of the normal-

ized LBO measure starts increasing rapidly even for the well-premixed condition,

as seen in Figure 3.6(a). Below φ/φLBO = 1.1, the normalized LBO measure attains a value in the range of 0.4 − 0.6 and it reaches 1 with a steep slope when

the flame blows out. The steep rise in slope of the normalized LBO measure close
to LBO (φ/φLBO < 1.2) is desirable, because a sensitive LBO measure would be
capable of detecting the proximity of LBO. It is apparent from Figure 3.6(c) that
the normalized LBO measure for the poorly-mixed is not as sensitive as it is in the
cases of well-premixed and partially-premixed conditions. The rationale for this
result can be attributed to the absence of dominant precursor events prior to LBO
at a poorly-premixed condition.
Subsequently, the ensemble of time series data for these three air-flow rates are
mixed to build a robust classification scheme, where it is ensured that such data
sets were independently collected. Since the number of samples in each class is
not large (e.g., ∼ 10), leave-one-out cross-validation approach is adopted for LBO

prediction and support vector machines (SVM) with linear kernels [31] are used at
both first and second levels of classification (see Figure 3.4). The results of this
classification method are presented in Table 3.1 using confusion matrices for three
different premixing lengths, where the rows are the actual classes (i.e., ground
truth) and the columns are the predicted classes. [Note: the notions of two classes
of alarm, namely, Impending LBO (ILBO) and Progressive LBO (PLBO) have
been introduced in Subsection 3.2.5]. Table 3.1 shows high accuracy in detecting
ILBO, PLBO, and nominal conditions with larger air-fuel premixing (i.e., higher
values of Lf uel )).
The confusion matrices in Table 3.1 show that the D-Markov machine is capable
of classifying different LBO situations fairly accurately even in the absence of
intense visual flame-precursor events. The efficacy of the proposed method to
detect LBO even at low levels of premixing is important as other methods reported
in literature mostly deal with lean premixed flames and do not generally work very
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satisfactorily for partially premixed configurations [2]. This classification scheme,
in general, predicts the proximity of LBO fairly accurately for a wide range of
air-flow rate,
The D-Markov machine parameters of the pattern classifier are now presented
for LBO prediction for well-premixed, partially-premixed, and poorly premixed
fuel-air flow.
LBO Prediction for Premixed Flame:
For combustion flames with fuel flow from Port 1 (i.e., Lf uel = 350 mm) and
Port 3 (i.e., Lf uel = 250 mm) are at well-premixed and partially-premixed conditions, respectively. The D-Markov machine parameters are found to be the same
for these cases. The symbol alphabet is Σ = {1, 2, 3, 4, 5, 6, 7}, i,e,, the alphabet

size is |Σ| = 7. After state merging, the states of the D-Markov machine are calcu-

lated for the stoichiometric fuel/air ratio, i.e., φ = 1, are found to be eleven (i.e.,

|Q| = 11) for the data from Port 1 and Port 3. The corresponding sets of states

are: {1, 2, 3, {14, 24}, 34, 44, 54, {64, 74}, 5, 6, 7} and {1, 2, 3, 4, {15,75}, {25,35},
45, 55, 65, 6, 7} for port 1 and port 3, respectively.

LBO Prediction for Non-Premixed Flame:
Combustion flame with fuel flow from port 5 (Lf uel = 150 mm) is close to nonpremixed condition. The alphabet size is kept at |Σ| = 7. After state merging,

the number of states for the D-Markov machine is calculated (based on φ = 1) to
be eleven. Figure 3.6(c) shows the performance of the proposed LBO measure for
different flow rates at a (nearly) non-premixed condition.

3.3.4

Performance of D-Markov Machine: D = 1 and D > 1

D-Markov machines with D = 1 was reported [123] to perform equivalently or
sometime superior to other time series based online LBO prediction tools [78, 79,
80, 81, 82]. This subsection makes a comparison of the predictive performance of
D-Markov machines for D > 1 with that for D = 1, which was reported earlier
for LBO prediction [2]. This comparison is performed based on the following two
metrics.
1. Total mis-prediction = (Actual ILBO, predicted PLBO) + (Actual ILBO,
predicted Nominal) + (Actual PLBO, predicted Nominal); and
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2. Total false alarm = (Actual Nominal, predicted PLBO) + (Actual Nominal,
predicted ILBO) + (Actual PLBO, predicted ILBO).
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Figure 3.7: Dependence of predictive performance of the D-Markov machine on
the number of states (|Q|) from alphabet size |Σ| = 5
Figure 3.7 shows how the classification performance is improved for a typical
case of combustion with fuel inlet at port 5 (see Figure 3.1), as the number of
PFSA states |Q| in the D-Markov machine is increased via state splitting and state
merging for an alphabet size |Σ| = 5. It appears that the predictive performance

of the D-Markov machine saturates beyond a certain value of number of states

(e.g., |Q| =∼ 10), as seen in Figure 3.7. Investigation of the fact, whether the

phase space dimension of the combustion dynamics consistently converges in the
vicinity of LBO, is a topic of future research.
Table 3.2: Performance comparison of LBO prediction by D-Markov machine classification with D > 1 and D = 1)
Port #
(# of test cases)
D>1
Port 1 (29)
D=1
D>1
Port 3 (28)
D=1
D>1
Port 5 (33)
D=1

Total mispredictions
0
2
0
4
2
6

Total false
alarms
1
3
1
4
3
9
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Table 3.2 shows that the classification performance of the D-Markov machine
with D > 1 becomes increasing better relative to that of its predecessor with D = 1
as the quality of premixing is degraded. For higher premixing, the performances of
Port 1 and Port 3 are comparable, which is intuitively supported by the presence
of intense and clearly visible precursor events before the onset of LBO. However, as
the quality of fuel-air premixing is reduced (e.g., Port 5), the visibility of precursor
events becomes rather rare. This physical phenomenon makes the task of LBO
prediction more difficult. The last row of Table 3.2 shows that the the D-Markov
machine with D > 1 performs well for all ports including Port 5 too, whereas the
D-Markov machine with D = 1 fails to predict LBO as it yields unacceptable levels
of total mis-predictions and total false alarms. The technique adopted in [2] (that
uses D = 1) may not perform satisfactorily when the bias due to the mean value
of the CH ∗ chemiluminescence is removed from the analyzed signal. Although the
usage of D = 1 may work in presence of the bias, mean-based implementations
could lead to higher emission as discussed earlier. Thus, the development and
validation of the D-Markov machine with D> 1 for LBO prediction is one of the
major contributions of the present work.

3.3.5

Estimate of the Computational Cost

The computational cost of the proposed algorithm is estimated for calculating
the LBO measure from the time series of raw chemiluminescence data on a Dell
Precision T3400 platform with Intel(R) Core(TM) 2 Quad CPU Q9550 @ 2.83 GHz
2.83 GHz. The state space of the PFSA is usually constructed off-line via state
splitting and state merging. Figure 3.8 shows the profiles of required computational
time (in the MATLAB 7.10.0 (R2010a) environment) to obtain the LBO measure
from a one-second-duration time series of raw chemiluminescence data, collected
at a sample frequency of 2 kHz. The equality of alphabet size |Σ| and number of

PFSA states |Q| > at the beginning of each plot in Figure 3.8 implies D = 1; for

subsequent points in each plot, |Q| > |Σ|, which implies that state splitting and
merging with D > 1. It is seen that the computational time has an increasing

trend as the depth D of the underlying PFSA is increased from one. A typical
value of computational time is 20 ms for the alphabet size |Σ| = 7 and the number
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Figure 3.8: Computation times for calculating LBO measure from 1 second of raw
chemiluminescence time series (sampling frequency 2 kHz) for different number of
states |Q| and different alphabet size |Σ|
of PFSA states |Q| = 11. Apparently, the proposed method of LBO prediction is

well-suited for real-time LBO prediction, where the typical frequency response of
combustion dynamics is ∼ 10 Hz [87].

3.4

Summary, Conclusions and Future Work

This chapter addresses data-driven pattern classification for prediction of lean
blowout (LBO) phenomena in combustion processes. The proposed LBO prediction method is built upon low-dimensional feature vectors that are extracted
from time series of optical sensor data of chemiluminescence. The feature vectors
are realized as (statistically stationary) state probability vectors of a special class
of finite-history probabilistic finite state automata (PFSA). These PFSA, called
D-Markov machines, have a deterministic algebraic structure and their states are
represented by symbol blocks of length D or less, where D is a positive integer.
The states of a D-Markov machine are constructed via splitting the symbol blocks
of different lengths based on their information contents and merging two or more
split states without any significant loss of the embedded information.
An anomaly measure, based on Kullback-Leibler divergence, is constructed to
successfully predict the onset of LBO. This anomaly measure becomes increasingly sensitive to small changes in the equivalence ratio as the combustion process
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approaches LBO. An architecture of the pattern classification problem has been
formulated based on different ranges of the equivalence ratio to reliably predict
the LBO optimally ahead of its onset. The proposed pattern classification method
has been validated on experimental data collected from a laboratory-scale swirlstabilized combustor. It is observed that the modeling complexity (i.e., number of
states of D-Markov machine) of the PFSA, constructed from optical sensor data
reduces drastically as the system approaches LBO.
It is demonstrated over a wide range of fuel-air premixing and air flow rates
that the D-Markov machine with D > 1 performs significantly better than the
D-Markov machine with D = 1 for prediction of LBO [2]. The results, reported
in this chapter, suggest the potential capability of D-Markov machines to fairly
precisely predict regions close to LBO in a laboratory-scale combustor. In this way,
the operating condition in a combustor could be extended to a leaner equivalence
ratio without significantly risking LBO. While there are many other areas yet to
be addressed in this context, a few topics of future research are delineated below.
1. Theoretical research on identification of the optimum threshold for maximum
states (state splitting) and the distance metric (state merging) for enhancement of the predictive performance of the D-Markov machine.
2. Prediction of combustion instability in both premixed and non-premixed
combustors.
3. Prediction of LBO under thermo-acoustic instability for different flow conditions.
4. Validation of the proposed data-driven approach with respect to modeldriven tools.
5. Identification of the statistical ranges of uncertainty in the LBO measure
(e.g., relative to different confidence levels) in typical combustors.
6. Investigation of the physical significance of the reduction in number of DMarkov machine states in the vicinity of LBO relative to the corresponding
changes in the dynamic behavior of the combustion system under nominal
operating conditions.
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7. Theoretical and experimental research on prediction of thermo-acoustic instabilities under operating conditions, other than LBO (e.g., screech phenomena
in the afterburner of gas turbine engines in tactical aircraft [133]).

Chapter

4

Variable Depth ×D-Markov machine

construction

Modeling causal dependence between variables, events or physical processes is important in almost all data-driven scientific inquiry to discern statistical relationships between them. It finds applications in various fields like statistics, physics,
medicine, economics and more recently, machine learning [55, 56, 57, 58]. Much
of the work available in literature has been focused on defining measures to test
existence of a causal relationship between two stochastic processes [59, 60, 61].
In this regard, information-theoretic measures have been defined to establish and
test existence of causality among observed variables (e.g., transfer entropy and
directed information) [57, 58, 62, 63, 64]. However, most of the work is focused on
measuring the degree of causal dependence between stochastic processes. Apparently, very little work has been presented to infer the causal generative structure
between two observed variables that can be used for prediction and estimation of a
dependent variable, based on the observations of the other. This chapter presents
a symbolic analysis based statistical modeling approach to construct generative
models of causal cross-dependence between two stochastic processes.
This chapter presents a method of inferring generative models of causal dependence between two observed variables, where the generative model is built upon a
Markov structure between the observed variables. A causal cross-dependence between the two synchronized data streams is represented as crossed automata known
as cross D-Markov (×D-Markov) machines which was introduced earlier in [54, 44].
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The motivation is to be able to predict the behavior of a dynamical system using
observations on the input states. The Markov dynamics apply to the input states
for prediction on output states as opposed to the output states themselves. In an
input-output setting, this approach becomes analogous to transfer function representation for finite-dimensional linear time-invariant (FDLTI) systems studied in
the classical control theory, which has been routinely used in different fields (e.g.,
health-monitoring, cyber-security, and power grids) for online system identification
and fault/anomaly detection. Also, ×-D-Markov machine can reveal causal struc-

ture between pair of heterogeneous sensors in a multi-modal multi-sensor network.
In the D-Markov setting, the equivalence class of states (i.e., strings of symbols)

is inferred for a symbol stream to make predictions on the probabilities of symbol
emission for the other stream. A key difference from most of the work, reported
in technical literature, is that this chapter only considers the dependence of a
symbol sequence on the other (synchronized) symbol sequence, instead of joint
observations on both of them. This approach greatly alleviates the complexity as
there is no need to create the product state-space for the two symbol sequences.
The proposed approach is similar to mixed-memory Hidden Markov Models
(HMMs) which models a complex stochastic process as a mixture of simpler processes [134]. However, instead of considering a weighted combination of the crosstransition matrices [134, 54] to accurately model the Markov dynamics, this chapter makes use of directed information contents between the observed variables to
construct a variable-memory cross-transition model. This approach has the potential benefit of reducing the model complexity without any significant compromise
of modeling details; the rationale is that there is no need to separately infer the
models with different memories.

4.1

The ×D-Markov Machine

In the setting of a PFSA, a ×D-Markov machine captures the statistical co-

dependence between two (synchronized) time-series after symbolization. A symbol
block of (finite) length D in a symbol sequence {s1 } may affect the subsequent sym-

bols observed in another symbol sequence {s2 }. In this setting, the ×D-Markov
machine is formally defined as:
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Definition 4.1.1 (×D-Markov). Let M1 and M2 be the PFSAs corresponding to

symbol sequences {s1 } and {s2 }, respectively. Then, a ×D-Markov machine from
e 12 ) such that:
{s1 } to {s2 } is defined as a 5-tuple M1→2 , (Q1 , Σ1 , Σ2 , δ1 , Π
• Q1 = {q1 , . . . , q|Q1 | } is the state set corresponding to symbol sequence {s1 }

• Σ1 = {σ0 , ..., σ|Σ1 |−1 } is the alphabet set of symbol sequence {s1 }
• Σ2 = {σ0 , ..., σ|Σ2 |−1 } is the alphabet set of symbol sequence {s2 }
• δ1 : Q1 × Σ1 → Q1 is the state transition mapping for M1
e 12 is the (|Q1 |×|Σ2 |) cross-morph matrix and its ij th element (π12 (q1i , σ2j ))
• Π
denotes the probability of finding the symbol σ2j in the symbol sequence {s2 }

at the next time step while making a transition from the state q1i of the PFSA
constructed from the symbol sequence {s1 }.

Similar to D-Markov entropy rate (see Definition 3.2.1), ×D-Markov entropy

rate is formally defined as:

Definition 4.1.2. (×D-Markov Entropy Rate) ×D-Markov entropy rate from a

PFSA (Σ1 , Q1 , δ1 , π1 ) to a symbol sequence {s2 } in alphabet Σ2 is defined as:
H(Σ2 |Q1 ) ,

X

q1 ∈Q1

=−

P (q1 )H(Σ2 |q1 )

X X

q1 ∈Q1 σ2 ∈Σ2

P (q1 )P (σ2 |q1 ) log P (σ2 |q1 )

(4.1)

where P (q1 ) is the probability of a PFSA state q1 ∈ Q1 and P (σ2 |q1 ) is the probability of a symbol σ2 ∈ Σ2 given that a PFSA state q1 ∈ Q1 is observed.

Remark 4.1.1. The ×D-Markov entropy rate represents the overall predictability

of a symbol sequence when a PFSA from another symbol sequence is observed. It
is a measure of the dynamical complexity of the temporal codependence from one
symbol sequence to another. As an example related to combustion physics, a slight
shift from stable combustion toward thermo-acoustic instability can be captured by
an abrupt increase in the computed value of ×D-Markov entropy rate.
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4.2

Construction of a ×D-Markov Machine

Similar to the construction of a D-Markov machine, a major challenge in the
construction os a ×D-Markov machines is the trade-off between modeling accuracy
and model order that is major source of computational complexity (i.e., execution

time and memory requirements). Optimal models for ×D-Markov machines are

generated by an information-theoretic approach that relies on the D-Markov and

×D-Markov entropy rates (see Definitions 3.2.1 and 4.1.2). These entropy rates

are computed from the time series data of individual sensors.

Figure 4.1: Variable depth xD-Markov machine
Figure 4.1 illustrates the underlying procedure of state splitting in the construction of a ×D-Markov machine. The process of splitting a state q1 ∈ Q1 is
executed by replacing the symbol block q1 by its branches as described by the set

{σ1 q1 : σ1 ∈ Σ1 } of words in the symbol sequence {s1 }. Maximum reduction of
the ×D–Markov entropy rate is the governing criterion for selecting the state to
be split. In addition, the generated set of states must satisfy the self-consistency

criterion [25] for the PFSA M1 , which implies a unique transition to emanate

from a state for a given symbol. Similar to state splitting in D-Markov machines,

a stopping rule for state splitting is constructed either by specifying a threshold
parameter ηspl on the rate of decrease of ×D-Markov entropy rate or by providing
a maximal number of states Nmax of PFSA M1 .

At each step of state splitting, each element π12 (σ2 , q1 ) of the cross morph ma-

trix Π12 is estimated by frequency counting as the ratio of the number of times,
N(q1 σ2 ), the state q1 from {s1 } is followed by the symbol σ2 from {s2 } and the

number of times, N(q1 ), the state q1 occurs. Each element π̂12 (q1 , σ2 ) of the esti-
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b 12 is obtained as:
mated morph matrix Π
π̂12 (q1 , σ2 ) ,

where

P

σ2 ∈Σ2

1 + N(q1 σ2 )
∀σ2 ∈ Σ2 ∀q1 ∈ Q1
|Σ2 | + N(q1 )

(4.2)

π̂12 (σ2 , q1 ) = 1 ∀q1 ∈ Q1 . Similar to Eq. (4.2), each element P (q1 ) of

the stationary state probability vector for the PFSA from {s1 } at a splitting stage
is estimated by frequency counting as:
Pb(q1 ) ,

1 + N(q1 )
P
∀q1 ∈ Q1
N(q1′ )
|Q1 | +

(4.3)

q1′ ∈Q1

where Pb(q1 ) is the estimated stationary probability of the PFSA being in the state
q1 ∈ Q1 . The ×D-Markov entropy rate (see Eq. (4.1)) is computed in terms of the

state probability vector for the PFSA, generated from the symbol sequence {s1 },
and estimated cross morph matrix as:
H(Σ2 |Q1 ) = −
≈−

X X

q1 ∈Q1 σ2 ∈Σ2

X X

q1 ∈Q1 σ2 ∈Σ2

P (q1 )P (σ2 |q1 ) log P (σ2 |q1 )
Pb(q1 )π̂12 (q1 , σ2 ) log π̂12 (q1 , σ2 )

(4.4)

Based on the specific threshold, the process of state splitting is continued till
the optimal ×D-Markov machine is constructed. The estimated morph matrix
b 12 , in its final form, is used as a representative feature of the causality from first
Π
to second time-series.

4.3

Battery Performance & Health Monitoring

The proposed algorithm has been validated using experimental data for a leadacid battery which is charged and discharged using variable input current. The
×D-Markov setting is used to learn the input-output relationship for a lead-acid

battery. These relationships are then used to estimate the parameters of battery performance (e.g., State-of-Charge (SOC)) and health (e.g., State-of-Health
(SOH)).
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4.3.1

Description of Data Acquisition

A brand new (12V AGM VRLA with 56Ah capacity) lead-acid battery has been
used in the experiments [135]. As the battery is charged/discharged according
to given input (current) profiles at the room temperature and an ensemble of
synchronized time-series of the input charge/discharge current and output voltage
responses is collected at the sampling frequency of 1Hz. A typical input current
profile for this experiment is depicted in Fig. 4.2. The duration of a input profile
is ∼ 150 hours, which consists of three capacity measure cycles that are followed

by 25 duty cycles.

A capacity measurement cycle is a slow, full discharge/discharge cycle, where
the battery is fully discharged followed by a full charge. In this constant-current
constant-voltage (CCCV) operation of the experiments, the battery is discharged
by a constant current of −20A for ∼ 2 hours at first. Then it is charged first by

constant current of 20A until its output reaches a voltage of 13.8V ; this voltage is
kept constant for the next 3 hours with gradually decreasing charging current. The
maximum capacity at that time is measured by integrating the current during the
charge period. Three computed battery maximum capacities are obtained from
these capacity measurement cycles, the mean value of them is considered as the
nominal maximum capacity for that particular time. Since there are five similar
(i.e., same pattern) input profiles in total are applied to the battery during the
whole experiment. The degradation of battery SOH (i.e., the ratio of maximum
capacity between ”now” and when it is brand new) is obtained.
Total 25 duty cycles are divided into groups of five. The transition time between
two consecutive groups is ∼ 6 hours with charging to full capacity, while the

transition time between two consecutive duty cycles in one group is ∼ 1.2 hours
with inadequate recharging. Each duty cycle last ∼ 2.7 hours, which is composed

of ∼ 75 ”Hotel-Pulse” cycles, as depicted in Fig. 4.2b. Each individual ”HotelPulses” cycle (i.e., duration of 120s) consists of a ”hotel” load (i.e., relatively

steady discharge due to ”hotel” needs like lighting and other electrical equipments)
and a discharge pulse followed by a charge (i.e., regeneration) pulse, as shown in
Fig. 4.2a. The amplitude of the ”hotel” load and the discharging & charging pulses
are not usually monotonically increasing in a duty cycle, which makes each duty
cycle slightly different from others. This pattern of input cycles largely simulates
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a real-time working condition for an electric locomotive. Further details of the
time-series data characteristics could be found in [135].
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Figure 4.2: Profile of input current data for the experiment

4.3.2

×D-Markov Modeling

Time-series data for both the input and output are first normalized individually
by subtracting the mean and dividing by the standard deviation of their elements;
this step corresponds to bias removal and variance normalization. The input and
output data are normalized in a moving window fashion to get rid of any trend or
drooling behavior in the data. Then, a wavelet-based segmentation [135] is done
to extract relevant segments of the data based on their frequency content.
Data from engineering systems is typically oversampled to ensure that the
underlying dynamics can be captured. Due to coarse-graining from the symbolization process, an over-sampled time-series may mask the true nature of the system
dynamics in the symbolic domain (e.g., occurrence of self loops and irrelevant spurious transitions in the xD-Markov machine). Time-series is first down-sampled
to find the next crucial observation. The first minimum of the absolute autocorrelation function generated from the observed time-series is obtained to find
the uncorrelated samples in time. The data sets are then down-sampled by this
lag. The time lag for the output data is used to downsample both the input and
output data. The rationale is to keep the data synchronous and not miss the relevant dynamics of the observed output. To avoid discarding significant amount of
data due to downsampling, down-sampled data using different initial conditions is
concatenated. Further details of this pre-processing can be found in [136, 137].
The down-sampled time-series data set is then partitioned using maximum
entropy partitioning (MEP) [20]. A ternary alphabet A (i.e., |A| = 3) has been used
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to symbolize both the input and output data individually. Clearly, the choice of
the partitioning method for symbolization will affect the ability of the xD-Markov
machine M1→2 to resolve the dynamics of the underlying cross-dependence. The
choice of the partitioning method is dependent on the goal of the modeling process,

readers are referred to survey papers [138, 139] for more details on the choice of
symbolization. Work presented here deals only with the task of modeling the
cross-dependence between the symbol sequences given that some technique has
already been used for discretization of the observed time-series. Once the data
are symbolized, the state splitting is applied to infer the variable depth (D) of the
cross model from input current to output voltage for different values of SOH.

