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ABSTRACT

CLASSIFICATION OF CHIRPS USING HIDDEN MARKOV MODELS

BY

NIKHIL BALACHANDRAN, B.E.

Master of Science in Electrical Engineering
New Mexico State University
Las Cruces, New Mexico, 2006

Dr. Charles D. Creusere, Chair

Chirps are present everywhere in nature, in calls of bats, whales, etc. and man-
made in the form of radar, sonar, gravitational waves, etc. By identifying different
classes of chirps, the source can be characterized. Our basic approach combines a
Short Time Fourier Transform (STFT) with a Hidden Markov Model (HMM) to
track the frequency progression versus time. Here, two feature extraction methods
are considered to compute a compact representation of the chirp signal. One of
them entails finding a best-fit polynomial of the resulting discrete Viterbi path while
the other estimates the central moments of the Viterbi path from its distribution.
Our experimental results show that if either of these methods is used as a feature
extraction process, separable clusters in the feature space are formed for broad classes
of chirps. A Bayesian Classifier can then be applied effectively to classify the different

families of chirps. Experiments have been carried out on both synthetically generated

vil



chirp signals and naturally occurring lightning discharges as recorded by the FORTE

satellite.
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Chapter 1

INTRODUCTION

1.1 Introduction

Chirps are ubiquitous in nature, occurring in manmade signals like radar and
sonar as well as in nature in calls of birds, whales, bats, etc. The gravitational waves
that Einstein proposed in his General Theory of Relativity also occur in the form
of chirps. Thus, the ability to classify chirps could be helpful in understanding the
nature of the source. Chirp signals are essentially non-stationary, in that the spectral
content of the signal either increases (up-chirp) or decreases (down-chirp) with in-
creasing time in accordance to an underlying relationship between the instantaneous
frequency and time. Broadly, chirps can be classified according to this relationship:
i.e., linear, quadratic, exponential, etc. Moreover, within a class, chirps can be further
classified based on the rate at which the instantaneous frequency changes with time,
a parameter known as the chirp rate. These are the primary factors which determine
whether or not a received signal belongs to a particular family of chirps. Figure 1.1
shows the spectrogram of a lightning discharge recorded by the FORTE (Fast On-orbit
Recording of Transient Effects) satellite. The figure also shows various narrowband
interferences as well as a highly noisy background.

In the method that follows, the spectrogram of the non-stationary chirp sig-
nal is transformed into a simple 1-dimensional form using a Hidden Markov Model

along with the Viterbi decoding algorithm as the first step in the feature extraction
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Figure 1.1: Spectrogram of lightning discharge captured by FORTE satellite.

process. The optimal state sequence' which maximizes the likelihood of the observed
chirp signal occurring forms the basis for two different feature extraction approaches.
One of them involves finding a best fit curve in the least squares sense to the state
sequence and using the polynomial coefficients to form the feature vector. The second
approach involves the computation of statistical moments about the mean of the state
sequence’s histogram. Here, these central moments form the feature vector. Results
for both the methods are presented in Chapter 4. A limited set of chirps from each

class have their features extracted using one of the methods briefly mentioned above

IState sequence, path and track refer to the output of the Viterbi algorithm and are used inter-

changeably throughout this thesis report



and a Bayesian Classifier is trained using these features. The Hidden Markov Model
is also designed from training sets that characterize the different classes. During the
evaluation stage, a signal that was not used in the training process is input to the sys-
tem for feature extraction, and the resulting feature vector is classified by a Bayesian
classifier previously designed from the training set.

In this thesis, the effectiveness of classifying chirp signals using Hidden Markov
Models along with the two different feature extraction methods, namely, curve fitting
and central moments from the histogram, is explored. The algorithms are applied
to both synthetically generated chirps and lightning discharges as recorded by the
FORTE (Fast On-orbit Recording of Transient Effects) satellite. The polarization
properties of lightning produced VHF (Very High Frequency) signals and man-made
VHF signals were studied by Shao and Jacobson in [1] and [2] respectively. These sig-
nals, amidst a highly dense VHF environment, resemble chirps and thus, the research
presented in this thesis should be effective with such signals.

1.2 Literature Survey

Chirp signals occur in numerous applications, ranging from radar and sonar
to seismography to the calls of certain species like bats and birds. Due to their non-
stationary behavior, analyzing chirp signals has always been a difficult task. Many
techniques have been developed and explored in the quest for finding a good solution.