4.3.3

Results and Interpretation

This section presents the results to demonstrate the efficacy of the proposed
method for health monitoring of a lead-acid battery.
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Figure 4.3: Cross entropy rate vs number of splits (SOH = 1, 3 symbols, downsample time-lag = 7)
Figure 4.3 shows the behavior of the change in ×D-Markov entropy rate (see

Eq. (4.1)), that is defined from input current to output voltage, with an increas-

ing number of state splitting in the PFSA constructed from input current with
alphabet A. The output voltage symbol sequence has also the same cardinality.
The analysis is carried out at the perfect health of the battery i.e., SOH = 1. Figure 4.3 shows a monotonic decrease in the ×D-Markov entropy rate with negligible
improvement after the splitting tree contains a certain number of states (implying
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convergence). In the absence of a competing objective to minimize the complexity
of the model obtained by splitting, the state-splitting is terminated when addition
of new states does not significantly improve the ×D-Markov entropy rate. After

the 9th split at the state space of cardinality 21 (denoted by vertical dotted line),

the entropy rate improvement becomes negligible as shown in Figure 4.3. This
particular state space is chosen subsequently for modeling the cross dependence at
different levels of SOH. Figure 4.3 also shows that the cross entropy rate for uniform depth scenario decreases with a lower rate than the variable depth scenario
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Figure 4.4: Normalized Hamming distance vs number of states (SOH = 1, 3 symbols, downsample time-lag = 7)
The accuracy of the model obtained by state-splitting could be analyzed by
using it for making predictions on the output (i.e., voltage) symbol sequence based
on the observations on the input (i.e., current) states. The xD-Markov model
is first learned from 50% of the time-series of current and voltage with the state
splitting algorithm to construct crossed PFSAs with different states (obtained as
trees of different lengths). All the models are then used to predict the remaining
output symbol sequence (i.e., from the remaining 50% voltage time-series) using
the remaining input symbol sequence (i.e., from the remaining 50% current timeseries). Upon observation of an input state, a maximum likely prediction on the
output symbol is made using the estimated morph matrix. The error in prediction
is then measured as the normalized Hamming distance between the actual and
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the predicted test results for the voltage symbol sequence which is shown in Figure 4.4. The prediction error monotonically decreases and finally saturates (i.e., no
further reduction with extra states) after the model with 21 states (after 9 splits)
is reached, which was earlier inferred using ×D-Markov entropy rate.
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Figure 4.5: Error in prediction of output with decreasing health
A change in battery health (i.e., SOH) should cause a departure in the inputoutput behavior from the maximum-likely behavior of the input-output model
inferred at perfect health, i.e., for SOH = 1. To see this, the model learned at
SOH = 1 is used to predict the maximum-likely voltage symbol sequence based
on observations on current state-space for different health conditions. Figure 4.5
shows variations in the prediction error with deteriorating heath of the battery
measured as normalized Hamming distance. The prediction error, based on the
state space from the xD-Markov model at SOH = 1, increases monotonically as
the battery health deteriorates (i.e., SOH drops). Hence, this prediction error can
be used as a possible indicator of SOH degradation.
An anomaly measure for reflecting SOH degradation is formulated based on the
xD-Markov model at the corresponding health condition of the battery. The xDmarkov machine at SOH = 1 is considered the reference condition. The measure at
an SOH level is defined as the difference in Frobenius norms of the estimated morph
matrix at that SOH level and that of the estimated morph matrix at SOH = 1.
The morph matrices are estimated by the approach that is shown in section 3.
Based on the analysis, presented in Figure 4.3, the stopping criteria for state
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Figure 4.6: Anomaly measure vs state of health (SOH)
splitting is chosen to be 21. Figure 4.6 presents the variation of the proposed
anomaly measure with respect to decreasing SOH. The proposed measure (nearly)
monotonically increases with decreasing SOH. It is noted that the model used for
estimating anomaly was inferred without tying the objective function with any
performance measure (like anomaly detection or class separability). It is possible
to supervise the model inference depending on the tasks like anomaly detection,
classification etc. and get a better behavior than that shown in Figure 4.6.
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Figure 4.7: SOC estimation using the regression-based filter. SOH= 1
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Finally, a regression-based filter is designed to estimate the SOC for the battery.
During a training phase, the expected change in the SOC is learned using a kNearest Neighbor-based (kNN) [31] regression using the input-output data. For
feature extraction, the input-output morph matrices are first estimated using timeseries data for 20 minutes in a sliding window fashion. For each calculation, a new
”Hotel-Pulse” (see section 4.3.1. Pulse duration is 2 minutes) is added to the
window while the last pulse is pushed out. It is noted that the predictions are
made every two minutes (which is the original frequency of SOC measurement
during experiments). 50% of the data is used for training while the remaining half
is used for test. For computational efficiency and limited data (the probabilities
need significant amount of data for convergence), the state-splitting for xD-Markov
machine construction is terminated after 7 states with |A| = 3 (i.e., the morph

matrix having 21 elements). To further reduce the dimensionality of the feature
space, the top 8 (out of the 21, ∼ 40 %) features are selected by using Principal

Component Analysis (PCA) [31]. These features are then used to learn the kNNbased regression with k = 4. During test, the regression is used to make an estimate

on the expected change in the battery SOC. With the previous SOC known, this
is used to predict the current SOC for the battery. The estimation results are
presented in Figure 4.7 that shows a near-perfect estimation of SOC using the
proposed filter. The average absolute error in the prediction of SOC is ∼ 0.6%.

4.4

Summary, Conclusions and Future Work

A dynamic data-driven symbolic analysis technique is proposed in this chapter to
capture the causal cross-dependence directed from one time-series to another in
dynamical systems. The proposed generative model is called xD-Markov machine,
which is constructed based on the algebraic structure of probabilistic finite state automata (PFSA). The state space of the input (or sensor 1 in sensor fusion scenario)
PFSA in the xD-Markov machine is obtained via state splitting after independent
symbolization of both input and output(or sensor 2 in sensor fusion scenario) timeseries. The proposed approach essentially captures the cross-dependence towards
output without causing an exponential growth in cardinality of the state space.
The method is validated on a set of charging-discharging data of lead-acid bat-
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teries at different SOH conditions. It is shown that the ×D-Markov entropy rate,

which is the objective function for state splitting, drops drastically in the first few

levels of state splitting and subsequently gradually converges. Different types of
stopping criteria for state splitting are described based on the validation data. The
predictability of the output data from observing the input data is also tested for
different levels of splitting in the xD-Markov model construction. The variation
of the prediction error with respect to a growing extent of state-splitting shows
a similar nature as the ×D-Markov entropy rate. The prediction error based on

the xD-Markov model at SOH = 1, which is formulated as the Hamming distance

between actual and predicted output symbol sequences, increases monotonically
as the health of the battery deteriorates (i.e., as SOH decreases from 1). An
anomaly measure is also constructed based on the morph matrix of corresponding
xD-Markov machine to predict SOH online. A regression-based filter is designed
on the morph matrices of xD-Markov machines, which yields in a SOC estimation
error of only ∼ 0.6%. The following research areas are recommended as topics of
future investigation.

• Extensive comparison with other causality measures.
• Rigorous testing on other application areas.

Chapter

5

Spatiotemporal Information Fusion
for Heterogeneous Sensors
Sensor fusion has been one of the major focus areas in data analytics for distributed
physical processes, where the individual sensory information is often used to reveal the underlying process dynamics and to identify potential changes therein.
Distributed physical processes are usually equipped with multiple sensors having
(possibly) different modalities over a sensor network to accommodate both modelbased and data-driven diagnostics & control. The ensemble of distributed and
heterogeneous information needs to be fused to generate accurate inferences about
the states of critical systems in real time. Various sensor fusion methods have been
reported in the literature to address the fault detection & classification problems;
examples are linear and nonlinear filtering, adaptive model reference methodologies
and neural network-based estimation schemes.
Researchers have used multi-layer perceptron [140] and radial basis function [141]
configurations of neural networks for detection & classification of plant component,
sensor and actuator faults [142]. Hidden Markov Models and Gaussian Mixture
Models are used on Multi-scale fractal dimension as features for bearing fault detection in [143]. Similarly, principal component analysis [144] and kernel regression
[145] techniques have been proposed for data-driven pattern classification. These
approaches address nonlinear dynamics as well as scaling and data alignment issues.
However, the effectiveness of data-driven techniques may often degrade rapidly for
extrapolation of non-stationary data in the presence of multiplicative noise. Some
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of the above difficulties can be alleviated to a certain extent by simplifying approximations along with a combination of model-based and data-driven analysis
as discussed below.
Robust filtering techniques have been developed to generate reliable estimations
from sensor signals, because sensor time series data are always noise-contaminated
to some extent [146][147]. Recent literature has also reported Monte Carlo Markov
chain (MCMC) techniques (e.g., particle filtering [148] and sigma point techniques
[149]) that yield numerical solutions to Bayesian state estimation problems and
have been applied to diverse nonlinear dynamical systems [150]. The performance
and quality of estimation largely depend on the modeling accuracy which is the
central problem in the filtering approach; either the dynamics must be linear or
linearized, or the data must be strictly periodic or stationary for the linear models
to be good estimators. It is noted that the estimation error could be considerably
decreased with the availability of high-fidelity models and usage of nonlinear filters,
which require numerical solutions; such numerical methods are usually computationally expensive and hence may not be suitable for real-time estimation. Many
techniques of reliable state estimation have been reported in literature; examples
are multiple model schemes [151], techniques based on analytical redundancy and
residuals [152], and nonlinear observer theory [153]. Regarding sensor fusion, abnormal Patterns from Heterogeneous Time-Series have been selected via homogeneous anomaly score vectorization for Fault Event Detection [154]. In essence, the
information from multiple sources must be synergistically aggregated for diagnosis
and control of distributed physical processes (e.g., shipboard auxiliary systems).
This chapter presents the development of a sensor data fusion method for fault
detection & classification in distributed physical processes with an application to
shipboard auxiliary systems, where the process dynamics are interactive. For example, the electrical system is coupled with hydraulic system with time-dependent
thermal load. The challenge here is to mitigate several inherent difficulties that
include: (i) non-stationary behavior of signals, (ii) diverse nonlinearities of the
process dynamics, (iii) uncertain input-output & feedback interactions and scaling,
and (iv) alignment of multi-modal information and multiplicative process noise.
The sensor fusion concept, proposed in this chapter, is built upon the algorithmic structure of symbolic dynamic filtering (SDF) [19]. A spatiotemporal pattern
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network is constructed from disparate sensors and the fully connected network
is then pruned by applying an information-theoretic (e.g., mutual informationbased) approach to reduce computational complexity. The developed algorithms
are demonstrated on a test bed that is constructed based on a notional MATLAB/Simulink model of Shipboard Auxiliary Systems, where a notional electrical
system is coupled with a notional hydraulic system under a thermal load. A benchmark problem is created and the results under different performance metrics are
presented.
The chapter is organized in five sections including the present one. Section 5.1
presents the semantic framework for multi-sensor data modeling and explains how
the proposed technique is used to prune the heterogenous sensor network for information fusion. Section 5.3 describes the test bed that is constructed based
on a notional MATLAB/Simulink model to simulate shipboard auxiliary systems.
Section 5.4 presents a fault injection scheme for conducting simulation exercises
and validates the fault detection accuracy for different scenarios in the proposed
method of information fusion. Finally, the chapter is summarized and concluded
in Section 5.5 with recommendations of future work.

5.1

Multi-sensor Data Modeling and Fusion

This section presents a semantic information fusion framework that aims to capture
temporal characteristics of individual sensor observations along with co-dependence
among spatially distributed sensors. The concept of spatiotemporal pattern networks (STPNs) represent temporal dynamics of each sensor and their relational
dependencies as probabilistic finite state automata (PFSA). Patterns emerging
from individual sensors and their relational dependencies are called atomic patterns (AP) and relational patterns (RP), respectively. Sensors, APs, and RPs are
represented as nodes, self-loop links, and links between pairs of nodes, respectively,
in the STPN framework.
As illustrated in figure 5.1, elements of the state transition matrices ΠAB and
ΠBA corresponding to the cross machines are expressed as:

AB
B
πkℓ
, P qn+1
= ℓ | qnA = k ∀n
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A
πijBA , P qn+1
= j | qnB = i ∀n

where j, k ∈ QA and i, ℓ ∈ QB . For a ×D-Markov machine, the cross state transi-

tion matrix is constructed from symbol sequences generated from two sensors by

the method explained in Chapter 4. For depth D = 1 in a a ×D-Markov machine, a

cross state transition matrix and the corresponding cross symbol generation matrix
are identical.

Figure 5.1: Illustration of Spatiotemporal Pattern Network (STPN)

5.2

Pruning of STPN

From the system perspectives, all APs and RPs need to be considered in order to
model the nominal behaviors and to detect anomalies. However, it is obvious that
there is a scalability issue if there is a significant number of sensors because the
number of relational patterns increases quadratically with the number of sensors;
for example, the number of RPs could be S(S − 1) where S is the total number

of sensors and total number of patterns become S 2 . The explosion of the pattern
space dimension may prohibit the use of a complete STPN approach for monitoring
of large systems under computational and memory constraints. However, for many
real systems, a large fraction of relational patterns may have a very low information
content due to the lack of their physical (e.g., electro-mechanical or via feedback
control loop) dependencies. Therefore, a pruning process needs to be established
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to identify a sufficient STPN for a system. This chapter adopts an informationtheoretic measure based on Mutual Information to identify the importance of an
AP or an RP. Mutual information-based criteria have been very popular and useful in general graph pruning strategies [155, 156] including structure learning of
Bayesian Networks [157]. In the present context, mutual information quantified
on the corresponding state transition matrix essentially provides the information
contents of APs and RPs. The concept of network pruning strategy is briefly
described below.
Mutual information for the atomic pattern of sensor A is expressed as:
A
A
A
I AA = I(qn+1
; qnA ) = H(qn+1
) − H(qn+1
|qnA )

where

A
H(qn+1
)

=−

A
H(qn+1
|qnA )

A
H(qn+1
|qnA

QA
X

A
A
P (qn+1
= i) log2 P (qn+1
= i)

i=1

=

QA
X
i=1

A
P (qnA = i)H(qn+1
|qnA = i)

= i) = −

QA
X

A
P (qn+1
= l|qnA = i)·

l=1

A
log2 P (qn+1

= l|qnA = i)

The quantity I AA essentially captures the temporal self-prediction capability (selfloop) of the sensor A. However, as an extreme example, the AP for a random
sensor data may not be very informative and its self mutual information becomes
zero under ideal estimation.
Similarly, mutual information for the relational pattern RAB is expressed as:
B
B
B
|qnA )
) − H(qn+1
; qnA ) = H(qn+1
I AB = I(qn+1

where

B
H(qn+1
|qnA )

=

QA
X
i=1

B
P (qnA = i)H(qn+1
|qnA = i)
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B
H(qn+1
|qnA

= i) = −

QB
X

B
P (qn+1
= l|qnA = i)·

l=1

B
log2 P (qn+1

= l|qnA = i)

The quantity I AB essentially captures sensor A’s capability of predicting sensor B’s
outputs and vice versa for I BA . Similar to atomic patterns, an extreme example
would be the scenario where sensors A and B are not co-dependent (i.e., sensor A
completely fails to predict temporal evolution of sensor B). In this case, RAB is
not very informative and I AB will also be zero under ideal estimation.
Therefore, mutual information is able to assign weights on the patterns based
on their relative importance (i.e., information content). The next step is to select
certain patterns from the entire library of patterns based on a threshold on the
metric. In this chapter, patterns are selected based on a measure of information
gain due to atomic and relational patterns. Formally, let the total information
gain IGtot is defined as the sum of mutual information for all patterns, i.e.,
IGtot =

X

I AB

(5.1)

(A,B)∈S×S

where S is set of all sensors. Now, the goal is to eliminate insignificant patterns

from the set S × S of all patterns. Let the set of rejected patterns be denoted as

P rej ⊂ S × S and the corresponding information gain be denoted as IGrej . The set

of rejected patterns is chosen such that, for a specified η ∈ (0, 1),
IGrej
<η
IGtot

(5.2)

where mutual information for any pattern in the reject set should be smaller than
the mutual information for any pattern in the accepted set P acc , (S × S) \ P rej ,

which is expressed as I AB |(A,B)∈P rej ≪ I CD |(C,D)∈P acc for a sufficiently small η.

In this chapter, η is chosen as 0.1 for the validation experiments. In the pruning

strategy, it is possible that all patterns related to a certain sensor might be rejected,
implying that the sensor is not useful for the purpose at hand. However, the user
may choose to put an additional constraint of keeping at least one (atomic or
relational) pattern for each sensor in the accepted set of patterns.
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Remark 5.2.1. In order to use the STPN for fault detection, a network of PFSA
can be identified following the above process under the nominal condition. Faulty
conditions can then be detected by identifying the changes in parameters related
to the accepted patterns. The structure of the STPN network is considered to be
invariant under various health conditions of the system (i.e., nature of information
content in different patterns do not change when there is a fault in the system).
However, this conjecture may not hold under a very large unforeseen change in the
system (i.e., a relational pattern that does not contain much information under
usual circumstances may contain critical information under a large change in the
system) and therefore, the STPN structure may need to change in that case. In
such cases, new structures of the STPN can signify severely faulty conditions.

5.3

Description of simulation Test Bed

A simulation test bed of shipboard auxiliary systems has been developed for testing
the proposed algorithm of sensor fusion in distributed physical processes. The test
bed is built upon the model of a notational hydraulic system that is coupled with
a notional electrical system under an adjustable thermal loading.
The simulation model is implemented in MATLAB/Simulink as seen in figure 5.2. This distributed notional system is driven by an external speed command
ωref that serves as a set point for the speed, ωe , of the permanent magnet synchronous motor (PMSM). A mechanical shaft coupling connects the fixed displacement pump (FDP) to the PMSM. The torque load of the PMSM, Tm , is obtained
from the shaft model of the hydraulic system. In turn, the speed of the PMSM,
ωe , is an input to determine the angular speed of the shaft, ωs , which drives the
FDP and the cooling fan in the thermal system. In turn, the FDP drives the
hydraulic motor (HM) with a dynamic load, which consists of the thermal load,
Tt , and a time-varying mechanical torque load. The proportional-integral (PI)
controller regulates the PMSM’s electrical frequency under dynamic loading conditions that arise due to fluctuations in hydraulic and thermal loading. There is
a mechanical coupling between the PMSM and the FDP of the hydraulic system,
which is modeled by a rotational spring-damper system applied to an inertial load.
The mechanical system outputs the shaft velocity that drives the FDP and the
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Figure 5.2: Notional coupled electrical, hydraulic and thermal systems.
cooling fan of the thermal system. The pump, in turn, drives the HM through the
pipeline. The HM is subjected to a time-varying load with a profile defined by
the user as well as the thermal load that varies with the fan efficiency of the cooling mechanism. The systems are further coupled with a feedback loop since the
torque requirement of the HM is input to the PMSM of the electrical system. The
model has multiple parameters that can simulate various fault conditions. There
are multiple sensors in each system with different modalities such as Hall Effect
sensors, torque, speed, current, temperature and hydraulic pressure sensors.
The governing equations
iq
dt
id
dt
wr
dt
Te
wr

of the electrical component model are as follows:
vq − Riq − wLd id − wλf
=
Lq
vd − Rid + wLq iq
=
Ld
Te − Tl − Bwr
=
J
3
P [λf iq + (Ld − Lq )id iq ]
=
2
w
=
P

where subscripts d and q have their usual significance of direct and quadrature
axes in the equivalent 2-pole representation; v, i, and L are the corresponding axis
voltages, stator currents and inductances; R and ω are the stator resistance and
inverter frequency, respectively; λf is the flux linkage of the rotor magnets with the
stator; P is the number of pole pairs; Te is the generated electromagnetic torque;
Tl is the load torque; B is the damping coefficient; ωr is the rotor speed; and J is
the moment of inertia.
The governing equations of the fixed displacement pump (FDP) model are as
follows:

89
qp = Dp ωp − kleak Pp
Dp P p
Tp =
ηm
kHP
kleak =
νρ
Dp ωnom (1 − ηv )νnom ρ
kHP =
Pnom
The governing equations of the hydraulic motor (HM) model are as follows:

qm − kleak Pm
Dm
= Dm Pm ηm
kHP
=
νρ
Dm wnom (1 − ηv )νnom ρ
=
Pnom

ωm =
Tm
kleak
kHP

(5.3)

where the subscripts p and m denote pump and motor parameters, respectively; the
subscript nom denotes nominal values; q and P is the pressure differentials across
delivery and terminal points; T is the shaft torque; D is the displacement; ω is the
angular velocity; kleak is the flow leakage coefficient; kHP is the Hagen-Poiseuille
coefficient; νv and νm are the volumetric and mechanical efficiencies, respectively;
and ν and ρ are the fluid kinematic viscosity and density, respectively.

5.4

Results and Discussion

This section presents and discusses the results of validation of the the sensor fusion
algorithm on the simulation test bed.

5.4.1

Fault injection, sensors, data partitioning

Each of the electrical, hydraulic and thermal subsystems of the shipboard auxiliary
system is provided with a set of sensors as listed in Table 5.1. In the simulation
test bed, selected parameters in each subsystem can be perturbed to induce faults
as listed in Table 5.2.
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Table 5.1: Sensors of the system
System
Electrical
Hydraulic

Thermal

Sensor
Te
we
whp
Phm
Thm
whm
Tf

Physical Quantity
Torque output of PMSM
Rotor speed of PMSM
Angular Velocity of Hydraulic Pump
Pressure across Hydraulic Motor (HM)
Torque output of HM
Angular Velocity of output shaft of HM
Temperature

Table 5.2: Fault parameters of the system
System
Electrical

Fault parameter
Flux linkage of PMSM

Symbol
Wb

Hydraulic

Volumetric Efficiency of HM

νvm

Total Efficiency of HM

νtm

Thermal efficiency

νth

Thermal

Range
Nominal:0.05 ± 0.005
Fault:0.03 ± 0.005
Nominal:0.9 ± 0.02
Fault:0.8 ± 0.02
Nominal:0.8 ± 0.02
Fault:0.65 ± 0.02
Nominal:0.9 ± 0.02
Fault:0.8 ± 0.02

The pertinent assumptions in the execution of fault detection algorithms are
delineated below.
• At any instant of time, the system is subjected to at most one of the faults
mentioned in Table 5.2, because the occurrence of two simultaneous faults is
rather unlikely in real scenarios.
• The mechanical efficiency of a hydraulic motor or a pump is assumed to stay
constant over the period of observation as the degradation of machines due

to wear and tear occurs at a much slower rate with respect to the drop in
efficiency.
• The dynamical models in the simulation test bed are equipped with standard
commercially available sensors. Exploration of other feasible sensors (e.g.,
ultra-high temperature sensors) to improve fault detection capabilities is not
the focus of this study.
Figure 5.3 depicts a typical electromagnetic torque output for nominal and
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PMSM fault cases. As it is seen that the data itself is very noisy and, due to feedback control actions, there is no significant observable difference in the two cases
in figure 5.3. Information integration from disparate sensors has been performed
to enhance the detection & classification accuracy in such critical fault scenarios.

Electromagnetic Torque (Te) (in N−m)
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Figure 5.3: Electromagnetic torque under nominal and PMSM fault conditions
For all the fault scenarios 100 samples from each sensor are equally divided into
two parts for training and testing purposes. For symbolization, maximum entropy
partitioning is used with alphabet size, |Σ| = 6 for all sensors although |Σ| does

not need to be same for individual sensors. The depth for constructing P F SA

states is taken to be D = 1 for construction of both atomic pattern and relational
pattern. A reduced set of these patterns are aggregated to form the composite
pattern, which serves as the feature classified by a k-NN classifier (with k = 5)
using the Euclidean distance metric for fault detection [31].

5.4.2

Fusion with complete STPN

One sensor from each of the subsystems (i.e., Tf from thermal subsystem, Te
from electrical subsystem and Thm from hydraulic subsystem) is selected for sensor
fusion to identify component faults in the system. The composite patterns (CPs)
are formed by concatenating atomic and relational patterns. Therefore, while
patterns with high information content (based on the formulation above) help
distinguishing between classes, patterns with low information content dilutes the
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ability of separating classes. Therefore, removing non-informative patterns may
lead to reduction of both false alarm, missed detection rates and computational
complexity. In this study, CPs consist of all possible APs and RPs of Tf , Te and
Thm . It is seen in Table 5.3 that CPs perform better for detection of the nominal
condition than individual sensors, but the false alarm rate is still high.
Table 5.3: Fault classification accuracy by exhaustive fusion
class
Nominal
PMSM fault
HM fault
Thermal fault

5.4.3

Tf
32%
30%
40%
100%

Te
Thm
CP
42% 32% 68%
100% 40% 84%
100% 100% 100%
58% 44% 100%

Fusion with Pruned STPN

Pruning of large sensor networks of the given system is attempted here to reduce
the complexity of fusion and improve the detection accuracy by capturing the
essential spatiotemporal dynamics of the system. Left half of the figure 5.4 shows
a fully connected graph of seven sensors of the system where each node is a sensor;
bi-directional arcs among them depict the RPs in both directions and self-loops
are the APs corresponding to sensors.

Atomic pattern

Te

Phm

We

Relational pattern

Thm

Te

Phm
Thm

We

Whp

Whp
Whm

Whm
Tf

Tf

Figure 5.4: Pruning of STPN
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The right half of figure 5.4 demonstrates the pruned STPN, where the thickness
of arcs represents the intensity of mutual information of the RPs among sensors.
Both directions of arrows are preserved as the mutual information of the two oppositely directed RPs for a pair of sensors are comparable. In this example, all the
self loops are kept intact and arcs with negligible mutual information are omitted
from the graph. With higher η, the RPs (shown with thin lines in figure 5.4) among
whp , Phm and Thm will not be included in the pruned network. In this simulation
study, the structure of the reduced STPN is observed to remain stable for all the
fault classes. The reduction in complexity of network graph is more significant in
larger STPNs. The following two scenarios are chosen to justify the credibility of
the pruned STPN in the light of fault detection accuracy.
Reduction of false alarm rates:
The same set of sensors, namely, Tf , Te and Thm , are selected as the STPN and
it is subjected to the proposed pruning technique, which results in a composite
pattern of AP of Te (ΠTe ) and two RPs (ΠThm Te , ΠThm Tf as shown by two thick
arcs in figure 5.4). This action significantly reduces the false alarm rate as seen
in Table 5.4, where APs of Tf and Thm are dropped from the CP because these
patterns do not facilitate better detection. Also PMSM fault detection accuracy
does not degrade from 100% unlike fusion with complete STPN. Hence, this pruning technique reduces a CP containing 9 patterns (i.e., 3 APs, 6 RPs) to a CP of
three APs and two RPs along with providing better class separability. Note, the
non-informative patterns are actually acting as noise elements in the bag of patterns for the classification problem. Therefore, eliminating them from the stack
is essentially analogous to increasing the signal to noise ratio which resulted in
increased accuracy of the decision system.
Table 5.4: Comparison of false alarm rate generated by exhaustive sensor fusion
and pruned STPN
Fusion type
complete STPN
Pruned STPN

False alarm rate
32%
8%

Adaptability to malfunctioning sensors:
In a distributed physical process, such as the shipboard auxiliary system under
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consideration, malfunctioning of primary sensors in a subsystem is a plausible
event. One of the current challenges in the fault detection area is to identify a
fault in the subsystem with malfunctioning sensors from the sensor responses of
the subsystems that are electromechanically connected. To simulate that situation,
three prime heterogenous sensors from the hydraulic subsystem, namely, whp , Phm
and Thm , are selected and a fault is injected to the thermal subsystem by degrading
the thermal efficiency (see Table 5.2). The Tf sensor of thermal subsystem is chosen
to be the malfunctioning sensor and hence it is not incorporated in the detection
process of thermal fault.
Table 5.5: Thermal fault detection by sensors of hydraulic subsystem
Detection accuracy

whp
58%

Phm Thm
18% 18%

CP
70%

As the individual sensors of the hydraulic subsystem performs rather poorly
in detecting thermal faults as seen in Table. 5.5, the information from these three
sensors are fused by applying the proposed pruning technique on the hydraulic
subsystem. The pruned STPN yields a CP consisting of an AP of whp (Πwhp ) and
two RPs, namely, ΠPhm whp and ΠThm whp , depicted by two thin arcs in figure 5.4; it
results in a decent detection accuracy of 70% as seen in Table 5.5.

5.5

Conclusions and Future Work

This chapter deals with the issue of feature level fusion of multiple sensor data for
data-driven fault detection techniques. The underlying algorithms are built upon
the concepts of symbolic dynamic filtering (SDF) [19][158] to construct a spatiotemporal pattern network from disparate sensors. The fully-connected network
is pruned by applying an information-theoretic approach to reduce computational
complexity. In the proposed method, the abstract semantic fusion framework captures the temporal characteristics of individual sensor observations (i.e., atomic
patterns) along with co-dependence among spatially distributed sensors (i.e., relational patterns) to construct a fully connected graph of the sensor network. The
pruning strategy preserves the patterns having higher mutual Information to construct composite patterns that serve as the primary features for fault detection in
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real time. The proposed information fusion method has been validated on a test
bed representing shipboard auxiliary systems. The results show that fusion with
network pruning identifies component faults with a better accuracy than fusion
based on the fully-connected sensor network. The proposed fusion method is computationally less intensive compared to the state-of-the-art spatiotemporal fusion
technique like Dynamic Bayesian Network (DBN) [159] in learning phase. Moreover, compared to other sensor network pruning techniques, varied time scales of
sensors of the network can be handled in an efficient way by STPN construction in
the proposed technique. The pattern generation technique (SDF) is also compared
extensively to the benchmark feature extraction techniques in [127, 33] and found
to have comparable or better performance in anomaly detection and classification
along with higher computational efficiency. However, the objective function of the
pruning operation does not involve classification accuracy explicitly. Therefore,
comparison of the current objective function with a classification-oriented objective
function remains an important future work. Although, the classification performance may get better with such an objective function, computational complexity
and data availability may become issues as it will become a supervised pruning
scheme as opposed to the current un-supervised scheme. Apart from this task, the
following research areas are recommended as topics of future investigation.
• Optimization of the threshold of ratio of mutual information η (Section 5.2)
subjected to better fault detection and lesser complexity.

• Rigorous testing of robustness (e.g., using boosting schemes) of the pruning
strategy over different fault types and classes.

• Validation of the fusion algorithm on larger sensor network of real distributed
systems.

• Comparison between developed method and other state-of-the-art network

pruning and fusion algorithm (both model-driven and data-driven) for fault
detection.

• Comparison with other types of classifiers for the same pruned network.

Chapter

6

Multi-Scale Symbolic Time Series
Analysis (MSTSA)
Earlier chapters concentrated on constructing D-Markov machine or ×D-Markov
machine from single or pair of time series, where the one of the main assumptions

was quasi-stationarity over long time duration (ideally, infinite). While STSA with
generalized D-Markov construction [25, 3] can capture short-range dependency, it
may fail to model long-range dependency structure, especially with evolving data.
This calls for a hierarchical framework that constitutes multiple layers operating
in gradually varying time granularity. Earlier approaches , tackling this type of
architectural skeleton, include the layered hidden Markov model (LHMM) [65],
stochastic context-free grammar (SCFG) [66], the abstract hidden Markov model
(AHMM) [67], and the hierarchical hidden Markov model (HHMM) [68]. In this
chapter, the author formulates a fast and robust multi-scale symbolic time series
analysis (MSTSA) framework which can model short time stationarity at different time scale. The building block of the proposed framework is built upon the
concept of applying the short-length symbolic time-series classifier (SSTC) via
Dirichlet-Compound-Multinomial model (DCM) construction. It is operated on
symbol sequences generated from observation sequence and intermediate event
class time-sequence at different time-scales. The development of SSTC was initiated in [71] [72] to analyze short length transient data in symbolic time series
analysis (STSA) architecture. These building blocks, with different window sizes,
are cascaded in multiple layers for activity detection and classification. Major
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contributions of the chapter are delineated below.
1. Formulation of multi-scale symbolic time series analysis (MSTSA) framework
via applying SSTC in a hierarchical structure at gradually changing time
scale.
2. Learning of MSTSA via SSTC and demonstration of SSTC parameter (e.g.,
data length and alphabet size) learning based on a transient flight fault
detection problem.
3. Implementation of realistic data collection scenarios and validation of MSTSA
on a real-time human activity recognition task based on seismic data with
inherent multi time-scale nature.

6.1

MSTSA Framework and Solution Approach

This section constructs the MSTSA framework for activity recognition from time
series at multiple time scale. At first, the method of SSTC is described along with
some examples.

6.1.1

Short-length Symbolic Time-series Classifier (SSTC)

This formulation quantitatively incorporates the effects of finite-length symbol
strings in both training and testing phases of pattern classification via STSA. The
Dirichlet and multinomial distributions have been used to construct the a priori
and a posteriori models of uncertainties, respectively.
Let there be K symbolic systems (i.e., classes) of interest, denoted by C1 , C2 , . . .
, CK , over the same alphabet Σ. Each class Ci is modeled by an ergodic (equivalently, irreducible) PFSA Gi = (Qi , Σ, δ i , Πi ), where i = 1, 2 . . . , K. During the
training phase, a symbol string S i , si1 si2 . . . siNi is generated from each class Ci .
The state transition function δ and the set of states Q of the D-Markov machine
are fixed by choosing an appropriate depth D. The effect of alphabet size on a
fixed length testing scenario is shown later in this section. Thus, Πi ’s become
the only unknowns and could be selected as the feature vectors for the purpose of
classification. The distribution of the morph matrix Πi is computed in the training
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phase from the finite length symbol sequences for each class. In the testing phase,
let another symbol string Se be obtained from a sensor time series data. Then, the

task is to determine the class of this observed symbol string Se by calculating its

posterior. While the previous work [19][20] has aimed at identification of a PFSA
from a given symbol string, the objective of this approach [71] [72] is to imbed
the uncertainties due to the finite length of the symbol string in the identification
algorithm that would influence the final classification decision.
In the training phase, each row of Πi is treated as a random vector. Let the mth

row of Πi be denoted as Πim and the nth element of the mth row as Πimn > 0 and
P|Σ| i
n=1 Πmn = 1. The a priori probability density function fΠim |S i of the random rowvector Πim , conditioned on a symbol string S i , follows the Dirichlet distribution [71]
as described below.
i
|S i )
fΠim |S i (θm

|Σ|
Y
1
i
i
=
(θmn
)αmn −1
i
B(αm ) n=1

(6.1)

i
where θm
is a realization of the random vector Πim , namely,

i
h
i
i
i
i
θm
= θm1
θm2
. . . θm|Σ|
and the normalizing constant is
B(αim )

,

Q|Σ|

i
n=1 Γ αmn )
P|Σ| i 
Γ( n=1 αmn

(6.2)

 i i

i
i
i
i
where αim , αm1
αm2 · · · αm|Σ|
with αmn
= Nmn
+ 1 and Nmn
is the number of

times the symbol σn in S i is emanated from the state qm , i.e.,
i
Nmn
, {(sik , vki ) : sik = σn , vki = qm }

(6.3)

where sik is the k th symbol in S i and vki is the k th state as derived from the symbolic
sequence S i . Recall that a state is defined as a string of D past symbols. Then,
i
the number of occurrence of the state qm in the state sequence is given by Nm
,
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P|Σ|

n=1

i
Nmn
. It follows from Eq. (6.2) that

B(αim )

=

Q|Σ|

i
n=1 Γ(Nmn + 1)
P
i
Γ( |Σ|
n=1 Nmn + |Σ|)

=

Q|Σ|

i
n=1 (Nmn )!

i + |Σ| − 1)!
(Nm

(6.4)

by use of the relation Γ(n) = (n − 1)! ∀n ∈ N1 .

By the Markov property of the PFSA Gi , the (1 × |Σ|) row-vectors, {Πim }, m =

1, . . . |Q|, are statistically independent of each other. Therefore, it follows from

Eqs. (6.1) and (6.4) that the a priori joint density fΠi |S i of the probability morph
matrix Πi , conditioned on the symbol string S i , is given as
i

i

fΠi |S i (θ |S ) =
=

|Q|
Y

m=1

i
fΠim |S i θm
|S i

|Q|
Y

m=1

i
Nm



|Σ|
i
i Nmn
 Y (θm
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+ |Σ| − 1 !
i )!
(Nmn
n=1

(6.5)

h
i
i T
where θ i = (θ1i )T (θ2i )T · · · (θ|q|
) ∈ [0, 1]|Q|×|Σ|

In the testing phase, the probability of observing a symbol string Se belonging

to a particular class of PFSA (Q, Σ, δ, Πi ) is a product of independent multinomial
distribution [160] given that the exact morph matrix Πi is known.


e δ, Πi
Pr S|Q,



emn
|Σ|
N
i
Y
(Π
)
mn
em )!
=
(N
emn )!
(N
m=1

n=1
e i as Q and δ are kept invariant
, Pr S|Π
|Q|
Y

(6.6)
(6.7)

i
emn is the number of times the symbol
Similar to Nmn
defined earlier for S i , N
σn is emanated from the state qm ∈ Q in the symbol string Se in the testing phase,

i.e.,

emn , {(s̃k , ṽk ) : s̃k = σn , ṽk = qm }
N

(6.8)

e
where s̃k is the k th symbol in the string Se and ṽk is the k th state derived from S.
P|Σ|
em ,
emn .
It is noted that N
N
n=1
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The results, derived in the training and testing phases, are now combined according to Dirichlet-Compound-Multinomial model (DCM) construction. Given a
symbol string S i in the training phase, the probability of observing a symbol string
Se in the testing phase is obtained as follows.
Z
Z


i
i
i
e
e
Pr(S|S ) = · · · Pr S|Π = θ fΠi i |S i (θ i |S i )dθ i
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(6.9)

The integrand in Eq. (6.9) is the density function for the Dirichlet distribution up
to the multiplication of a constant. Hence, it follows from Eq. (6.4) that
Z
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Z Y
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i
e
i
(θmn
)Nmn +Nmn
n=1

Then, it follows from Eq. (6.9) that
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e i ) [71] [72], which is as follows:
There exists a closed form solution for Pr(S|S
e i) =
Pr(S|S

|Q|
|Σ|
Y
Y
em )! (N i + |Σ| − 1)!
emn + N i )!
(N
(N
m
mn

 ×
i
e
i
e
m=1 Nm + Nm + |Σ| − 1 !
n=1 (Nmn )!(Nmn )!

(6.10)

e i ) by using Stirling’s
It is recommended to compute the logarithm of Pr(S|S
e would
approximation formula log(n!) ≈ n log(n) − n [161] because both N i and N

be large numbers. The posterior probability of a symbol string S belonging to the
e and is given as
class Ci is denoted as Pr(Ci |S)
e i
e = P Pr(S|S ) Pr(Ci ) , i = 1, 2, · · · , K
Pr(Ci |S)
K
e j
j=1 Pr(S|S ) Pr(Cj )

(6.11)
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where Pr(Ci ) is the known prior distribution of the class Ci . It is assumed to
have uniform distribution in this chapter. When there are L number of symbol
sequences (indexed by l), Sli for training a class Ci , the posterior probability is
modified as
PL

e i ) Pr(Ci )
Pr(S|S
l
e = P l=1
Pr(Ci |S)
, i = 1, 2, · · · , K
K PL
i
e
)
Pr(C
)
Pr(
S|S
j
l
l=1
j=1

(6.12)

Remark 6.1.1. For training purposes, L number of symbol sequences can be selected as a representative of the large number of sequences belonging to each class
via performing a clustering algorithm (e.g., k-NN clustering [31] on the PFSA
space constructed from symbol sequences(similar to inner product space described
in [22]) and choosing respective L cluster center PFSAs. Choosing multiple PFSAs for each class via clustering, rather than concatenating symbol sequences while
training to construct one PFSA per class, is more justified when there exists a large
intra-class variance.
Considering uniform class prior Pr(Ci ), final classification decision is made as
follows.
e
Dclass = arg max Pr(Ci |S)
i