This thesis addresses the problem of classifying isolated chirp signals of any
type (e.g. Linear, Quadratic, etc.) with different chirp rates originating from differ-
ent sources. The identification of chirps helps characterize the nature of the source.
In [3], Davy and his colleagues explored the problem of classifying chirp signals. Their

paper discusses the classification of multi-component linear and quadratic chirp sig-
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nals using hierarchical Bayesian learning and Markov Chain Monte Carlo (MCMC)
methods. Their algorithm requires evaluation of complicated multi-dimensional in-
tegrals, approximating them in closed form using MCMC methods. Moreover, this
method needs a large number of samples to estimate the class conditional density
functions. Since chirp signals fall under the category of non-stationary signals, an in-
sight into the classification techniques of non-stationary signals would help with this
research. Optimized time-frequency representations and distance measures for classi-
fication have been developed in [4] to minimize the probability of classification error.
However, only linear chirp signals and real speech signals have been tested. The au-
thors of [5] provide an improved non-stationary signal classifier using Support Vector
Machines (SVM) and time-frequency representations (TFR). Unfortunately, only a
few statistical parameters differentiate the two classes of linear chirps that have been
used to test the method. In [6], Candes identifies chirps in amplitude-phase form and
he finds that for classification purposes, the phase information is not required. In [7],
time frequency representations and Maximum Likelihood (ML) estimation have been
used for chirp detection with emphasis on power-law chirps. These results illustrate
the robustness of using a time-frequency representation. Since the concentration of
energy in the frequency domain changes slowly with time in a chirp signal, the Short-
Time Fourier Transform (STFT) provides a very natural analysis framework. The
authors of [8] and [9] treat the phase of the signal as a polynomial, and linear least
squares schemes and Maximum Likelihood techniques are then adopted to estimate
polynomial coefficients from unwrapped phases. Rank reduction and sample covari-
ance methods are used in [10] and [11] respectively, to estimate the chirp signal’s

bandwidth and center frequency, but, only linear chirp signals are considered.
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Another class of solutions focusses on the frequency tracking and the esti-
mation of instantaneous frequency. The literature discussed thus far focusses on a
non-stationary signal classification, of chirp signals in particular, and on parameter
estimation. Specifically, frequency line tracking can be modeled as a state estimation
problem as discussed in [12]. Estimation of the current modulating frequency using
the Extended Kalman Filter (EKF), adaptive methods like the Adaptive Line En-
hancer (ALE) and the Recursive Least Squares (RLS) methods and others based on
time-frequency distributions have been compared in [8]. In addition to that, Boashash
states that applications for frequency tracking using smoothing approaches based on
Wigner-Ville distributions have been explored in [13] for speech signals, in [14] for seis-
mic surveying and in [15] for identification of machine sounds and biological signals.
Finally, Hidden Markov Models are used to track the frequency of non-stationary
signals in [16]. An HMM provides a novel way of reconstructing the true frequency
history from the measurement sequence contaminated by noise. The authors of [16]
propose the use of HMM with the measurement sequence given by a short-time Fourier
Transform where the states in the HMM coincide with the frequency bins of the
FFT. The Viterbi decoding algorithm then estimates the optimal state sequence cor-
responding to the observed data sequence. A zero state is also provided to indicate
the absence of the signal. In addition to this, mean cell occupancy (MCO) and gate
occupancy probability (GOP) parameters are also defined. The MCO is a measure
of variation in frequency from the mean cell frequency and it becomes large when the
Viterbi track ends. The GOP, on the other hand, estimates the probability of the
signal being present. The performance of the tracker is compared to the alpha-beta,

the Kalman and the fixed-lag Kalman tracking algorithms, and it has is found to out-
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perform the other trackers in most of the cases. Although, the work of [16] was the
first recognized application of HMM to the frequency line tracking problem, HMMs
were applied to a number of related applications prior to this. In [12], Boashash states
that Kopec applied the HMM to the problem of tracking formants in [17], but rather
than using a short-time Fourier Transform as an input to the tracker, Kopec used
the codebook vectors created by a vector quantization algorithm. In [18], Jaffer and
others formulate a recursive Bayesian method for tracking dynamic signals in noise,
resulting in a technique that is similar to the finite-state HMM. Furthermore, they
also define the states of their system as FFT bins. We note, however, that a zero
state to indicate the absence of the signal is not included in their algorithm.