6.1.2

Transient Fault Diagnostics in Gas Turbine Engine
via SSTC

Performance monitoring of aircraft gas turbine engines is typically conducted on
quasi-stationary steady-state data collected during cruise conditions. This issue
has been addressed by several researchers by using a variety of analytical tools.
For example, Lipowsky et al. [162] made use of Bayesian forecasting for change
detection and performance analysis of gas turbine engines. Guruprakash and Ganguli [163] reported optimally weighted recursive median filtering for gas turbine
diagnostics from noisy signals. However, transient operational data (e.g., from
takeoff, climb, or landing) can be gainfully utilized for early detection of incipient
faults. Usually engines operate under much higher stress and temperature conditions under transient operations compared to those under steady-state conditions.
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Signatures of certain incipient engine faults (e.g., bearing faults, controller missscheduling, and starter system faults) tend to magnify during the transient conditions [164], and appropriate usage of transient data could enhance the probability
of fault detection [165]. Along this line, several model-based and data-driven fault
diagnosis methods have been proposed by making use of transient data. For example, Wang et al. [166] developed a neural network-based fault diagnosis method for
automotive transient operations, and Surendar and Ganguli [167] used an adaptive Myriad filter to improve the quality of transient operations for gas turbine
engines. However, model-based diagnostics may suffer from inaccuracy and loss of
robustness due to low reliability of the transient models. This problem is partially
circumvented through usage of data-driven diagnostics; for example, Menon et
al. [168] used hidden Markov models (HMMs) for transient analysis of gas turbine
engines.
STSA has been shown to yield superior performance in terms of early detection
of anomalies and robustness to measurement noise in comparison to other techniques such as Principal Component Analysis (PCA), Neural Networks (NN) and
Bayesian techniques [32]. Recently, in a two-part paper [169][170], an STSA-based
algorithm for detection and isolation of engine subsystem faults (specifically, faults
that cause efficiency degradation in engine components) has been reported and an
extension of that work to estimate simultaneously occurring multiple componentlevel faults has been presented in [171]. Furthermore, an optimized feature extraction technique has been developed under the same semantic framework in [172].
However, all of the above studies were conducted on steady-state cruise flight data
that conform with the assumption of quasi-stationarity made in STSA. Due to this
assumption, STSA may not be able to adequately handle transient data that are
usually of limited length.
The subsection shows how SSTC can handle (short-length) transient data, beyond what is currently done for quasi-stationary data sets of sufficient length. The
algorithm of SSTC is validated using the Transient Test-case Generator [173] of
the Commercial Modular Aero Propulsion System Simulation (C-MAPSS) test
bed [4], developed by NASA.
Fault Injection in C-MAPSS Test Bed:
The NASA C-MAPSS simulation test bed [4] has been developed for a typical
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Figure 6.1: Gas turbine engine schematic [4]
commercial-scale two-spool turbofan engine and its control system. Figure 6.1
shows the schematic diagram of a commercial aircraft gas turbine engine used in
the C-MAPSS test bed.
The engine under consideration produces a thrust of approximately 400,000 N
and is designed for operation at altitude (A) from the sea level (i.e., 0 m) up to
12,200 m, Mach number (M) from 0 to 0.90, and temperatures from approximately
−50◦ C to 50◦ C. The throttle resolving angle (T RA) can be set to any value in the
range between 0◦ at the minimum power level and 100◦ at the maximum power
level. The gas turbine engine system consists of five major rotating components,
namely, fan (F), low pressure compressor (LPC), high pressure compressor (HPC),
high pressure turbine (HPT), and low pressure turbine (LPT).
Given the inputs of T RA, A and M, the interactively controlled component
models compute nonlinear dynamics of real-time turbofan engine operation. A
gain-scheduled control system is incorporated in the engine system, which consists
of speed controllers and limit regulators for engine components.
Out of the different types of sensors (e.g., pressure, temperature, and shaft
speed) used in the C-MAPSS simulation test bed, Table 6.1 lists those sensors that
are commonly adopted in the Instrumentation & Control system of commercial
aircraft engines, as seen in Fig. 6.2.
In the current configuration of the C-MAPSS simulation test bed, there are
13 component level health parameter inputs, namely, efficiency parameters (ψ),
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Table 6.1: Sensor Suite for the Engine System
Sensors
T24
P s30
T48
P50
Nf
Nc

Description
LPC exit/ HPC inlet temperature
HPC exit static pressure
HPT exit temperature
LPT exit pressure
Fan spool speed
Core spool speed

DUCT
+
BYPASS
NOZZLE

P21

P2

P30

P24

P40

HPC
T2

FAN

T21

LPC

T24

+
DUCT

P50

P48
HPT

T30
PS30

BURNER

T40

+
DUCT

T48

LPT

T50

Nc

Nf

Figure 6.2: Schematic diagram of the C-MAPSS engine model with Sensors
flow parameters (ζ), and pressure ratio modifiers that simulate the effects of faults
and/or degradation in the engine components. Ten, out of the 13 health parameters, are selected to modify efficiency (η) and flow (φ) that are defined as:
• η , Ratio of actual enthalpy and ideal enthalpy changes.
• φ , Ratio of rotor tip and axial fluid flow velocities.
For each of the engine’s five rotating components X, where X represents F,
LPC, HPC, LPT, or HPT, there are two health parameters, namely, efficiency
parameter (ψX ) and flow parameter (ζX ). If an engine component X is in the
nominal condition, then both ψX and ζX are set to 1, and a fault can be injected
in a component X by independently reducing the values of the parameters ψX
and/or ζX . For example, ψF = 0.98 signifies a 2% relative loss in the fan efficiency.
An experimental-data-based stochastic damage model, called C-MAPSS Transient Test-case Generator [173], has been developed at NASA for simulating natural deterioration and fault injection in the engine components. For all five rotating
components, an injected fault exhibits a random magnitude Fm and a random
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health parameter ratio HP R. While Fm and HP R directly determine perturbations δψX in the efficiency health parameter ψX of a component X, perturbations
δζX in the flow health parameter ζX are determined by HP R for given perturbations δζX based on the following relations.
δψX , − √

Fm
and δζX , δψX · HP R
1 + HP R2

(6.13)

In the case studies, (random) fault magnitudes Fm are uniformly distributed
between 1.0 to 7.0. Health parameter ratios HP R for Fan, LPC, and HPC are
uniformly distributed between 1.0 and 2.0, whereas HP Rs for HPT and LPT are
uniformly distributed between 0.5 to 1.0. Perturbations in the efficiency (ψX )
and flow (ζX ) health parameters occur from their respective base values. The
relative losses in the health parameters are expressed as follows: nominal health
is represented by 100% of ψX and ζX ; for faulty Fan, LPC and HPC, ψX is varied
between 95% and 99.5% and ζX is varied between 90% and 99.5%; for faulty HPT
and LPT, ψX is varied between 94% and 99% and ζX is varied between 93.5% and
99.5%.
Performance of SSTC:
This section presents the simulation results of SSTC regarding incipient fault
detection on the C-MAPSS test bed. The goal here is to demonstrate how the
binary faults (i.e., K = 2) are detected and identified at an early stage in timecritical operations like engine health management. To establish the relationship
between detection time and detection accuracy, numerous simulation experiments
have been performed during the “takeoff” operation, where the Mach number is
varied from 0 to 0.24 in 60 seconds keeping the altitude at zero (i.e., sea level)
and TRA at 80%. Faulty operations in three different components, Fan, LPC
and HPT, are simulated along with the ideal engine condition. The HPT exit
temperature (T48 ) sensor (that captures the above failure signatures in the gas
path) is chosen to provide the transient response. The rationale behind choosing
the T48 sensor is attributed to the following physical facts: (i) T48 is placed between
HPT and LPT, and (ii) LPT is mechanically connected to the Fan and LPC via
the outer shaft. The sampling frequency of the T48 sensor data is 66.7 Hz. For
the purpose of training, the duration for each simulation run is chosen to be 60
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Figure 6.3: Detection in a multi-fault framework (Ground truth: a faulty LPC)
sec (i.e., a time series of length ∼ 4000) and the transient data set for each fault
class is constructed by concatenating 50 such blocks of time series data that were

individually generated on the simulation test bed under similar transient operating
conditions. It is noted that these blocks of data are statistically similar but they
are not identical.
The next step is to partition the data sets to generate respective symbol strings.
The range of the time series is partitioned into 5 intervals (i.e., the alphabet size
|Σ| = 5), where each segment of the partitioning corresponds to a distinct symbol

in the alphabet Σ. The training phase commences after the symbol strings are
obtained for each of the four classes, i.e., one nominal and three faulty conditions.
In this application, it suffices to choose the depth D = 1 [19], which implies that
the probability of generation of a future symbol depends only on the last symbol,
and hence the set of states is isomorphic to the symbol alphabet (i.e., Q ≡ Σ). For
i
each class C1 and C2 , the parameters Nmn
are obtained by counting the number

of times the symbol σn is emitted from state qm .
The testing phase starts with a new time series from one of the classes, where
the symbol sequence is generated by using the same alphabet and partitioning as
in the training phase. Following Eq. (6.11), the posterior probability of each class
is calculated as a function of the length of the testing data set. Figure 6.3 shows
the posterior probability of each class as a function of the length of the observed
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Figure 6.4: High-level fan fault detection (Ground truth: A high-level fan fault)
test data. It is seen that the observed sequence is correctly identified to belong
to the class of LPC faults as the posterior probability of the corresponding class
approaches one, while it approaches zero for each of the remaining classes (i.e.,
the other two component faults and nominal condition). By repeating the same
classification technique on 50 new test runs of LPC fault, it is observed that a data
length of 500 is sufficient to detect the fault with a reasonable confidence. For
other two component faults, the posterior probability for the correct fault class
approaches unity within the data length of 50, as seen in Fig. 6.4. The rationale
is that the fault signatures for fan and HPT in T48 response are dominant, even if
they are incipient.
In a hierarchical fault detection and isolation strategy, at a low resolution level,
the goal is to identify the faulty component (e.g., Fan, LPC or HPT). Once the
fault is located, the next step is to quantify the severity of the located fault. The
symbolic transient fault detection technique can be extended to classify different
levels of fault in single components of a gas turbine engine. For verification, samples
of nominal data are injected with a low-level fan fault, where the fault magnitude
(Fm ) follows a random uniform distribution ranging from 1 to 3. The remaining
samples of nominal data are injected with a high-level fan fault of magnitude (Fm )
within the range of 5 to 7. In this case, the alphabet size is chosen to be |Σ| = 6
to obtain better class separability. Figure 6.4 shows that the posterior probability
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Figure 6.5: Low-level fan fault detection (Ground truth: A low-level fan fault)
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Figure 6.6: ROC curves for fan fault identification with different test data lengths
(λ varying between 0.01 and 2 with steps of 0.01)
for a high fan fault saturates to the value of 1 within a data length of 70, which is
equivalent to ∼ 1 sec. (Note: The oscillations in posterior probabilities in Fig. 6.4

are due to randomness of the estimated parameters for data lengths smaller than
50. But when the test case is a low-fan fault (see Fig. 6.5), the posterior probability
of a high-level fan fault remains dominant until the data length reaches ∼ 400. This

would result in a false classification as the posterior probability for the true class
reaches 1 monotonically at around the data length of 1000 at, about 15 seconds,
as seen in Fig. 6.5. This result agrees well with the intuition that the detection
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time increases with smaller the fault levels.
To examine the performance of symbolic transient fault detection, a family of
receiver operating characteristics (ROC) [174] is constructed for different lengths
of test data. A binary classification scenario is constructed, which consists of
two classes: the nominal engine condition belonging to the class C1 , and a faulty
fan condition belonging to the class C2 . The training data length is the same
as described in the previous simulation runs. The general classification rule in a
symbol string Se is given by
e 1 ) C1
Pr(S|C
(6.14)
≷λ
e 2 ) C2
Pr(S|C
where the threshold parameter λ is varied to generate the ROC curves. For the

binary classification problem at hand, an ROC curve provides the trade-off between
the probability of detection PD = Pr{decide C2 |C2 is true} and the probability

of false alarms PF = Pr{decide C2 |C1 is true}. Figure 6.6 exhibits a family of
ROC curves for the proposed fault detection technique with varying lengths of test

data. For each ROC curve, λ is varied between 0.01 and 2 with steps of 0.01.
It is observed that the ROC curves yield improved performance (i.e., movement
toward the top left corner) progressively as the test data length is increased from
Ntest = 20 to Ntest = 200. Thus, based on a family of such ROC curves, a good
combination of PD and Ntest is obtained for a given PF . Thus, SSTC has been
validated on the NASA C-MAPSS simulation test bed [4] for various operating
conditions, and dependence of detection accuracy on the data length is reported.

6.1.3

Alphabet size selection for SSTC

Chapter 2 proposes a supervised method to partition the time series for STSA
and to select an semi-optimal alphabet size via sequential optimization. In that
approach, it is assumed that the time series is long enough for the probabilities
in the morph matrix to converge. But, this assumption regarding infinite data
length does not hold true for SSTC. This section presents a different approach for
alphabet size selection in SSTC scenario.
While performing binary classification by SSTC, a series of ROC curve can be
obtained for different alphabet sizes via varying λ (see 6.14) at a specific testing
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Figure 6.7: Variation of the area under receiver operating characteristics (ROC)
curve below different PF thresholds (ηPF ) as a function of increasing alphabet size
of the D-Markov machine with (a) D = 1 and (b) D = 2
.
data length. The area under the convex hull of a ROC curve (AUC) [174] in the
domain PF ∈ [0, ηPF ] gives an idea about the performance of SSTC within a false

alarm rate of ηPF for that particular alphabet size. More the AUC, the better is
the performance of the SSTC. Hence, alphabet size for a given ηPF and data length
can be selected via maximizing this AUC.
To demonstrate the process, an example of binary classification is simulated,
where one class is created by corrupting a unit amplitude sinusoidal wave (frequency = 20 Hz) by a Gaussian white noise (GWN) with standard deviation of 0.1
and another class is simulated via corrupting the base sinusoidal wave by a GWN
with standard deviation of 0.15. Sampling rate is 1000 in this example. Training
length is kept long for both the classes and testing length for SSTC is 200 with
100 samples per class. Maximum entropy partitioning (MEP) is used for symbolization to finally construct the D-Markov machine in SSTC. Figure 6.7 shows the
variation of AUC within ηPF as a function of alphabet size for depth of 1 and 2.
It is observed that AUC at D = 1 reaches its first knee point before than that
at D = 2 as D-Markov machine with greater depth models the class separability
better (see Capter 2). Alphabet size at the first knee point can be selected as
the alphabet size for this particular problem at a given ηPF . Note that the AUC
drops for higher alphabet size (shown in figure 6.7) as the dimension of the morph
matrix become comparable to the data length. While binary classification scenario
is common for fault detection tasks, alphabet size selection for multi-class classi-
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Figure 6.8: Schematics of MSTSA framework
fication can be done via maximizing the average classification accuracy obtained
from class posteriors via SSTC.

6.1.4

Multi-scale Symbolic Time Series Analysis (MSTSA)
Framework

In general, an activity is constituted of intermediate events happening at faster
time scale. MSTSA is built upon SSTC to tackle time series at multiple time scale
for activity recognition in real time. Figure 6.8 shows the schematics of the MSTSA
framework. At the bottom layer, a time window is traversed over the time-series
with a certain overlap. The length of the time window depends on the timescale of the intermediate events which combine to form the whole activity. The
signal ,from the window, is symbolized via preprocessing and subsequently, PFSA
is constructed via generalized D-markov machine construction. SSTC is necessary
as it can analyze short length time series coming from a limited length window.
Posterior probability of PFSAs for intermediate patterns are calculated via SSTC,
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which is shown in the second layer of figure 6.8. This step yields in a time series
of posterior probability of constitutive events (denoted by different intermediate
PFSAs) with a lesser time resolution than the original signal. For the ’winnertakes-it-all’ strategy, this results in symbol sequence of intermediate patterns if
a symbol is assigned for each of them. More the overlap, more the resolution of
this time series would be. From the symbol sequence, slower time scale PFSA
is constructed via generalized D-Markov machine construction. This most likely
PFSA, obtained by SSTC learning and inference, denotes the final activity at a
slower time scale. This step is also named as short term smoothing as it helps
in capturing the persistence of the activity, resulting in a reduced false alarm.
Window lengths at multiple time scale can be chosen based on domain knowledge
and overlaps can be optimized by maximizing activity recognition accuracy.

6.2

Real-time Activity Recognition from Seismic
Signature for Border Surveillance

Tactical scenarios, pertinent to border control and surveillance, are heavily flooded
with multi-modal sensing devices (e.g., acoustic, seismic, passive infrared, magnetic
etc), called as unattended ground sensors (UGS). These systems are deployed
to detect and classify different types of target and activities in real time, which
results in a holistic situation awareness. UGS systems are preferred because they
are cheap, easy to deploy and unobtrusive to the surroundings. However, the
performance of UGS systems has been plagued by high false-alarm rates due to
inadequate on-board processing algorithms [107] and the lack of robustness of the
detection algorithms in different environmental conditions (e.g., soil types and
moisture contents for seismic sensors). Furthermore, limited battery operating life
have made power consumption a critical concern for both sensing and information
communication [108].
Seismic sensors have performed with the highest reliability compared to other
components of UGS systems regarding target detection and activity classification
because they are less sensitive to Doppler effects environment variations as compared to acoustic sensors [111]. Present personnel detection methods using seismic
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signals can be classified into three categories, namely, time domain methods [109],
frequency domain methods [110], and time-frequency domain methods [111, 112].
More recently, feature extraction from (wavelet-transformed) time series, based on
symbolic dynamic filtering (SDF) [19][20], has been proposed by Jin et al. [113]
for target detection and classification in border regions. The rationale for using wavelet-based methods is denoising and time-frequency localization of the underlying sensor time series. However, this method requires tedious selection and
tuning of several parameters (e.g., wavelet basis function and scales) for signal preprocessing in addition to the size of the symbol alphabet that is needed for SDF.
In [33], a comparison shows consistently superior performance of SDF-based feature extraction over Cepstrum-based and PCA-based feature extraction, in terms
of successful detection, false alarm, and misclassification rates, using field data collected for border-crossing detection. The reliability of the detection performance
by SDF, in significantly varied environmental conditions for personnel detection
problem, was studied in [114].There have been numerous research on human activity recognition from data collected by wearable sensors [175] [176] (e.g., accelerometer), ubiquitous sensor net [177](e.g., PIR sensor net), imaging and video
sensors [178] [179] (e.g., wireless camera network). However, there is little work
done in activity recognition based on the data collected by UGS, especially seismic
sensor. The main challenge lies in the inherent multi-timescale nature, low SNR
and high variability (different external conditions) of the seismic data for same
class of activity.

6.2.1

Problem Formulation and Experimental Setup

This section describes the problem and explains the experimental setup for implementing realistic scenarios regarding data collection. The objective is to detect and
classify different human activities from siesmic signature in real time. One of the
most significant and dreaded threat scenarios in tactical situations is comprised
of the activities such as, a personnel walking to a site and digging there to bury
explosives and walking away. It is challenging to detect and segment such activities from only seismic signature in real time because of its inherent multi-timescale
nature with low SNR in varied environmental conditions. Also, the persistence
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level and type of digging activity have a significant variability, which make the
problem more complex. In a seismic signal, both of the activities are viewed as
an array of near-identical impulses of fast time scale. But, it is the time evolution
of those impulse units in slower time scale, that captures the separability of those
activities.

4m

4m

2

Seismic Sensor
Digging Location

Sensor 2

Sensor 1

1

Walking path
Route

Figure 6.9: Experimental setup for data collection on activity recognition
Experiments on activity recognition were conducted by the authors on a moderately moist field to simulate the scenarios mentioned above. Figure 6.9 presents
the schematics describing the experiments for data collection. Two 3 − axis geo-

phones were deployed as seismic sensors at distances of 4m and 8m from the site

of digging. A typical run of the data collection is 90s long and it comprises the
activities such as walking to the site of digging, digging at the site, walking away
from the site in order. It also has certain segments, before and after the activities,
where there is no activity happening around the sensor.
Different routs were followed for walking around the sensors to incorporate the
effect of distance of target from the sensors. Two types of tools (i.e. spade shovel
and metal hoe) were used for digging. The digging activities were performed with
different speed and impact to achieve a realistic variability in the data. Walking
activity involved both single person and multiple people (mostly two). Thirty sets
of 90 seconds long data were collected in total at a sampling rate of 4kHz. All the
different scenarios (e.g., digging type, number of walking persons etc.), as described
above, are equally distributed in the dataset for training purpose.
Figure 6.10 shows a 90s long seismic time-series which was collected at the
z − axis by a 3 − axis geophone. Ground truth for this particular time-series is

as follows: no activity at 0s < t ≤ 15s , two persons walking to the digging site at
15s < t ≤ 27.5s, digging activity with metal hoe at 27.5s < t ≤ 63s, two persons
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Figure 6.10: A typical seismic time-series collected at the z − axis by a 3 − axis
geophone in the experiment; ground truth: no activity at 0s < t ≤ 15s , two
persons walking to digging site at 15s < t ≤ 27.5s, digging at 27.5s < t ≤ 63s,
walking away at 63s < t ≤ 76.5s and no activity at 76.5s < t ≤ 90s.
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No Activity
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Figure 6.11: Activity recognition as bi-layer classification by MSTSA
walking away from the site at 63s < t ≤ 76.5s and no activity at 76.5s < t ≤ 90s.
The problem of activity recognition is seen as a bi-layer classification problem
as shown in the figure 6.11. In the detection stage, MSTSA detects the presence
of an activity at faster time scale (small window) against the null hypothesis of
no activity; in the activity classification stage, MSTSA classifies and segments
walking vs. digging at slower time scale (larger window). While the detection
stage should be robust to reduce the false alarm rates, the classification stage
must be sufficiently sensitive to discriminate among walking and digging with high
fidelity and small segmentation time delay.
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6.2.2

Data Preprocessing and Partitioning

Initally, Seismic time series is converted to zero mean signal and downsampled to
1kHz from 4kHz. Then, it is de-noised via wavelet de-noising method (SureShrink
thresholding [180]) using three-layer multi-resolution approach with db7 wavelets.
For both activity detection and classification, envelop detection via hilbert tranform is carried out on the time series to reduce the phase distortions in the seismic
data [112]. In the next step, autocorrelation of the temporal envelop is obtained
with different window sizes for different stages of activity recognition (i.e., detection and classification). This autocorrelation function is used as an input to
MSTSA technique because it can capture the difference in periodicity pattern between walking and digging. Figure 6.12 shows the data preprocessing stages for
walking and digging signals over 10s window.
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Figure 6.12: Data preprocessing steps for walking and digging over 10s window
(sampling rate = 1kHz)
The autocorrelation function, corresponding to a certain window, is partitioned
via uniform partitioning based on the current data. The partitioning information
is not kept constant over the whole sample of training and testing to facilitate
the understanding of the texture change in the data, not the change of amplitude.
Once the symbol sequence is created after partitioning, it is fed into MSTSA for
activity recognition.
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6.2.3

Activity Detection

This step detects activities (walking or digging) against the null hypothesis of no
activity around the seismic sensors. A window of 2s is traversed over the seismic
signal with 80% overlap. The window size is considered to be 2s because it can
capture at least one complete human gait pattern (∼ 0.6 − 0.7s between two

consecutive footsteps for single human walking) or two digging impulses. Hence,
at least one dominant peak can be found on autocorrelation function when there
is some activity. Uniform partitioning, with an alphabet size of three, is used to
symbolize the autocorrelation function which is obtained by the method described
in subsection 6.2.2. Figure 6.13 shows the steps of activity detection on a 90s
seismic signal by the proposed technique of MSTSA. The ground truth for the
signal, as shown in the top most plot of figure, is as follows: no activity at 0s <
t ≤ 13.5s , activity at 13.5s < t ≤ 79s and no activity at 79s < t ≤ 90s.

Posterior probability of intermediate events, based on 50% training from both

the geophones, is calculated via SSTC (D = 1) over time. The second plot from
top of the figure shows the posterior probability of intermediate events happening
around the sensor at fast time scale, which has false alarms in the ’no activity’
zone (posterior threshold for activity decision = 0.5). To reduce the false alarm,
the persistence of the activity is incorporated via short time smoothing. Short
time smoothing, the second stage of MSTSA, is operated on the symbolized form
of the intermediate posterior probability. Regarding this problem, a window of
40 symbols is traversed over the symbol sequence of posterior probability and
the final posterior of activity is obtained via SSTC at a slower time scale. At
this stage, transition matrices for training are constructed with a symbol size of
three and a depth equal to one. Out of the two transition matrices for training
of intermediate posterior probability symbol sequence, one has persistence of the
activity and other shows fluctuations in fast time scale. In figure 6.13, the plot at
the bottom presents the final posterior probability of activity. Table 6.2 denotes
that the average accuracy of activity detection can achieve 98.8% with a false alarm
rate of 1.5% over the whole data set via cross validation.
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Figure 6.13: Activity detection from a 90s seismic signal via MSTSA
Table 6.2: Performance of MSTSA in activity recognition from seismic time-series
Activity Detection
Activity Classification

6.2.4

Accuracy
98.8%
91.2%

False Alarm Rate
1.5%
5.2%

Activity Classification

The segments on the seismic time series, which are detected to be having some
activity, are fed into the next layer of the activity recognition framework, namely,
activity classification. In this layer, 2-stage MSTSA is applied in the same way it is
applied in the detection stage, but with a different window size. A longer window
is required to capture the time evolution of walking and digging at slower time
scale, such that it manifests enough class separability in training. In this chapter,
a window length of 10s is used with 80% overlap. Large overlap is considered here
to reduce the segmentation delay when activity switches from walking to digging
or vice versa. Uniform partitioning is performed on the autocorrelation function
(subsection 6.2.2) with an alphabet size of 6. A variable partitioning, dependent
on the current data, is utilized to capture the texture change of the signal.
Starting from top, figure 6.14 shows a typical seismic signal spanning 90s, the
final probability of activity posterior for detection and decision vector regarding
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Figure 6.14: Major steps of activity recognition from a 90s seismic signal via
MSTSA
activity classification with corresponding ground truth. Ground truth for this
particular time-series is as follows: no activity at 0s < t ≤ 11s , two persons

walking to the digging site at 11s < t ≤ 32.5.5s, digging activity with metal hoe

at 32.5s < t ≤ 62s, two persons walking away from the site at 62s < t ≤ 81.5s

and no activity at 81.5s < t ≤ 90s. Figure 6.14 denotes that the activities are

detected with high accuracy and those are classified with a segmentation delay of
1.5s which is small compared to the complete activity period.
An average classification accuracy of 91.2% (table 6.2) is obtained, which is
based on random testing with 50% training. False alarm rate, misclassification of
walking as digging, is averaged at 5.2% which is impressive. The total running time
for activity recognition via MSTSA (MATLAB), which starts from the feeding of

90s long raw data and finishes at the final decision vector of activities, is of the
order of 30s. Hence, there would be enough time to feed the next 90s of seismic
signal into the MSTSA framework, with upto 50% overlap. This fact makes it
possible to implement the proposed technique in real time.
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6.3

Summary and Conclusions

This chapter formulates a multi-scale symbolic time series analysis (MSTSA) framework for real-time activity recognition. It incorporates the short-length symbolic
time-series classifier (SSTC) via Dirichlet-Compound-Multinomial model (DCM)
construction as the building block, which works on symbol sequences generated
from seismic time-series and intermediate event class time-series at different timescales. Different aspects of SSTC is tested on a transient fault diagnostics problem
for C-MAPSS gas turbine engine. An approach for alphabet size selection, while
constructing D-Markov machine from short length time series in SSTC paradigm,
is proposed. SSTC, with different window sizes for different time scales, are cascaded in multiple layers for event detection and activity classification. Realistic
data collection scenarios, consisting of varied activities such as walking and digging, were set up for experimental validation of the proposed framework. MSTSA
achieved a detection accuracy of more than 98% with negligible false alarm rate
and activity classification accuracy of 91.2% with 5.2% of false alarm (classifying
walking as digging). MSTSA results in a small segmentation delay along with a
short running time (∼ 30s for 90s long seismic signal) for activity recognition,
which makes the proposed technique applicable in real time.
The following research topics are recommended for future research.
• Tradeoff between the performance gain and the loss of computational speed
for finer hierarchy of activity recognition.

• Comparison of the proposed framework with other multi-scale time-series

analysis architecture such as Hierarchical Hidden Markov Model (HHMM)
[181] [182].

• Detailed Robustness analysis of the proposed framework in different environmental conditions.

Chapter

7

Early Detection of Instability Onset
in a Swirl-stabilized Combustor
Strict emission regulation has initiated a paradigm shift in the nominal operating
conditions of gas turbine engines. Consequently, The technology of gas turbine engines has gradually adapted to low equivalence ratio combustion to suppress emissions of nitrogen oxides (NOx), instead of combustion at near-stoichiometric conditions. Ultra-lean premixed and pre-vaporized combustors, while being environmentfriendly, is susceptible to combustion instability that is characterized by pressure
waves with sharp tones and high amplitudes. The complexity of this instability
problem accrues from the mutual interactions among the unsteady heat release
rate, flow fields and acoustics, which outline the general features of combustion
instability [88, 89, 90]. In order to predict and characterize the combustion instabilities, full-scale computational-fluid-dynamic (CFD) models and/or reducedorder models have been developed to identify unstable conditions; however, the
simplifying assumptions and inherent complexity in system dynamics as well as
computational restrictions may result in imperfect validation with experimental
observations. The other approach relies on time series data from physical sensors to identify the features that are capable of exclusively characterizing combustion instabilities and thus, formulates strategies based on analysis of the acquired
time series data. The prediction of combustion instability associated with swirlstabilized flames is of particular interest in gas turbine combustion. The dynamics
of three-dimensional swirl-stabilized flames are complex in nature as they are sub-
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jected to interactions of fluid-mechanical processes with the flame and acoustics,
which give rise to complex growth and saturation mechanisms. Reviews of swirlstabilized flames and their instabilities have been reported by Huang and Yang [91]
and Candel et al. [92]. Significant studies in instabilities of swirl flames have also
been conducted in the framework of flame transfer functions in the context of
frequency-amplitude dependence and the underlying flow physics [93, 94]. In particular, flame transfer functions provide low-order model-based tools that have
been used to predict instabilities by solving the nonlinear dispersion relations as
reported by Noiray et al. [95].
The dynamic data-driven approach, based on time-series analysis, is less systemspecific than the model-based approach as the former is more strongly dependent
on the general features of various regimes in a combustor. In this regard, Nair
and Sujith [96] have used the decay of Hurst exponents as precursors to impending
combustion instabilities; other measures of instability like loss of chaotic behavior
in the system dynamics have also been formulated [97]. Since the data-driven approach is, in general, expected to predict instabilities across the parameter space,
within which the combustor operates. A key parameter is the inlet Reynolds number (Re), a variation of which has been observed to clearly mark the stable and
unstable regimes of a combustor. Chakravarthy et al. [98] have reported the dawn
of ”lock-on”, a term representing the frequency locking of natural duct acoustics
and a dominant hydrodynamic mode as an essential feature of combustion instability. Specifically, ”lock-on” is a generic feature and is independent of any geometric
and fuel-based parameters. The hallmark feature of Re variations is the break
in the dominant frequency, which corresponds to onset of combustion instability.
Thus, the frequency break can be thought of as a reliable precursor for combustion
instability. However, a major drawback is the bifurcation in the combustor behavior at the frequency break-point; therefore, it cannot be used as a tool of early
warning, thus motivating the need for a fast predictive tool that is generic. An experimental investigation on the onset of thermoacoustic oscillations via decreasing
fuel equivalence ratio has been reported by Gotoda et al. [99]. This recent study
has shown the possibility of encountering low-dimensional chaotic oscillations in
combustors by employing several methods of nonlinear time series analysis. Recently, Nair et al. [100] have utilized Recurrence Quantization Analysis (RQA) for
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prediction of instability, which detects a route of intermittency filled with random
bursts of high amplitude oscillations.
The concept of symbolic time series analysis (STSA) [18] has been used for
anomaly detection in physical systems as reported by Ray and coworkers [19,
20, 25]. The authors have used STSA with unity depth (memory) of the DMarkov machine [183] to predict combustion instability from single sensor data
for variations in Re. Sarkar et al. [184] have applied the notion of STSA with
the generalized D-Markov machine construction (see Chapter 3) to predict lean
blow-out from chemiluminescence sensor time series for variations in equivalence
ratio (Φ).
This chapter utilizes a fast STSA approach built upon generalized D-Markov
machine (described in Chapter 3) to construct a complexity-based measure for
detecting an early onset of thermo-acoustic instability in swirl-stabilized combustion. The proposed approach models spatio-temporal co-dependence (introduced
in Chapter 4) among time series from heterogeneous sensors (pressure and chemiluminescence sensor) to generate a data-driven precursor which is uniformly applicable across multiple experiment protocols with various premixing levels. From the
perspectives of novel applications of STSA and D-Markov machine tools to analysis of combustion instability, major contributions of this chapter are delineated
below.
• Utilization of a robust measure of anomalous behavior in dynamical systems

as a generalization of the D-Markov machine developed in Chapter 3 [25, 185]:
The objective is early prediction of combustion instability, which is robust
to spurious disturbances.

• Development of an information-theoretic approach [1]: The underlying con-

cept is built upon the entropy rates among heterogeneous sensors (see Chapter 4) and serves to construct alternative instability precursors.

• Experimental validation of the proposed concept: The test apparatus is a
swirl-stabilized combustor, where thermo-acoustic instabilities are induced

via different protocols (e.g., increasing Re at a constant fuel flow rate and
reducing equivalence ratio Φ at a constant air flow rate or effective Reynolds
number Re) at varying levels of fuel premixing.
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• Performance evaluation and comparison: The proposed instability precursor

measure is compared with state-of-the-art techniques in terms of prediction
performance (i.e., accuracy and robustness), computational complexity (i.e.,
memory requirement and execution time) and robustness to sensor noise.

7.1

Description of the Experimental Apparatus

The experimental apparatus is built upon a laboratory-scale combustor that has
a swirler of diameter 30 mm with 60 degree vane angles, thus yielding a geometric
swirl number of 1.28. Air to the combustor is fed through a settling chamber
of diameter 280 mm with a sudden contraction leading to a square cross section
of side 60 mm. This provides an area ratio of around 17, which thus acts as
an acoustically open condition at the contraction. A mesh and honeycomb is
mounted in immediate downstream of the contraction to provide uniform flow to
the swirler. The schematic diagram Figure 7.1 shows the combustor that consists
of the flowing major components: (i) An inlet section of length 200 mm; (ii) An
inlet optical access module (IOAM) of length 100 mm to provide optical access
to the fuel tube; (iii) A primary combustion chamber of length 370 mm, and a
secondary duct of the same length; and (iv) Extension ducts of the same cross
section to provide length flexibility.

Figure 7.1: Schematic of the experimental setup. 1 - settling chamber, 2 - inlet
duct, 3 - IOAM, 4 - test section, 5 - big extension duct, 6 - small extension ducts,
7 - pressure transducers, Xs - swirler location measured downstream from settling
chamber exit, Xp - transducer port location measured downstream from settling
chamber exit, Xi - fuel injection location measured upstream from swirler exit
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The overall length of the constant area ducts has been chosen to be 1340 mm.
The fuel injection is done by injecting it coaxially with the air in a fuel injection
tube with slots on the surface as shown in Figure 7.2. The fuel injection tube
is coaxial to the mixing tube that has the same diameter as that of the swirler.
The bypass air that does not enter the mixing tube passes through slots on the
swirl plate. The slots on the fuel injection tube are drilled at designated distances
upstream of the swirler; these are called upstream distances Xi corresponding to
the designated location i of fuel injection. The larger is this distance, more fuel
mixes with the primary air in the mixing tube thus leading to increased premixing.
Two upstream distances of X1 and X2 have been chosen for the experimental work
reported in this chapter, where X1 = 90 mm causes partial premixing of the fuel
with air and is referred to as the partially premixed case, and X2 = 120 mm provides
full premixing of the fuel with the air and is referred to as the well premixed case.

Figure 7.2: The swirler assembly and fuel injection-mixing arrangement
In the experiments, 99.5% pure methane gas (CH4 ) has been used as the fuel.
Both air and fuel flow rates are controlled by (Alicat Scientific make) mass flow
controllers in the range of 0 − 4000 liters per minute (LPM) for air and 0 − 100
LPM for fuel.

Two broad protocols were followed in conducting the experiments.
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Table 7.1: Locations of pressure transducers for the first protocol
Transducer number
Distance from inlet end (mm)
Normalized distance

1
200
0.149

2
345
0.257

3
1040
0.776

4
1290
0.962

Table 7.2: Locations of pressure transducers for the second protocol
Transducer number
Distance from inlet end (mm)
Normalized distance

1
345
0.257

2
1040
0.776

3
1290
0.962

• Constant fuel flow rate, while varying the inlet air Re: The fuel flow rate was

kept constant at 0.55 g/s for both the injection locations (e.g., Xi = 90and120
mm) for the constant fuel flow rate protocol, while the air flow rate was increased from Re 5300, which corresponded to a starting global equivalence
ratio of 1.59 and varied in steps of 50 LPM till the onset of instability and
subsequently 100 LPM after the onset till the flame blew out/off. A set of
four wall-mounted (PCB make) piezo-electric pressure transducers were used,
where the two most upstream transducers have sensitivity of 72 mV/kPa and
the remaining two have sensitivity of 225 mV/kPa. The locations as well as
normalized downstream distances from the inlet of these transducers are
listed in Table 7.1. Spatially localized CH chemiluminescence was measured
by a wall-mounted photo-diode, equipped with a filter having 50 nm bandwidth and peak transmission at 430 nm, which is co-linear with the second
transducer installed at the inlet.

• Constant inlet Re while decreasing the fuel flow rate In the second protocol,
three Re’s were chosen as 8857, 10630 and 12400, while decreasing the fuel
flow rate in very fine steps starting with an equivalence ratio of 0.955, till
the flame blew out/off. Results are shown for Re = 8857. For this protocol,
three piezo-electric pressure transducers (see table 7.2) were used along the
flow, which have a sensitivity of 225 mV/kPa.
Each of the data sets was recorded for a time period of three seconds with all
sensors synchronized at a sampling rate of 10 kHz via LabView signal express as
the data acquisition system.

127

7.2

Symbolic Time Series Analysis (STSA) for
Instability Prediction

The chaotic behavior of the time series of pressure and chemiluminescence at stable
states of the combustion process includes transitions to high-amplitude ordered
oscillations [96, 97] at unstable states via routes of intermittency filled with random
bursts of high-amplitude fluctuations [100]. These phenomena are manifested by
sharp changes in the time-series complexity [99]; furthermore, the temporal signals
from multiple sensors, situated along the flow path, become aligned in phase at the
instants of acoustic ”lock-on” [98], which is a generic feature of thermo-acoustic
instability. This chapter proposes a computationally efficient tool, built upon the
concept of symbolic time series analysis (STSA) [18, 125], which is capable of
capturing small changes in both complexity and inter-sensor co-dependence for
early detection of the onset of instability phenomena.
Tools of Symbolic time series analysis (STSA) [18] are built upon the concept
of symbolic dynamics [126], which deals with discretization of dynamical systems
in both space and time. The notion of STSA has led to the development of a
(nonlinear) data-driven feature extraction tool for dynamical systems. In this
method, a time series of sensor signals is represented as a symbol sequence that, in
turn, leads to the construction of probabilistic finite state automata (PFSA) [34,
35].
The complexity of a D-Markov machine is reflected by the entropy rate which
also represents its overall capability of prediction. The entropy rate of a D-Markov
machine is defined in Definition 3.2.1. The D-Markov entropy rate is minimized
while constructing generalized D-Markov machine from time series via state splitting and merging (see Chapter 3). The resulting D-Markov machine represents the
time series in low dimension and the minimum D-Markov entropy rate gives an
estimate of the data complexity. Similar to D-Markov entropy rate, ×D-Markov

entropy rate is formally defined in Definition 4.1.2. The ×D-Markov entropy rate

represents the overall predictability of a symbol sequence when a PFSA from another symbol sequence is observed. It is a measure of the dynamical complexity
of the temporal codependence from one symbol sequence generated by a sensor to
another symbol sequence from a different modality sensor. This measure is also
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minimized in constructing the optimal ×D-Markov machine via state splitting

(see Chapter 4). These entropy rates, obtained from single sensor (e.g., pressure

transducer) and among multi-modal sensors (e.g., pressure transducers and chemiluminescence sensors) via STSA, are utilized in this chapter for early detection of
the onset of instability. As an example related to combustion physics, a slight shift
from stable combustion toward thermo-acoustic instability can be captured by an
abrupt increase in the computed value of ×D-Markov entropy rate.

7.3

Results and Discussions

This section presents the results of analysis of pressure and chemiluminescence
sensor data, generated from the experimental apparatus (see Section 7.1). This
section also evaluates the performance of the proposed method for prediction of
combustion instability by comparison with state-of-the-art techniques.

7.3.1

Preliminary Analysis of Acquired Data

The swirl combustor’s stability behavior is first analyzed by fast Fourier transform
(FFT) to estimate the spectral contents of the signals generated in the operational
regime. The results are shown in Figure 7.3, where the individual plots correspond to the transducer recordings of the highest amplitudes and spectral values
at different values of the Reynolds number (Re).
It is seen in Figure 7.3 that the combustor system exhibits a sharp increase in
acoustic pressure levels as Re is varied and thus poses a challenge to predict. It
is also evident that, independent of the upstream distance of fuel injection (see
Section 7.1), the rise in the spectral amplitude is slightly preceded by a break
in the dominant frequency, similar to the observations made by Chakravarthy et
al. [98]. The nature of the combustion instability during these transitions also
shows that the dominant frequency closely scales with Re. It is seen for both
partially premixed (X1 = 90) and well premixed (X2 = 120) cases that, during a
transition to instability (e.g., in the vicinity of Re = 9000 for partially premixing),
there exists a linearly increasing dominant frequency. This frequency signifies an
excited hydrodynamic coherent structure that drives the transition to combustion
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Figure 7.3: Unsteady pressure characteristics at constant fuel flow rate (FFR) of
0.55 mg/s for (a), (c) partially premixed and (b), (d) well premixed fuel
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Figure 7.4: Unsteady pressure characteristics at constant Reynlds number (Re) of
8857 for (a), (c) partially premixed and (b), (d) well premixed fuel
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instability, followed by an almost constant-frequency trend that implies frequencylocking of all drivers of combustion instability.
Figure 7.4 exhibits the combustor behavior at a constant value of Re by varying
the global equivalence ratio Φ. For Re=8857, the combustor behavior for both
partially premixed and well premixed cases is similar to that for constant fuel flow
rate (FFR) in the sense that the combustor abruptly becomes unstable at a lower
Φ along with a discontinuity in the profile of dominant frequency. For the cases
investigated in this chapter, a break in the dominant frequency can be treated as a
defining feature to indicate the onset of combustion instability. This phenomenon
can be explained in terms of the phase difference between the unsteady heat release
rate and the pressure wave approaching each other and thus possibly rendering a
frequency mode unstable. The combustor is found to be stable at the either ends
of the operational regime, with the flame extinction occurring at very low pressure
amplitudes. This is in contrast to the partially premixed flame for a constant FFR,
where the pressure amplitudes are high and thus acoustics could play a major role
in the flame extinction.

7.3.2

Variation of State Complexity

Proper orthogonal decomposition (POD) [31] of flame chemiluminescence images
has been used for identification of dominant mode shapes of the pressure waves and
Euclidean norms of the intensity contents, which are represented as the singular
values of the decomposition. [It is noted that the POD mode intensity content is
a measure of the contribution of different modes to the superposed image.] The
chemiluminescence images are taken for both stable and unstable combustion for
the protocols mentioned in the previous section. Although an ensemble of results
have been generated for many other scenarios and protocols, Figure 7.5 selectively
elucidates the results for the well premixed case at the fuel flow rate of 0.495 g/s.
The second and third POD modes of the unstable combustion, which have an
approximately similar similar, arise due to acoustic interactions with the flame in
the duct (see Section 7.1). This natural mode is estimated by Fourier transform of
the temporal mode with a phase shift of an integer multiple of π/2 in both space
and time. It is observed that the drop in the mode squared intensity is very high
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(a)

(b)

Figure 7.5: Singular value vs. Mode number for the well premixed case (X2 = 120
mm at (a) Re = 15943 and (b) Re = 7971
past the third mode, and most of the fluctuating squared intensity is contained in
the acoustics interactions with the flame. The spatial mode corresponding to the
second mode is shown in Figure 7.6.