The work of [16] forms the starting point for the research reported in this
thesis. In addition to the basic frequency line tracker, this thesis goes one step
further and performs feature extraction, using one of the methods discussed previously
above, on the output of the HMM tracker. Most of the previous research in this
area has been focussed on a narrow set of classes of chirps, mostly linear, with few
statistical differences between the classes. Hence, this thesis broadens the perspective
of classification of chirps by considering ten different families of known synthetically
generated chirps as well as unknown naturally occurring chirps.

1.3 Overview

This thesis has been organized in the following manner. Chapter 2 gives a
brief tutorial on Hidden Markov Models, highlighting the three main problems of
HMMs and giving solutions to them. Chapter 3 focusses on the algorithm used in
this research and describes the different stages of the classifier. The spectrogram is

described briefly, moving on to the Viterbi algorithm, and finally the two parameter
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extraction techniques- polynomial curve fitting and central moments. The training
of the HMM and Bayesian Classifier as well as the testing of the classifier are also
discussed. Chapter 4 details the experiments performed and interprets the results
obtained when our algorithm is applied to synthetically and naturally generated data
sets. Finally, Chapter 5 concludes the thesis and highlights the ways in which this

thesis can be extended in the future.



Chapter 2

TUTORIAL ON HIDDEN MARKOV MODELS

2.1 Introduction

In many signal processing applications, we encounter signals that are buried in
noise, and extracting the relevant data from these signals is of great importance. Ref-
erence [19] provides an excellent overview of Model-based signal processing techniques.
Model-based signal processing takes into account the underlying physical phenomenon
creating the signal, the measurements and the noise process by using a mathematical
modeling framework. This approach enables researchers to achieve better perfor-
mance than common heuristic techniques. As many signals can be characterized as
the results of real-world processes, characterizing such signals using mathematical
models of these processes is of great interest. Signal models are broadly classified
as deterministic or statistical. Deterministic models capitalize on known properties
of the signal and by estimating the parameters of such models, one can completely
characterize the signal. Alternatively, one can create a statistical model which charac-
terizes the statistical properties of the signal. The underlying assumption here is that
the signals these model characterize are random processes and that the parameters
of these random processes can be estimated in a straight-forward manner. One such
statistical model is the Hidden Markov Model (HMM). Our review in this chapter
is based on the information provided in [20] and [21]. Reference [20] gives a good

insight into modeling systems with Hidden Markov Models and contains a detailed



description of how they can be applied to the problem of speech recognition. The
basic theory of Hidden Markov Models was established in a series of seminal papers
by Leonard E. Baum and his collaborators in [22] and [23]. The focus of this chapter
is to help the reader develop a basic understanding of Hidden Markov Models and
to familiarize him /her with its parameters and its solutions to the three fundamental
problems, as explained in more detail in the following sections.
2.2 Hidden Markov Models

A Hidden Markov Model is a statistical model which can be used to charac-
terize the statistical properties of a signal. The underlying system being modeled is
assumed to be a Markov process. In a conventional Markov process, the states are
visible and the parameters of the state transition probability matrix have to be esti-
mated, whereas, in a Hidden Markov Model, the states are hidden from the observer.

The elements of an HMM are:

e N, the number of states in the model. The states of a Hidden Markov Model
usually have a physical significance; they are, however, hidden. When any state
can be reached from any other state, the HMM is called ergodic (Figure 2.1).
Other types of HMM are Left-Right HMM (Figure 2.2), Right-Left HMM, etc.
The individual states of the HMM are denoted as W = {S;, 53, S3,...,Sn}.
The state at time ¢ is denoted as Sk(t), where 1 < k < N and a sequence of T’

hidden states are denoted as ST = {S(1), S(2),S(3), ..., S(T)}.

e M, the number of distinct observational symbols. More often than not, the
observation symbols correspond to the physical output of the system. The

individual symbols are denoted as V' = {vy,v9,v3,...,v5}.
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e A, the state transition probability matrix given by A = {a;;}, where,
{ai} = P(S;(t+ 1)[S:(t)), 1 <i,j < N. (2.1)

with the constraint 0 < {a;;} < 1 and Z;V:l{aij} =1,1<¢< N. For an
ergodic HMM, {a;;} > 0 for all ¢, j. Whereas, for other types of HMM, {a;;} =

0 for some 4, j.