Figure 7.6: Second spatial POD mode for Xi = 120mm and Re = 15943
The flame oscillations are longitudinal as implied by the alternating red and
blue patches whose magnitudes are same but they are opposite in sign. The spatial
mode is also axisymmetric, which implies that overall flame displacement, not the
flame area fluctuation, is the source for acoustic excitation. For a stable condition,
the squared intensity contents across the modes apparently have no significant
contributions from all the modes other than the first mode (i.e., the mean); in
other words, this can be interpreted as uniform or ”no-preference” across modes
as illustrated in Figure 7.5. The mode preference/non-preference of the physical
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flame modes (that are identified by POD analysis) are related to the abstract
states of STSA as well as the state complexity. Figure 7.7 shows that for different
experiment protocols, the cardinality of the state space drops drastically at the
onset of instability and again rises when the system becomes relatively stable or
reaches lean blow out. Figure 7.5(b) where it is seen that there is very little
squared intensity contribution from any mode other than the mean flame mode.
The first mode has been found to be the mean flame mode due to dominant
Fourier coefficient at zero frequency. Also the justification in using MEP is seen
in the equi-distribution of squared intensity across all the modes other than the
mean flame mode. Also, the presence of a large number of states seen in stable
combustion can be ascribed to a large number of modes having the same squared
intensity values. This makes omission of states difficult and unreasonable, and
thus warrants usage of large number of states, which individually contribute very
negligibly to the overall flame mode.
Since the second and third modes dominate the signal characteristics for unstable combustion, the total number of significant states is just two (after eliminating
the mean flame mode), which is far less than the number of states used to describe
stable combustion. The state complexity derived through STSA corroborates the
same.

7.3.3

Instability Prediction by D-Markov and ×D-Markov
Entropy Rates

At each condition for different protocols, sets of time series data from pressure and
chemiluminescence sensors have been collected over intervals of 3 seconds at 10kHz
sampling frequency. To reduce the occurrence of self loops in the state transition
matrix and to increase the efficacy of texture identification via D-Markov and ×D-

Markov machine construction, each time series is downsampled by a factor of 10
(i.e.,effective sampling interval of 1ms) based on the first occurrence of minimal
mutual information of individual time series [186], which is similar to finding the
embedding delay in nonlinear time-series analysis [187].
An alphabet size of kΣk = 3 is selected for symbolization of time series for

all sensors at each condition. After the time series is symbolized by maximum
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Figure 7.7: Variation of state space cardinality |Q| of dominant pressure time series
with increasing Re (D-Markov construction with alphabet size Σ = 5 and splitting
threshold for maximal number of states Nmax = 25) at constant fuel flow rate
(FFR) of 0.55 mg/s for (a) partially premixed (Xi = 90mm) and (b) well premixed
fuel (Xi = 120mm) conditions; Similar variation with decreasing equivalence ratio
Φ at constant Re of 8857 for (c) partially premixed (Xi = 90mm) and (d) well
premixed fuel (Xi = 120mm) conditions
entropy partitioning (MEP), D-Markov machines are constructed from the respective dominant pressure time series and ×D-Markov machines are constructed to

capture the variations of co-dependence between pairs of sensor time series data.
For state splitting, the parameter ηspl = 0.01 is chosen as the stopping criterion
and the state space is constructed on 25% of the time series. Both D-markov and
×D-Markov entropies are computed by making use of the rest (i.e., the remaining

75% of the time series data.

The first row of Figure 7.8 ((a) partially premixed and (b) well premixed fuel
conditions) shows variations in the rms value of pressure of the most dominant
pressure sensor (P3 ) with increasing Re at constant FFR=0.55mg/s. The second
row of the Figure 7.8 shows the profiles of D-Markov and ×D-Markov entropy

rates with increasing Re in the similar order as the first row. It is observed that

the ×D-Markov entropy rate directed from the chemiluminescence sensor (CH*)
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Figure 7.8: For a constant fuel flow rate (FFR) of 0.55mg/s and with increasing
Re, changes in the rms value (volt) of the most dominant pressure sensor (P3 )
at (a) partially premixed and (b) well premixed fuel conditions. Variations of DMarkov entropy rates of time series from P3 , ×D-Markov entropy rates obtained
from the ×D-Markov machine directed from P2 (upstream of P3 ) to P3 , and from
the chemiluminescence sensor (CH ∗ upstream of P3 ) to P3 at (c) partially premixed
and (d) well premixed fuel conditions
to P3 drops with a slope that is significantly larger than the increasing slope of
Prms . This particular characteristic of ×D-Markov entropy rate captures both

phase synchronization among sensors (along the abscissa Re) due to acoustic “lockon” and loss of chaos in the combustion process at the onset of instability. The
×D-Markov entropy rate from P2 to P3 and D-Markov entropy rate of P3 behave

similarly as they are situated close to each other at the combustor. Entropy rates
attain small values in the instability regime as the dynamical complexity of the
data is low for large amplitude periodic oscillations. Apparently, the entropy rates
start to increase again before the occurrence of flame blowout; it is observed that
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Figure 7.9: For a constant Reynolds number Re of 8857 (and unchanged air flow
rate) and with decreasing equivalence ratio Φ, changes in the rms value (volt) of
pressure of the dominant pressure sensor (P1 ) at (a) partially premixed and (b)
well premixed fuel conditions. Variations of D-Markov entropy rates of time series
from P1 , ×D-Markov entropy rates from the ×D-Markov machine directed from
P1 to P2 (downstream of P1 ) and from P1 to P3 at (c) partially premixed and (d)
well premixed fuel conditions.
the blowout occurs at lower entropy rates in the partially premixed condition than
that in the well premixed condition. By using a suitable threshold on entropy
rates (e.g., ×D-Markov entropy rate directed from CH* to P3 ), instability can be
predicted earlier than Prms prediction with a smaller probability of false alarms.

Figure 7.9 presents the characteristics of Prms and D-Markov and ×D-Markov

entropy rates in a similar way as in Figure 7.8, but with the exception that the
equivalence ratio Φ is reduced at a constant Re of 8857 and the air flow rate
remains unchanged. It is observed that both entropy rates decrease at a faster
rate at the onset of instability for well premixed condition than that for partially
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Figure 7.10: For constant fuel flow rate (FFR) of 0.55mg/s and with increasing Re,
variation of xD-Markov entropy rates obtained from the xD-Markov machine directed from the chemiluminescence sensor (CH ∗ , upstream to P3 ) to P3 at partially
premixed condition for different data lengths
premixed condition. Both entropy rates perform better as a predictor of instability,
especially, for well premixed condition, as the number of precursor events (i.e.,
intermittence phenomenon) is higher. For both premixing conditions, combustion
blowout occurs at a high entropy rate which implies that the system has regained
the original chaotic behavior from the significantly more ordered oscillations during
instability.
Robustness of the ×D-Markov entropy rates as an instability measure has been

examined with respect to the data length of time series. Figure 7.10 shows that
the ×D-Markov entropy rate from the chemiluminescence sensor to P3 varies as
a function of Re within a tight bound for data over time periods ranging from

0.5 sec to 3 sec. A possible reason for comparatively larger variations in ×D-

Markov entropy rates (for different data lengths at Re = 8857) is the presence of
intermittent bursts of high amplitude oscillation causing the onset of instability.
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Figure 7.11: Time complexity of different methods for early prediction of combustion instability: (a) data collected over time periods varying from 0.3 sec to 3 sec;
and (b) zoomed-in version where the data is from 0.3 sec to 1 sec

7.4

Comparison with other state-of-the-art techniques

Multiple competing methods have been recently proposed in the domain of datadriven instability prediction. For example, Gotoda et al. [86] have observed variations of minimum permutation entropy [188] as a function of equivalence ratio Φ
to detect the degree of complexity of the pressure time series at the onset of combustion instability. Nair and Sujith [96] have proposed decay of generalized Hurst
exponent to show the loss of multifractal nature of the combustion pressure time
series at the onset of instability, where a threshold of 0.1 has been used for early
prediction of instability. Nair et al. [100] have proposed another instability prediction technique based on recurrence quantization analysis (RQA) that identifies
the route of intermittency punctuated with random bursts of high amplitude oscillations. All these methods have been validated on limited scenarios of premixing
conditions.

7.4.1

Computational complexity

The processing time of the aforementioned techniques is compared with that of
the proposed ×D-Markov entropy rate as a function of the time-series length. The
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comparison is carried out in the MATLAB2014 environment on a computation
platform of Dell Precision T3400 PC with Intel(R) Core(TM) 2 Quad CPU Q9550
@ 2.83 GHz 2.83 GHz. The recurrence rate (RR) is calculated as an instability
measure [100] from the pressure time series data, which is embedded nonlinearly
within a 10-dimensional space with a delay of 1ms via Taken’s theorem [187, 186],
before constructing the recurrence plot. It is observed that the time complexity
of this method increases approximately quadratically (i.e., O(n2 ) with the data
length of n) with increasing data length.
Figure 7.11(a) presents the processing time for calculating minimum permutation entropy [86] from pressure data, which varies linearly with increasing data
length. The minimum permutation entropy is obtained by (multiple times with
varying order) usage of a fast window-based algorithm [189] on pressure data that
are downsampled to 5kHz with an embedding delay of 1ms similar to [86]. The
time complexity for computation of both Hurst exponent [96] and ×D-Markov

entropy rate (see Subsection 7.3.3) vary linearly with data length and have very

small slopes. It takes around ∼ 0.1s to calculate ×D-Markov entropy rate from

a 3-sec (i.e., 30, 000 long) time series, which is slightly larger than that of Hurst

exponent; such a small computational time makes the method potentially suitable
for real-time combustion control. Figure 7.11(b) shows a zoomed-in portion of
Figure 7.11(a) to highlight the fact that, for short data over ∼ 0.3 sec, the pro-

cessing time of different methods appears to be comparable; however, they tend to

diverge as the data length is increased by a small amount. The processing time for
×D-Markov entropy rate can be reduced substantially from the presented value if

these models can be generated offline at different operating conditions.

7.4.2

Performance comparison

As seen in Figure 7.11, the time complexities of Hurst exponent and ×D-Markov

entropy rate are comparable. Figure 7.12 presents variations of Hurst exponent

and ×D-Markov entropy rate as a function of Re at partially premixed condition

(X1 = 90mm) for constant fuel flow rate of 0.55mg/s. It is observed that ×D-

Markov entropy rate demonstrates a monotonic nature starting at unity as Re is
varied from stability to instability unlike the Hurst exponent which is fluctuating
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Figure 7.12: For constant fuel flow rate (FFR) of 0.55mg/s and with increasing
Re, (a) variation of Hurst exponent for the dominant pressure sensor P3 and (b)
variation of ×D-Markov entropy rates obtained from the chemiluminescence sensor
(CH ∗ , upstream to P3 ) to P3 at partially premixed condition; the threshold is set
at 0.9 for early detection of onset of instability.
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Figure 7.13: For constant Re of 8857 (unchanged air flow rate) and with decreasing
equivalence ratio Φ, (a) variation of Hurst exponent for the dominant pressure
sensor P1 and (b) variation of ×D-Markov entropy rates from P1 to P3 (downstream
of P1 ) at partially premixed condition; the threshold is set at 0.9 for early detection
of onset of instability.
before the onset of instability. If a threshold of 0.9 is applied on ×D-Markov

entropy rate, it detects the onset of instability as early as Hurst exponent does
with a threshold of 0.1 [96]. Figure 7.13 presents the variation of Hurst exponent
and ×D-Markov entropy rate as a function of Φ at partially premixed condition

(X1 = 90mm) for constant Re of 8857. It is apparent from the characteristics

of the Hurst exponent that the threshold should be changed from 0.1 to some
value around 0.05 to reduce the probability of false alarms. But, for ×D-Markov

entropy rate from P1 to P3 (farthest downstream of P1 ), the threshold of 0.9 at
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Figure 7.14: For constant fuel flow rate (FFR) of 0.55mg/s and with increasing Re,
variation of (a) the recurrence rate (RR) of pressure time traces (P3 ) at 2.5 kHz for
3 s, which measures the density of points in the recurrence plot; (b) the entropy (s)
of the diagonal length distribution; (c) the minimum permutation entropy of P3 ;
(d) ×D-Markov entropy rates obtained from the chemiluminescence sensor (CH ∗ ,
upstream to P3 ) to P3 at partially premixed condition (threshold is set at 0.9 for
early detection of onset of instability) for different sensor noise levels (SNR = 30,
40 and 50 dB w.r.t. 0 dBW signal).
constant FFR can be applied for early detection of onset of instability. With
this same threshold for different premixing levels, ×D-Markov entropy rate can

detect an early onset of instability with similar slopes with respect to changes in
parameters (e.g., Re and Φ) as recurrence rate (RR) from the RQA approach [100]
and with superior performance than that from the minimum permutation entropy
method [86].
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7.4.3

Robustness to sensor noise

This section compares the robustness of different statistical measures for instability
prediction to different level of sensor noise along with the proposed measure based
on ×D-Markov entropy rate. It is observed from the figure 7.14(a,b) that the
recurrence rate (RR) and entropy (s) of the diagonal length distribution, obtained

via RQA approach [100], drop close to zero well within Re = 8000 giving false
alarms of instability for signal-to-noise ratio (SNR) of 30 dB, when the system is
actually far from instability. This happens due to the sensitivity of the measure
to the threshold for RQA at different noise levels. Figure 7.14(c) shows that the
variance of minimum permutation entropy [86] at the onset (Re = 8000 to 10000) of
instability is large, making it difficult to put a uniform threshold on this particular
measure for early detection. Figure 7.14(d) presents the proposed measure based
on ×D-Markov entropy rate and it shows negligible variance across multiple SNRs.

The onset of instability can be predicted with a threshold of 0.9 uniformly for all
noise levels shown here. The rationale for high robustness of the proposed measure
can be attributed to the inherent stability of STSA approach to varying noise [172].

7.5

Summary, Conclusions and Future Work

This chapter utilizes a fast nonlinear tool for early detection of the onset of thermoacoustic instability in combustion systems. The underlying algorithm is built
upon the concepts of symbolic time series analysis (STSA) [18] with generalized
D-Markov machines. An information-theoretic measure of combustion instability, which models the spatio-temporal co-dependence among heterogeneous (e.g.,
pressure and chemiluminescence) sensors, is constructed to capture the precursors before visible appearance of instability. A series of experiments with different
protocols (e.g., varying Reynolds number (Re) at constant fuel flow rate (FFR),
varying equivalence ratio Φ at constant air flow rate (AFR)) has been conducted
on a swirl-stabilized combustor at different premixing conditions for testing and
validation of the proposed method of instability prediction (see Section 7.1). Realtime modeling of D-Markov and ×D-Markov machines is performed on a part of

the acquired data to evaluate the corresponding entropy rates of the complete time
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series.
It is observed that the state complexity of the D-Markov machines starts dropping drastically as the instability creeps in. It is also observed that the variations in the ×D-Markov entropy rates between farthest sensors is monotonic in

nature before the onset of instability for all protocols of the experiment. The proposed measure of instability is found to be robust relative to shorter data lengths,
which would be useful for real-time combustion control. The proposed method
has been compared with other state-of-the-art techniques (e.g., minimum permutation entropy‘[188], RQA-based measures [84] and Hurst exponent [96]) for time
complexity and performance in terms of early detection of instability precursors.
The results of comparison show that the ×D-Markov entropy rate-based method

is among the fastest in the lot as it can detect the onset of instability early enough
with a generic threshold across all protocols. The proposed measure also exhibited
robustness to varying level of sensor noise.
While there are many other areas yet to be addressed in this context, a few
topics of future research are delineated below.
• Extension of the proposed approach to other types of combustors operating
under different kinds of protocols.

• More rigorous analysis of intermittence based route to instability via shorttime STSA [190].

• Design of experiments with varying Re or Φ to induce thermo-acoustic in-

stability for a more detailed understanding of the transient dynamics at the
onset of instability.

• Development of a systematic approach for analysis of data-driven instability precursors from high-speed images and particle image velocimetry (PIV)
data.

Chapter

8

Early Detection of Combustion
Instability from Hi-speed Flame
Images via Deep Learning and
Symbolic Time Series Analysis
Combustion instability is a very undesirable phenomenon characterized by highamplitude flame oscillations at discrete frequencies. These frequencies typically
represent the natural duct/resonator acoustic modes. Combustion instability, in
its most basic form arises when there is a positive coupling between the heat
release rate oscillations and the pressure oscillations, provided this driving force is
higher than the damping present in the system. The mechanisms of pressure-heat
release rate coupling are system dependent and thus, the problem of combustion
instability becomes very system specific.
The underlying principle of heat release rate oscillations, that drives the pressure oscillations-which result in velocity oscillations and in turn modulate heat
release rate oscillations-all in a turbulent background in case of actual gas turbine
combustors pose significant complexities in determining the mechanisms of combustion instability. Crocco [89] modeled unsteady heat release rate as a function of
unsteady velocity to determine stability of a ducted zero-mean flow flame. Subsequently, a whole class of reduced order modeling-Flame Transfer/Describing func-
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tions were theoretically and experimentally [93, 95, 94] formulated to understand
the stability of the system by means of solving the dispersion relation. In addition,
flame oscillation saturation mechanisms were also experimentally diagnosed which
in addition to experiments based on turbulent non reacting and reacting flows led
to the universal feature of combustion instability- heat release rate oscillations
driven by coherent structures.
Coherent structures are fluid mechanical structures associated with coherent
phase of vorticity, high levels of vorticity among other definitions [101]. These
structures, whose generation mechanisms vary system wise, cause large scale velocity oscillations and overall flame shape oscillations by curling and stretching.
These structures can be caused to shed/generated at the duct acoustic modes
when the forcing (pressure) amplitudes are high. The interesting case of the natural shedding frequency of these structures, causing acoustic oscillations, has been
observed by Chakravarthy et al. [102].
Recently, a swirl combustor has been characterized and a wide range of experiments relating swirl flows and coherent structures associated with swirl flows has
been reported [103, 104]. The presence of Precessing vortex core as the dominant
coherent structure has been reported and non linear interactions between heat release rate oscillations and PVC as the cause of superposed frequencies in time series
data has also been reported [191]. Much of the literature is dedicated to detection and correlation of these coherent structures to heat release rate and unsteady
pressure. The popular methods resorted for detection of coherent structures are
proper orthogonal decomposition (POD) [105] and dynamic mode decomposition
(DMD) [106], which use tools from spectral theory to derive spatial coherent structure modes. DMD has been used to estimate the growth rates and frequencies from
experimental data and thus offered to perform stability analysis on experimental
data.
This chapter proposes a data-driven hierarchical framework for early detection
of thermo-acoustic instability from hi-speed greyscale images. In the lower layer,
large volume of hi-speed sequential images are used to train a deep neural network
model that extracts hierarchical features from the training data [192] through the
use of multiple layers of latent variables. An unsupervised pre-training approach
with deep-belief networks (DBN) [193] is used in particular to automatically learn
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the coherent structures while reducing the dimension of the images for temporal
modeling at the top layer [194]. Symbolic time series analysis (STSA) [19], a
fast probabilistic graphical model is placed at the top layer to extract temporal
feature from the output of deep learning model. The concept of STSA, that is
discussed in the earlier chapters, has been used for anomaly detection in physical
systems as reported in [19, 127, 172]. Recently, STSA is applied on pressure and
chemiluminescence time series for early detection of Lean-blow out [2, 195] (see
Chapter 3) and thermo-acoustic instability [183] (see Chapter 7).
From the above perspectives major contributions of the chapter are delineated
below.
• A novel data-driven framework, with DBN at lower layer and STSA at upper

layer, is proposed for early detection of thermo-acoustic instability from hispeed images.

• In the above framework, the DBN layers extract meaningful shape-features
to represent the coherent structures in the flame images. This phenomenon

enables STSA at the temporal modeling layer to enhance the class separability between stable and unstable modes of combustion, which implies higher
precision for early detection of the onset of combustion instability.
• The proposed theory and the associated algorithms have been experimentally

validated at multiple operating conditions in a swirl-stabilized combustor by
characterizing the stable and unstable states of combustion.

• Training and testing of the proposed framework have been performed on dif-

ferent operating conditions (e.g., Reynolds number (Re), fuel flow rate, and
air-fuel premixing level) of the combustion process to test the transferability of the approach. Performance of the proposed framework (DBN+STSA)
have been evaluated by comparison with that of a framework, where DBN is
replaced by another extensively used dimensionality reduction tool, principal
component analysis (PCA) [31].

The chapter is organized in five sections, including the present one. Section 8.1
describes a laboratory-scale swirl-stabilized combustor, which serves as a test apparatus for experimental validation of the proposed architecture for early detection
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(a)

(b)

Figure 8.1: (a)Schematic of the experimental setup. 1 - settling chamber, 2 - inlet
duct, 3 - IOAM, 4 - test section, 5 - big extension duct, 6 - small extension ducts,
7 - pressure transducers, Xs - swirler location measured downstream from settling
chamber exit, Xp - transducer port location measured downstream from settling
chamber exit, Xi - fuel injection location measured upstream from swirler exit, (b)
Swirler assembly used in the combustor
of thermo-acoustic instability. Section 8.2 describes the proposed framework along
with its building blocks via explaining the concepts of DBN and STSA. Section 8.3
presents the capability and advantages of the proposed approach along with the
feature visualization at intermediate layers of DBN. Finally, the chapter is summarized and concluded in Section 8.4 with selected recommendations for future
research.

8.1

Experimental Setup

The swirl combustor test bed used in this study has a swirler of diameter 30 mm
with 60 degree vane angles, thus yielding a geometric swirl number of 1.28. Air
to the combustor is fed through a settling chamber of diameter 280 mm with a
sudden contraction leading to a square cross section of side 60 mm. This provides
an area ratio of around 17, which thus acts as an acoustically open condition at
the contraction. A mesh and honeycomb are mounted in immediate downstream
of the contraction to provide uniform flow to the swirler. The combustor, shown in
figure 8.1(a) consists of an inlet section of length 200 mm, an inlet optical access
module(IOAM) of length 100 mm to provide optical access to the fuel tube, a
primary combustion chamber of length 370 mm, and secondary duct of the same
length. Extension ducts of the same cross section are added to provide length
flexibility. The overall length of the constant area ducts was chosen to be 1340
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mm.
The fuel injection is done by injecting it coaxially with the air in a fuel injection
tube with slots on the surface as shown in Figure 6.9(b). The fuel injection tube
is coaxial to a mixing tube which has the same diameter as that of the swirler.
The bypass air that does not enter the mixing tube passes through slots on the
swirl plate. The slots on the fuel injection tube are drilled at designated distance
upstream of the swirler. The larger this distance, more fuel mixes with the primary
air in the mixing tube thus leading to more premixedness. Two upstream distances
of X1 = 90mm and X2 = 120mm were chosen for this work. The upstream distance
of 120 mm provides for full premixing of the fuel with the air thus henceforth, it
will be referred to as the premixed case. The 90 mm upstream injection case causes
partial premixing of the fuel with air and thus will be referred to as the partially
premixed case. The images were acquired at 3 kHz using Photron High speed star
with a spatial resolution of 1024 × 1024 pixels. The data acquisition was triggered
simultaneously using NI card and taken for a duration of 3s yielding in a sequence
of 9,000 images for every operating condition.
Table 8.1: Description of operating conditions along with respective ground truth
(stable or unstable) for hi-speed image data collection. 3s of greyscale image
sequence at 3kHz is collected for each condition
Premixing

Partial
(X1 = 90mm)

FFR (g/s)
0.495

Ground truth

7,971

Stable

15,942

Unstable

0.308
0.66

Full

Re

0.495

Unstable
10, 628
7,971

Stable

15,942

Unstable

0.308
(X2 = 120mm)

0.66
0.083

Stable

Unstable
10, 628
1,771

Stable
Relatively stable
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t=0

t = 0.001 s

t = 0.002 s

t = 0.003 s

t = 0.004 s

t=0

t = 0.001 s

t = 0.002 s

t = 0.003 s

t = 0.004 s

Figure 8.2: Top: greyscale images at Re = 7, 971 and full premixing for a fuel flow
rate of 0.495 g/s, bottom: greyscale images at Re = 15, 942 and full premixing for
a fuel flow rate of 0.495 g/s
Two inlet Reynolds numbers (Re), based on the swirler diameter were chosen,
the lower Re having stable combustion behavior and higher Re having exhibiting
unstable behavior. The Re’s were chosen to be 7,971 and the higher Re being
15,942 for a fuel flow rate (FFR) of 0.495 g/s. Another protocol followed was
keeping the inlet Re constant at 10,628 and having two different fuel flow rates.
The higher FFRs exhibited stable combustion, whereas the leaner configuration
was unstable. The two FFRs were chosen to be 0.66 g/s and 0.308 g/s. These
corresponded to equivalence ratios of 0.955 and 0.445 respectively. Besides these
conditions, 3 seconds of images are also collected for Re = 1, 771 and F F R = 0.083
at relatively stable state of combustion. The details of the operating conditions
along with their ground truth (e.g., stable or unstable) are presented in table 8.1.
Figure 8.2 presents sequences of images of dimension 392 × 1000 pixels for

both stable (Re = 7, 971, F F R = 0.495g/s and full premixing) and unstable

(Re = 15, 942, F F R = 0.495g/s and full premixing) states. The flame inlet is on
the right side of each image and the flame flows downstream to the left. It can be
observed that the flame does not have any prominent coherent structure when the
combustion is stable. While the combustion is unstable, vortex shedding along the
flow is observed. Bottom segment of the figure 8.2 shows formation of mushroomshaped vortex at t = 0, 0.001s and the shedding of that towards downstream from
t = 0.002s to t = 0.004s.

8.2

Decision Framework and Tools

This section describes the proposed architecture for early detection of thermoacoustic instability in a combustor via analyzing a sequence of hi-speed images.
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Figure 8.3 presents the schematics of the framework where a deep belief network
(DBN) is stacked with symbolic time series analysis (STSA). In the training phase,
images (or a segment of the images) from both stable and unstable states for various
operating conditions are used as the visible layer V of a DBN. Multiple hidden
layers (i.e., h1 to hn ) with reducing dimensions [192] are stacked after the visible
layer.The weights (i.e., W1 to Wn ), connecting adjacent layers, are learned first via
greedy layer-wise pretraining [196] and then they are fine-tuned in a supervised
manner. In this chapter, unsupervised pre-training step is emphasized more for
capturing the coherent structures in flame images at unstable state. The vector of
activation probabilities of the hidden units at the topmost hidden layer is used as
input to the STSA module.
While testing, sequence of images are passed through the learned DBN and a
time series of l2 norm (equivalent to signal energy) of the activation probability
vectors is obtained. In STSA module, the time-series is symbolized via partitioning the signal space and a symbol sequence is created as shown in the figure 8.3.
A probabilistic finite state automata (PFSA) [19] is constructed from the symbol
sequence, which models the transition from one state to another as state transition matrix. State transition matrix is the extracted feature which represents
the sequence of images, essentially capturing the temporal evolution of coherent
structures in the flame. DBN is explained in detail later in this section. STSA is
already introduced in Chapter 3.

8.2.1

Deep Learning techniques

Deep Learning is an emerging branch of machine learning with a strong emphasis
on modeling multiple levels of abstraction (from low-level features to higher-order
representations, i.e., features of features) from data [197, 198]. For example, in a
typical image processing application while low-level features can be partial edges
and corners, high-level features may be combination of edges and corners to form
parts of an image.
Among various deep learning techniques, Deep Belief Networks (DBNs) have
become an attractive option for data dimensionality reduction [192], collaborative
filtering [199], feature learning [200], topic modeling [196], and solving classification
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State transition matrix

Symbol sequence

Figure 8.3: Framework for early detection of combustion instability from hi-speed
flame images via semantic feature extraction using deep belief network (DBN)
followed by symbolic time series analysis (STSA)
problems [201]. Several other deep learning architectures such as Convolutional
Neural Networks, Stacked Denoising Autoencoders, and Deep Recurrent Neural
Networks have also gained immense traction recently as they have been shown to
outperform all other state-of-the-art machine learning tools for handling very large
dimensional data spaces to learn features in order to perform detection, classification and prediction. The basic building block of DBN is the Restricted Boltzmann
Machine (RBM), where multiple RBMs are stacked on top of another to form a
deep network. An RBM is essentially a generative probabilistic graphical model
that is capable of learning a probability distribution over the inputs to best explain
the observed data. Individual RBMs consists of visible units (the inputs) which
are connected to latent variables in the hidden units. Note that connections exist
only between the visible layer and the hidden layer but not among visible units
and hidden units– hence termed Restricted. While a single layer of RBM is already
quite powerful to represent complex distributions, increasing the number of hidden
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layers greatly improves modeling capacity where the output of one hidden layer
becomes the input of another placed over it. More details on RBM is available in
Appendix-B.
Deep Belief Networks can be trained in an unsupervised greedy layer-wise manner. In simpler terms, the first RBM layer is trained with the raw input as the
visible layer. During training, the first layer acquires a representation of the input
by updating its weights and biases between the visible and hidden layers (usually
through computing the mean activations or by sampling) which in turn becomes
the input of the second layer [202]. The objective during layer-wise training is
to find the weight vector W (and biases for both visible and hidden units) that
maximizes the expected log likelihood of the training data V [203]. More formally,
the optimization problem can be represented (ignoring the biases) as:
arg max E
W

"
X

log P (v)

v∈V

#

Typically, the optimization is solved in a gradient descent manner. Keeping the
weights and biases of the first layer constant after it is trained, the transformed
input from the layer is utilized to train the next layer. This process is repeated
for the desired number of layers in the network with each iteration propagating
either the samples or mean activations to higher levels. As training continues, the
product of probabilities assigned to the input is maximized. Once all the layers are
trained, the pre-trained model is finetuned via supervised backpropagation. It is
important to note that layer-wise training helps with initializing weights and biases
in the network prior to the actual supervised training. Taking classification as an
example, a logistic classifier is used to classify the input based on the output of
the final hidden layer of the DBN. A predefined error metric is computed between
the class labels and the resultant output of the DBN (after applying the logistic
classifier) and then the error is backpropagated down the network to further adjust
and optimize the weights and biases.
Visualization of Learned Features:
One of the main claim of a hierarchical semantic feature extraction tool such
as DBN is that it learns meaningful patterns in the data that can signify the underlying characteristics of the process. Therefore, visualizing the learned features
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is crucial to both understand and verify the performance of the feature extractor.
Furthermore, intermediate feature visualization may lead domain experts to scientific discoveries that are not easy to figure out via manual exploration of large
volume of data.
For the lowest RBM layer, simply plotting the weight matrix may be sufficient
to visualize the features learned by the first hidden layer. Since the dimensionality of the input and the weights are in the same order, the vectors of weights for
each input can be reshaped into the dimension equal to the resolution of the input
image. Thus, the visualizations are usually intelligible. Complexity arises for visualizing features learnt at deeper layers because they lie in a different space from the
visible data space. At the same time, the dimension of weight matrix depends on
the number of hidden units between the layer and the layer before. Thus, plotting
the weight matrix will result in an incomprehensible visualization which typically
resembles the appearance of white noise. To obtain filter-like representations of
hidden units in the DBN, a recent technique known as Activation Maximization
(AM) is used [204]. This technique seeks to find inputs that maximize the activation of a specific hidden unit in a particular layer and the technique is treated
as an optimization problem. Let θ denote the parameters of the network (weights
and biases) and hij (θ, x) be the value of the activation function hij (·) (usually the
logistic sigmoid function) of hidden unit i in layer j on input x. Assuming the
network has been trained, θ remains constant. Therefore, the optimization process
aims to find
x∗ = argmax hij (θ, x)
xs.t.||x||=ρ

where x∗ denotes the inputs that maximizes the hidden unit activation. Although
the problem is a non-convex optimization problem, it is still useful to find the local
optimum by performing a simple gradient ascent along the gradient of hij (θ, x)
because in many cases, the solutions after convergence are able to visualize the
patterns of the inputs that are being learned by the hidden units.
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8.3

Results and Discussions

The DBN used for the study is comprised of three hidden layers with 1000, 100,
and 10 hidden units for the first, second, and third hidden layer respectively. The
input image has a dimension of 56 × 98 pixels flattened to a 1 × 5488 row vector.

The input image segments are taken from respective images at the flame entry
(right end of the images) zone after scaling the original images down by 4 times.

8.3.1

DBN feature visualization

For visualization, the training set consists of 54,000 training images containing
6,000 images each from 9 conditions, 9,000 validation images containing 1,000
images each from 9 conditions, and 18,000 test images containing 2,000 images
each from 9 conditions. A learning rate of 0.01 is used for the gradient descent
algorithm for both pre-training and supervised finetuning. Pre-training is performed in batches of 50 samples and each layer undergoes 30 complete iterations
of pre-training before moving onto the next layer. During supervised finetuning,
classification errors on the validation images is compared against the errors from
training set as a measure to prevent overtraining the network and consequently
overfitting the data. The optimized model is obtained prior to the point when the
validation error becomes consistently higher than the training error in subsequent
training iterations.
Figure 8.4 (d) shows the visualization of weights from the first layer with each
tile representing a hidden unit in the layer immediately after pre-training. Values of
weights connecting from all visible units to this single hidden unit are represented
as pixel intensities. Panels (c), (b), and (a) visualize the input that maximizes
the activation of the hidden units in the first, second, and third hidden layers
respectively. As expected, the weights and the inputs that maximizes the activation
of the first hidden layer are similar except that the pixel intensities are inverted. For
higher layers, the network is able to capture the whole mushroom-shaped features
from the input images. However, visualization for the third hidden layer (with
only 10 hidden units) is not as clear due to the activation maximization algorithm
converging to a non-ideal local optimum. A faint mushroom shape is still visible,
however. In general, the pretrained model acquires a good representation of the
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(a)

(b)

(c)

(d)

Figure 8.4: (d) Visualization of weights from the first layer and inputs that maximizes the hidden unit activations for the (c) 1st layer, (b) 2nd layer, and (a) 3rd
layer after pre-training and prior to supervised finetuning.
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input. Prominent features serving as the key to distinguishing between stable and
unstable flames can clearly be seen in the visualized weight matrices.
In Figure 8.5, visualization of weights from the first layer and inputs that
maximizes activations for all hidden layers after supervised finetuning are shown.
An immediate difference can be clearly observed: visualized weights are now less
noisy, whereas the third hidden layer is able to produce a visualization with more
clarity compared to the weights prior to finetuning.
For both cases, the learning rate used in the AM algorithm is 0.01. Results have
also indicated that depending on the initial value of the input vector, the resulting
visualization from solving the optimization problem will be very different in terms
of clarity. Thus, initial values of the input vectors are manually tuned by trial-anderror in order to obtain the best result. However, random initialization of the input
vectors over a uniform distribution yielded undesirable results most of the time,
showing images that are completely noisy without any perceivable features. Even
if the results do converge, there are no significant differences between the solution
from random initialization compared to the solution from tuning the initial values
manually.

8.3.2

Performance of STSA module

In this subsection, DBN is pre-trained with 36,000 training images coming from
4 different operating conditions (see table 8.1) at partial premixing. Half of the
training data is collected during stable combustion and other half during unstable
combustion. Two sequences of images, consisting of one at stable (Re = 7, 971,
F F R = 0.495g/s and full premixing) and another at unstable (Re = 15, 942,
F F R = 0.495g/s and full premixing) combustion states, are reduced dimensionally
via DBN with the parameters learned at pre-training phase. It is to be noted that,
pre-training and testing of DBN are done on data at different levels of premixing
to test the transferability of the proposed architecture.
Time series of l2 norm of 10 dimensional activation probability vectors from
each image are obtained as shown in figure 8.6(c) and (d). For comparison, l2 norm
of 10 largest variance components of those images, based on principal component
analysis (PCA) [31] coefficients learned on same training images, are constructed
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(a)

(b)

(c)

(d)

Figure 8.5: (d) Visualization of weights from 1st layer and inputs that maximizes
the hidden unit activations for the (c) 1st layer, (b) 2nd layer, and (a) 3rd layer
after supervised finetuning.
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Figure 8.6: 0.2s long time series of l2 norms of (i) 10 largest variance components of
PCA performed on images at (a) stable and (b) unstable states and (ii) activation
probabilities of last hidden layer after pre-training a DBN on images at (c) stable
and (d) unstable states
as presented in the top half of the figure 8.6. It is observed that the difference in
textures of the l2 time series between stable and unstable combustion is amplified
in the case of DBN feature learning.
STSA is performed with increasing alphabet size on the l2 time series that
are mentioned above. Time series for stable and unstable combustion are partitioned separately via MEP and respective state transition matrices are calculated.
Euclidean distance between state transition matrices of stable and unstable combustion is a measure of class separability between those. The more the class separability is the more would be the precision of detecting the intermediate states
of the combustion while shifting from stable to unstable state. Therefore, this
framework is better suited for early detection of onset of instability. It is presented
in figure 8.7 that the class separability is much higher when STSA is applied on
pre-trained DBN features than the PCA features. A probable rationale behind
this observation is that, while PCA is averaging the image vector based on just
maximum spatial variance, DBN is learning semantic features based on the coher-
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Figure 8.7: Variation of Euclidean distance between STSA features of image sequences from stable and unstable combustion as a function of alphabet size for
STSA
ent structures seen during unstable combustion. This rationale is also supported
by the DBN feature visualizations that are shown in the subsection 8.3.1.

8.4

Conclusion and Future Work

The chapter proposes a framework that synergistically combines the recently introduced concepts of DBN and STSA for early detection of thermo-acoustic instability in gas turbine engines. Extensive set of experiments have been conducted on a
swirl-stabilized combustor for validation of the proposed method. Sequences of hispeed greyscale images are fed into a multi-layered DBN to model the fluctuating
coherent structures in the flame, which are dominant during unstable combustion.
DBN hidden layers along with bottom layer weight matrix are visualized via activation maximization method and mushroom-shaped vortex are demonstrated by
higher layers after, both, pre-training and finetuning stages. Although visualization after fine tuning is less noisy, it may lead to overfitting due to limitation of
the data volume. Therefore, an ensemble of time series data is constructed from
sequence of images based on the l2 norm of the activation probability vectors of
last hidden layer at the DBN. Then, STSA is applied on the time series that is
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generated from an image sequence and ‘DBN pre-training+STSA’ is found to exhibit more class separability with varying alphabet size than ‘PCA+STSA’. More
class separability between stable and unstable combustion implies more precision
at detecting early onset of thermo-acoustic instability. In summary, while DBN
captures the sematic features (i.e., coherent structures) of the combustion flames,
STSA models the temporal fluctuation of those features at a reduced dimension.
To the best of the authors knowledge, this chapter presents one of the early applications of the recently reported Deep Learning tools in the area of prognostics
and health management (PHM).
One of the primary advantages of the proposed semantic dimensionality reduction (as opposed to abstract dimensionality reduction, e.g., using PCA) would
be seamless involvement of domain experts into the data analytics framework for
expert-guided data exploration activities. Developing novel use-cases in this context will be a key future work. Some other near-term research tasks are:
• Application of deep convolutional network on entire (large) flame images to
model coherent structure at varying scales and orientations.

• Dynamically tracking multiple coherent structures in the flame to characterize the extent of instability.

• Multi-dimensional partitioning for direct usage of the last hidden layers for
the sequence of images to the STSA module without converting it to time
series of l2 norm.

Chapter

9

Summary, Conclusions and Future
Research Directions
This dissertation mainly attempts to make contributions in bettering the perception layer of a DDDAS from both theoretical and experimental perspective. The
author has formalized theories and developed tools regarding time series understanding, hierarchical sensor fusion and multi-scale temporal analysis based on
the concepts of STSA. This dissertation has also discussed detailed validation on
combustion applications and thorough implementation in real-time activity recognition. It is envisioned that the general contributions, made in this dissertation,
will be useful for many other potential application areas in DDDAS paradigm,
such as weather system causality understanding, smart grid and buildings, distributed energy systems, situation awareness in ISR (intelligence, surveillance and
reconnaissance) missions, material damage prediction and future ground and air
transportation systems. Major contributions along with future research directions
are discussed below.

9.1

Contributions of the Dissertation

Specific contributions are delineated at the end of every chapter. Contributions at
a broader context are concluded as follows.
1. Alphabet size selection for STSA: One of the most important steps in
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modeling a PFSA from time series is the selection of the alphabet size along
with partition information. Chapter 2 proposes an information-theoretic approach that maximizes the mutual information between D-Markov features
(e.g., state probability vectors) and pattern classes to obtain a sub-optimal
partition with an alphabet size based on a chosen stopping rule. The Parzen
window method is used to estimate the mutual information such that it can
scale upto a larger alphabet size. This partitioning technique yields satisfactory performance of pattern classification in the test phase both on simulation
and real data (laboratory-scale combustor for lean blow-out (LBO) prediction). The proposed method is compared with a benchmark partitioning
technique called maximum entropy partitioning (MEP).
2. Generalized D-Markov Machine Construction and LBO Prediction:
Early detection of LBO from chemiluminescence data in real-time is a very
challenging problem in the combustion domain. A generalized D-Markov
machine, via state splitting and merging, is constructed from time series
to finally obtain a sensitive anomaly measure from state probability vectors based on Kullback-Leibler divergence. It is shown in Chapter 3 that
the generalized D-Markov machine with variable depth performs better in
detecting early onset of LBO than a D-Markov machine with unity depth.
Time-complexity and Efficiency of the proposed theory are validated on a
real chemiluminescence data collected from a laboratory-scale combustor in
varied premixing conditions.
3. Sensor Fusion via Variable Depth ×D-Markov Machine and Pruned
STPN: A novel generative model, named variable depth ×D-Markov Ma-

chine, is proposed to capture the causal cross-dependence between a pair of
time series. It is constructed based on the algebraic structure of probabilistic
finite state automata (PFSA) and optimal model is found via informationtheoretic approach. The proposed data-driven approach essentially captures
the directional cross-dependence from input (current) towards output (voltage) without causing an exponential growth in cardinality of the state space
while estimating health parameters of lead-acid batteries. Along with DMarkov machines (i.e., atomic pattern generator from individual sensors),
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×D-Markov Machines (i.e., relational patterns from sensor pairs) create a

spatio temporal pattern network (STPN) for heterogeneous sensors that are
distributed spatially. The proposed information fusion method is computationally less intensive compared to the state-of-the-art spatiotemporal fusion
technique like Dynamic Bayesian Network (DBN) [159] in the learning phase.
Moreover, compared to other sensor network pruning techniques, variable
time scales of sensors in the network can be handled in an efficient way
by STPN construction in the proposed technique. STPN is pruned via an
information-theoretic approach and it is observed to yield superior performance in multiple fault detection scenarios of simulated distributed sensor
network.
4. Multi-Scale Symbolic Time Series Analysis (MSTSA) for Activity
Recognition: STSA is fundamentally extended to short-length symbolic
time-series classifiers (SSTC) to handle short-time stationarity in the data
by modeling a priori and a posteriori uncertainties via Dirichlet-CompoundMultinomial (DCM) construction. An approach for alphabet size selection
in the D-Markov machine construction from short-length time series in the
SSTC paradigm, is proposed. MSTSA is formulated by stacking SSTC at
varied time-scale in a hierarchical manner with a layer-wise learning and
inference. MSTSA is implemented in performing real-time human activity
recognition from noisy seismic data with high accuracy and low false-alarm
rates at multiple environments.
5. Early Detection of Thermo-acoustic Instability Onset in Combustor:A data-driven anomaly measure is proposed to detect the onset of thermoacoustic instability, which captures the complexity of generalized D-Markov
machine and ×D-Markov machine in real-time while simultaneously optimizing the models from chemiluminescence and pressure time series. The

instability precursor, based on ×D-Markov entropy rate, models the spatio-

temporal cross-dependence among time series from heterogeneous (e.g., pressure and chemiluminescence sensor) sensors and this procedure can be applied uniformly across multiple experiment protocols with various premixing
levels at a swirl-stabilized combustor.Performance of the proposed instability
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measure is superior and sometimes comparable when compared to state-ofthe-art techniques in terms of prediction (i.e., accuracy and robustness),
computational complexity (i.e., memory requirement and execution time)
and robustness to sensor noise.
6. Integration of Deep Learning with STSA for Image Analysis: A
novel data-driven framework, with deep belief network (DBN) at the lower
layer and STSA at the upper layer, is proposed for early detection of thermoacoustic instability from hi-speed images. While DBN captures the sematic
features (i.e., coherent structures) of the combustion flames as observed in the
extensive feature visualization of multiple DBN hidden layers, STSA models
the temporal fluctuation of those features at a reduced dimension. One of
the primary advantages of the proposed semantic dimensionality reduction
(as opposed to abstract dimensionality reduction, e.g., using PCA) would be
seamless involvement of domain experts into the data analytics framework
for expert-guided data exploration activities.

9.2

Future Research Directions

While future research directions specific to different topics are mentioned at the
end of previous chapters, this section presents the broad research areas that can
emerge as extensions of the work presented in this dissertation.
1. Multi-dimensional Time series Partitioning: While multi-modal sensors are fused at the feature level by constructing spatio-temporal pattern
network (STPN) from atomic patterns and relational patterns, another way
of fusion is to construct one joint PFSA via multi-dimensional data partitioning. The challenge lies in obtaining a unique multi-dimensional partition
without dimensionality explosion of the state space. Synchronization of the
sensor time series is also an in important issue here.
2. Context-aware Feature Extraction: The dissertation has generally constructed D-Markov machines or ×D- Markov machines by performing dynamic partitioning that is based on the current data, not by using a static
partitioning. This can be extended further by estimating the current context,
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which is defined as the hidden factors that alter the data for the same event
or change the decision rule [205, 206]. This future direction has the scope
of improving the performance of Dynamic Data Driven Application Systems
(DDDAS) [5] operating at an evolving environment.
3. Sensor Fusion beyond Pair-wise understanding: In a pair-wise causality structure, it is very hard to make inference if the causality is a consequence
of one or more sensor data outside the sensor pair domain. An important
future work is to extend the STPN so that it incorporates causality beyond
pair-wise.
4. Combustion Instability Control:The next step after constructing a measure, which detects the onset of instability, is combustion instability control
in real-time. There are few literatures covering both instability prediction
and instability control in real experiments. A limited-authority discreteevent control can be implemented to mitigate thermo-acoustic instability in
real-time, based on the inference from the proposed instability measure.
5. Combined Learning of deep learning and STSA: Seamless integration
of deep learning (e.g, DBN and convolutional net) and STSA is a major
future research direction for temporal analysis of video in low dimension.
One of the important aspects of this effort would be a combined training
optimization of deep learning and STSA for a stable performance.

Appendix

A

Algorithms for State Splitting and
Merging
A.1

Metric for the distance between two PFSA

This subsection introduces the notion of a metric to quantify the distance between
two PFSA.
Definition A.1.1. (Metric) Let K1 = (Σ, Q1 , δ1 , π1 ) and K2 = (Σ, Q2 , δ2 , π2 ) be
two PFSA with a common alphabet Σ. Let P1 (Σj ) and P2 (Σj ) be the steady state
probability vectors of generating words of length j from the PFSA K1 and K2 ,
respectively, i.e., P1 (Σj ) , [P (w)]w∈Σj for K1 and P2 (Σj ) , [P (w)]w∈Σj for K2 .
Then, the metric for the distance between the PFSA K1 and K2 is defined as
Φ(K1 , K2 ) , lim

n→∞

n
X
kP1 (Σj ) − P2 (Σj )kℓ

(A.1)

1

2j+1

j=1

where the norm k⋆kℓ1 indicates the sum of absolute values of the elements in the
vector ⋆.

The norm on the right side of Eq. (A.1) yields
P1 (Σj ) − P2 (Σj )

ℓ1

≤ P1 (Σj )

ℓ1

+ P2 (Σj )

ℓ1

=2

because each of the probability vectors P1 (Σj ) and P2 (Σj ) has non-negative entries
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that sum to 1. Furthermore, convergence of the infinite sum on the right side of
Eq. (A.1) is guaranteed due to the weight

1
2j+1

and satisfies the relation 0 ≤ Φ(·, ·) ≤

1. It is noted that alternative forms of norms could also be used, because of norm
equivalence in finite-dimensional vector spaces.
Since the metric in Definition A.1.1 assigns more weight to words of smaller
length, the infinite sum could be truncated to a relatively small order D (e.g., typically in the range of 5 to 20) [20] for a given tolerance ε ≪ 1. That is, the distance

Φ(·, ·) in Eq. (A.1) effectively compares the probabilities of generating words of

length D in two PFSA and is especially adaptable to D-Markov machines whose
dynamical behavior is characterized by words of a specified maximal depth [19].

The metric Φ(·, ·) can also be used to calculate the distance between a PFSA

and a symbol string, in which case the probabilities are expressed in terms of
relative frequency of occurrence of a word.

A.2

State Splitting & State Merging Algorithms

This appendix lists the algorithms of state splitting and state merging for construction probabilistic finite state state automata (PFSA) from symbol strings, where
state splitting is addressed by Algorithm 1 and state merging by Algorithms 2, 3
and 4.
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Algorithm 1 State splitting
Input: Symbol sequence s1 s2 s3 ..... , where each si belongs
to the symbol alphabet Σ
User defined Parameters: Maximum number
of states Nmax and threshold ηspl for state splitting
Output: PFSA K = {Σ, Q, δ, π}
e := Σ
Initialize: Create a 1-Markov machine Q
repeat
e
Q := Q;
′
e
Q = arg minQ′ H(Σ|Q
 );

′
where Q = Q\{q} ∪ {σq : σ ∈ Σ} and q ∈ Q
e < Nmax or H(Σ|Q) − H(Σ|Q)
e < ηspl
until |Q|
e
for all q ∈ Q and σ ∈ Σ do
if δ(q, σ) is not unique then


e := Q\{q}
e
Q
∪ {σq : σ ∈ Σ} ;
end if
end for
return K = {Σ, Q, δ, π}

Algorithm 2 Minimal equivalence relation given q ∼ q ′
Input: δ, q, q ′ , Initial equivalence relation ∼
Output: Updated equivalence relation ∼
NOTE: Recursive function (∼) := Merge(δ, q, q ′ , ∼)
Set q ∼ q ′ ;
for all σ ∈ Σ do
if δ(q, σ) ≁ δ(q ′ , σ) then
Set ∼:= Merge(δ, δ(q, σ), δ(q ′ , σ), ∼);
end if
end for
return ∼

Algorithm 3 Minimal PFSA K2 after merging of two states
Input: K1 = {Σ, Q1 , δ1 , π1 }, q, q ′
Output: Merged PFSA K2 = {Σ, Q2 , δ2 , π2 }
Compute the equivalence relation ∼ using Algorithm 2;
Set Q2 := Q1 / ∼; % Q2 is the quotient set of Q1 under ∼
Compute the stationary-probability vector Pb1 of the PFSA K1 ;
for all [q] ∈ Q2 do
for all σ ∈ Σ do
Set δ2 ([q], σ) := [δ1 (q, σ)];
Compute π2 ([q], σ) using Eq. (3.7);
end for
end for
return K2 = {Σ, Q2 , δ2 , π2 }
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Algorithm 4 State merging in PFSA
Input: PFSA K = (Σ, Q, δ, π) and symbol sequence {si }
User defined Parameter: Threshold ηmrg for state merging
Output: Merged PFSA Km = (Σ, Qm , δm , πm )
Set Km := K;
for all q, q ′ ∈ Qm do
if q 6= q ′ then
Set List States(q, q ′ ) = M(q, q ′ ) using Eq. (3.9);
else
Set List States(q, q ′ ) = 2;
end if
end for
sort(List States); % Place the pair (q, q ′ ) with the smallest M(q, q ′ ) on top of the list
Set (q, q ′ ) := pop(List States); % Select the pair (q, q ′ ) that is on top of the sorted list
loop
Compute K1 from Km by merging the states q and q ′ via Algorithm 3;
if d [K1 , {si }] < ηmrg then
Set Km := K1 ;
Recompute List States;
Set (q, q ′ ) := pop(List States);
else
Set (q, q ′ ) := pop(List States);
if q == q ′ then
Break loop;
end if
end if
end loop
return Km = (Σ, Qm , δm , πm )

Appendix

B

Deep Learning
B.1

Restricted Boltzmann Machines (RBM)

The proposed study investigates the efficacy of Restricted Boltzmann Machines (RBM) that has
grabbed a lot of recent attention in the Deep Learning community [192, 207, 208] for unsupervised
feature extraction. In general, Boltzmann Machines (both restricted and unrestricted) fall in the
category of stochastic energy-based models [192]. Consider a system state that is described
by a set of visible variables v = (v1 , v2 , · · · , vD ) and a set of hidden (latent) variables h =

(h1 , h2 , · · · , hF ) (typically arranged in two layers of an undirected bipartite graph, see Fig. B.1).

The variables can be binary or real-valued depending on the need. Now, each joint configuration
of these variables determine a particular state of the system and an energy value E(v, h) is

associated with it. The energy values are functions of the weights of the links between the
variables (for restricted BMs, internal links within the visible variables and the hidden variables
are not considered) and bias terms related to the variables. With this setup, the probability of a
state P (v, h) depends only on the energy of the configuration (v, h) and follows the Boltzmann
P
distribution: P (v, h) = exp(−E(v, h))/ v,h exp(−E(v, h)).

h1

v1

h2

v2

…
v3

hF

..

vD

Figure B.1: Schematics of the structure of a Restricted Boltzmann machine (RBM)
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At the training phase, weights and biases will be learnt so that the feature configurations
observed during nominal operation of the system gets high probability (or, low energy). Therefore, at the testing phase an anomalous event will manifest itself as a low probability event which
can be used for anomaly detection. Typically, training such models are computationally expensive due to the denominator term (known as the partition function in Statistical Mechanics) in
the formula mentioned above as it requires consideration of all possible states or configurations.
However, using recent formulation of the Contrastive Divergence algorithm [192], such a problem becomes highly tractable. In the present context, visible layer nodes will be represented by
the features obtained at the sub-system level and the hidden layer nodes will represent different
system-wide patterns. The graphical structure can be constrained based on domain knowledge
and first principle based understandings.

Bibliography

[1] S. Sarkar, S. Sarkar, N. Virani, A. Ray, and M. Yasar, “Sensor fusion for fault detection
and classification in distributed physical processes,” Frontiers in Robotics and AI, vol. 1,
p. 16, 2014.
[2] A. Mukhopadhyay, R. Chaudhuri, T. Paul, S. Sen, and A. Ray, “Prediction of lean blowout in gas turbine combustors using symbolic time series analysis,” Journal of Propulsion
and Power (AIAA), vol. 29, pp. 950–960, 2013.
[3] S. Sarkar, A. Ray, A. Mukhopadhyay, R. R. Chaudhari, and S. Sen, “Early detection of lean
blow out (lbo) via generalized d-markov machine construction,” Proc. American Control
Conference, Portland, OR, USA, pp. 3041–3046, 2014.
[4] D. K. Frederick, J. A. DeCastro, and J. S. Litt, “Users guide for the commercial modular
aero-propulsion system simulation (C-MAPSS),” October 2007. NASA/TM2007-215026.
[5] F. Darema, “Dynamic data driven applications systems: New capabilities for application
simulations and measurements,” in 5th International Conference on Computational Science
- ICCS 2005, (Atlanta, GA; United States), 2005.
[6] E. Blasch, G. Seetharaman, and K. Reinhardt, “Dynamic data driven applications system
concept for information fusion,” Procedia Computer Science, vol. 18, no. 0, pp. 1999 – 2007,
2013.
[7] E. Prudencio, P. Bauman, S. Williams, D. Faghihi, K. Ravi-Chandar, and J. Oden, “A
dynamic data driven application system for real-time monitoring of stochastic damage,”
Procedia Computer Science, vol. 18, no. 0, pp. 2056 – 2065, 2013.
[8] K. Fukunaga, Statistical Pattern Recognition, 2nd Edition. Academic Press, Boston, USA,
1990.
[9] T. Lee, Independent component analysis: Theory and applications. Kluwer Academic Publishers, Boston, USA, 1998.
[10] R. Rosipal, M. Girolami, and L. Trejo, “Kernel pca feature extraction of event-related
potentials for human signal detection performance,” Proc. Int. Conf. Artificial Neural Networks Medicine Biol., pp. 321–326, 2000.
[11] D. J. Berndt and J. Clifford, “Using dynamic time warping to find patterns in time series,”
in Proceedings of the AAAI Workshop on Knowledge Discovery in Databases, pp. 359–370,
1994.

172
[12] F. Gullo, G. Ponti, A. Tagarelli, and S. Greco, “A time series representation model for
accurate and fast similarity detection,” Pattern Recognition, vol. 42, no. 7, pp. 2998–3014,
2009.
[13] O. R. de Lautour and P. Omenzetter, “Damage classification and estimation in experimental structures using time series analysis and pattern recognition,” Mechanical Systems and
Signal Processing, vol. 24, no. 5, pp. 1556–1569, 2010.
[14] W. Zucchini and I. L. MacDonald, Hidden Markov Models for Time Series: An Introduction
Using R. CRC Press, 2009.
[15] D. B. Percival and A. T. Walden, Wavelet Methods for Time Series Analysis. Cambridge
University Press, 2000.
[16] S. Pittner and S. V. Kamarthi, “Feature extraction from wavelet coefficient for pattern
recognition tasks,” IEEE Transactions on Pattern Analysis and Machine Intelligence,
vol. 21, no. 1, pp. 83–88, Jan. 1999.
[17] K. P. Zhu, Y. S. Wong, and G. S. Hong, “Wavelet analysis of sensor signals for tool
condition monitoring: A review and some new results,” International Journal of Machine
Tools and Manufacture, vol. 49, pp. 537–553, 2009.
[18] C. Daw, C. Fenney, and E. Tracy, “A review of symbolic analysis of experimental data,”
Review of Scientific Instruments, vol. 74, pp. 915–930, February 2003.
[19] A. Ray, “Symbolic dynamic analysis of complex systems for anomaly detection,” Signal
Processing, vol. 84, no. 7, pp. 1115–1130, July 2004.
[20] V. Rajagopalan and A. Ray, “Symbolic time series analysis via wavelet-based partitioning,”
Signal Processing, vol. 86, no. 11, pp. 3309–3320, Nov 2006.
[21] A. Subbu and A. Ray, “Space partitioning via Hilbert transform for symbolic time series
analysis,” Applied Physics Letters, vol. 92, no. 8, pp. 084107–1 to 084107–3, 2008.
[22] P. Adenis, Y. Wen, and A. Ray, “An inner product space on irreducible and synchronizable
probabilistic finite state automata,” Mathematics of Control, Signals, and Systems, vol. 23,
no. 1, pp. 281–310, January 2012.
[23] Y. Wen, A. ray, and S. Phoha, “Hilbert space formulation of symbolic systems for signal
representation and analysis,” Signal Processing, vol. 93, pp. 2594–2611, September 2013.
[24] Y. Wen, K. Mukherjee, and A. Ray, “Adaptive pattern classification for symbolic dynamic
systems,” Signal Processing, vol. 93, pp. 252–260, 2013.
[25] K. Mukherjee and A. Ray, “State splitting and merging in probabilistic finite state automata for signal representation and analysis,” Signal Processing, vol. 104, pp. 105–119,
November 2014.
[26] S. Gupta, A. Ray, and E. Keller, “Symbolic time series analysis of ultrasonic data for early
detection of fatigue damage,” Mechanical Systems and Signal Processing, vol. 21, no. 2,
pp. 866–884, 2007.
[27] S. Chakraborty, E. Keller, J. Talley, A. Srivastav, A. Ray, and S. Kim, “Void fraction
measurement in two-phase processes via symbolic dynamic filtering of ultrasonic signals,”
Measurement Science and Technology, vol. 20, p. 023001, 2009.
[28] S. Chakraborty, A. Ray, A. Subbu, and E. Keller, “Analytic signal space partitioning and
symbolic dynamic filtering for degradation monitoring of electric motors,” Signal, Image,
and Video Processing, vol. 4, pp. 399–403, 2010.

173
[29] S. Gupta and A. Ray, “Real-time fatigue life estimation in mechanical structures,” Measurement Science and Technology, vol. 18, pp. 1947–1957, May 2007.
[30] R. Duda, P. Hart, and D. Stork, Pattern Classification. John Wiley, New York, 2001.
[31] C. M. Bishop, Pattern Recognition and Machine Learning (Information Science and Statistics). Secaucus, NJ, USA: Springer-Verlag New York, Inc., 2006.
[32] C. Rao, A. Ray, S. Sarkar, and M. Yasar, “Review and comparative evaluation of symbolic
dynamic filtering for detection of anomaly patterns,” Signal, Image and Video Processing,
vol. 3, no. 2, pp. 101–114, 2009.
[33] S. Bahrampour, A. Ray, S. Sarkar, T. Damarla, and N. M. Nasrabadi, “Performance comparison of feature extraction algorithms for target detection and classification,” Pattern
Recognition Letters, vol. 34, pp. 2126–2134, December 2013.
[34] P. Dupont, F. Denis, and Y. Esposito, “Links between probabilistic automata and hidden Markov models: probability distributions, learning models and induction algorithms,”
Pattern Recognition, vol. 38, no. 9, pp. 1349 – 1371, 2005.
[35] E. Vidal, F. Thollard, C. de la Higuera, F. Casacuberta, and R. Carrasco, “Probabilistic
finite-state machines - Part I and Part II,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 27, pp. 1013–1039, 2005.
[36] M. Buhl and M. Kennel, “Statistically relaxing to generating partitions for observed timeseries data,” Physical Review E, vol. 71, no. 4, p. 046213, 2005.
[37] R. Steuer, L. Molgedey, W. Ebeling, and M. Jimenez-Montano, “Entropy and optimal
partition for data analysis,” The European Physical Journal B, vol. 19, pp. 265–269, 2001.
[38] X. Jin, S. Gupta, K. Mukherjee, and A. Ray, “Wavelet-based feature extraction using
probabilistic finite state automata for pattern classification,” Pattern Recognition, vol. 44,
no. 7, pp. 1343–1356, 2011.
[39] S. Sarkar, K. Mukherjee, X. Jin, D. Singh, and A. Ray, “Optimization of symbolic feature
extraction for pattern classification,” Signal Processing, vol. 92, no. 3, pp. 625–635, March
2012.
[40] R. Suzic, “A generic model of tactical plan recognition for threat assessment,” in Proceedings of the SPIE Defense and Security Symposium, pp. 105–116, 2005.
[41] S. M. Jameson, “Architectures for distributed information fusion to support situation
awareness on the digital battlefield,” in Proceedings of Fourth International Conference
on Data Fusion, 2001.
[42] F. Johansson and G. Falkman, “A comparison between two approaches to threat evaluation
in an air defense scenario,” in 5th International Conference on Modeling Decisions for
Artificial Intelligence, 2008.
[43] H. Chen, Terrorism Informatics: Knowledge Management and Data Mining for Homeland
Security. Springer, 2008.
[44] S. Sarkar, S. Sarkar, K. Mukherjee, A. Ray, and A. Srivastav, “Multi-sensor information
fusion for fault detection in aircraft gas turbine engines,” Proceedings of the Institution
of Mechanical Engineers, Part G: Journal of Aerospace Engineering, vol. 227, no. 12,
pp. 1988–2001, 2013.
[45] D. Hall and S. McMullen, Mathematical Techniques in Multisensor Data Fusion. Artec
House, 2 ed., 2004.

174
[46] D. L. Hall, Mathematical techniques in multi-sensor data fusion. Norwood, MA: Aetech
House, 1992.
[47] R. Cutler and L. Davis, “Look who’s talking: Speaker detection using video and audio
correlation,” in IEEE International Conference on Multimedia and Expo, pp. 1589–1592,
2000.
[48] J. Ngiam, A. Khosla, M. Kim, J. Nam, H. Lee, and A. Y. Ng, “Multimodal deep learning,”
in Proceedings of the 28 th International Conference on Machine Learning, 2011.
[49] M. Beal, N. Jojic, and H. Attias, “A graphical model for audiovisual object tracking,”
Pattern Analysis and Machine Intelligence, IEEE Transactions on, vol. 25, pp. 828–836,
July 2003.
[50] Y. Rui and Y. Chen, “Better proposal distributions: object tracking using unscented particle filter,” in Computer Vision and Pattern Recognition, 2001. CVPR 2001. Proceedings
of the 2001 IEEE Computer Society Conference on, vol. 2, pp. II–786 – II–793 vol.2, 2001.
[51] P. Besson, V. Popovici, J.-M. Vesin, J.-P. Thiran, and M. Kunt, “Extraction of audio
features specific to speech production for multimodal speaker detection,” Multimedia, IEEE
Transactions on, vol. 10, pp. 63–73, Jan. 2008.
[52] S. Iyengar, P. Varshney, and T. Damarla, “A parametric copula-based framework for
hypothesis testing using heterogeneous data,” Signal Processing, IEEE Transactions on,
vol. 59, pp. 2308–2319, May 2011.
[53] G. Mallapragada, A. Ray, and X. Jin, “Symbolic dynamic filtering and language measure
for behavior identification of mobile robots,” IEEE Transactions on System, Man, and
Cybernetics , Part B: Cybernetics, vol. 42, pp. 647–659, June 2012.
[54] A. Srivastav, Y. Wen, E. Hendrick, I. Chattopadhyay, A. Ray, and S. Phoha, “Information fusion for object & situation assessment in sensor networks,” in American Control
Conference (ACC), San Francisco, CA, USA, pp. 1274–1279, June-July 2011.
[55] C. W. J. Granger, “Economic processes involving feedback,” Information and control,
vol. 6, no. 1, pp. 28–48, 1963.
[56] D. Heckerman, “A bayesian approach to learning causal networks,” in Proceedings of the
Eleventh conference on Uncertainty in artificial intelligence, pp. 285–295, Morgan Kaufmann Publishers Inc., 1995.
[57] C. J. Quinn, T. P. Coleman, N. Kiyavash, and N. G. Hatsopoulos, “Estimating the directed
information to infer causal relationships in ensemble neural spike train recordings,” Journal
of computational neuroscience, vol. 30, no. 1, pp. 17–44, 2011.
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