e B, the observation symbol probability matrix in state j given by B = {b;;},
where,

(b} = P(up(1)]S;(1)),1 < j < N,1 < k < M. (2.2)

The symbols from the set V' are observable but the states of the HMM from the
set S are hidden. This corresponds to a discrete HMM, where the observations
are discrete symbols selected from a finite alphabet V. In a continuous HMM,
the states are characterized by continuous observation probability density func-

tions, generally represented as a mixture of Gaussians of the form,

M
bi(0) = cuN(O, pi, Tix), 1 <i < N. (2.3)
k=1

cir, is the mixture weight for the k** mixture in state 7 and O is the observation
sequence and N (O, p, X;) is the normal pdf with mean g and 3 for the

k" mixture in state 7.

Figure 2.1 shows an ergodic continuous HMM with three hidden states. Figure 2.2
shows a left-right HMM with five hidden states. This kind of HMM has been
shown to be helpful in [24] in modeling faces in facial recognition problems. In
this example, the states from left to right could correspond to the hair, forehead,

eyes, nose and mouth respectively.
10
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Figure 2.1: Three state continuous HMM.
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Figure 2.2: Five state Left-Right HMM.

e IT, the initial state distribution given by IT = {m;}, where,

{m;} = P[S;(1)],1 <i < N. (2.4)

Hence, a HMM is completely characterized by A = (A, B, II).
2.3 The Three Problems of HMM

Most applications involving HMMs concern the following three basic problems.

1. The Evaluation Problem: Given the observation sequence O and the model
A = (A,B,II), how do we compute P(OJ|\), the probability of occurrence of

the observation sequence?

2. The Decoding Problem: Given the observation sequence O and the model
A, how do we choose a state sequence such that P(O|)\) is maximized for that
state sequence?

11



3. The Learning Problem: Given the observation sequence O, how do we adjust

the model parameters A to maximize P(OJ|\)?

2.3.1 Solution to the Evaluation Problem:
The information in this section has been adapted from [21]. The probability
that the HMM produces an observation sequence O = Oy, 0y, Os, ..., O given the

model parameters A is

Tmax

P(O|A) = ) P(0O[S,)P(S,). (2.5)

where each 7 indicates a particular sequence S, = {S(1),5(2),5(3),...,S(T)} of T
hidden states. If there are N hidden states in the HMM, the number of possible
terms in (2.5) is e = NT. Hence, the probability that the observation sequence
is generated by the model is computed by taking every conceivable state sequence,
calculating the probability that a given sequence produced O and summing them up.

Now, the second term in (2.5) can be written as
T
P(S,) = [[ P(s@ls(t - 1)). (2.6)
t=1
which is the product of the state transition probabilities of the state sequence S,.
Similarly, the first term in (2.5) can be written as
T
P(O[S,) = [ P(v(®)IS(1)). (2.7)
t=1
which is the product of observation density probabilities given the state sequence S,.
We can clearly see that the computational complexity of this calculation is

O(NTT)!. Duda et al. in [21] state that even for small values like N = 10 and

T = 20, this requires approximately 10%! calculations which would take ages even for

!Here, O denotes the Big O notation for complexity.
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a powerful computer. Fortunately, a computationally more efficient algorithm exists
and is called the Forward-Backward algorithm.

2.3.1.1 Forward Algorithm

P(O) is computed recursively since each term
Pu()|S(@)P(S(@)]S(t —1)) (2.8)

involves only v(t), S(t) and S(t — 1). To this end we define a variable,

a;(t) = P(O1,04,03,...,01, S;(t)|\). (2.9)

where Oy, 1 <t < T is the observation at time ¢ and

0 t =0, j # initialstate

a;(t) =19 1 t =0, j # initialstate (2.10)

birv(t) o8 it — 1)ay;  else
\

where bj,v(t)? means the observation symbol probability emitted at time ¢. Hence,
a;(t) represents the probability that the model is in state S; at time t. The following

algorithm is used to implement the forward procedure:

Algorithm 1 Forward Algorithm

Loa;(1) =mbjpv(l), 1 <j <N
2: Fort=1,2,3,...,T
Og(t) = [Zf\;1 az‘(t - 1)a¢j]bjkv(t)

3: P(O|N) = SN oy (T)

2Without loss of generality, this theory can be extended to a continuous HMM with continuous

observation density functions.
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Compared to the previous method, this procedure has a computational com-
plexity of O(N?T). Again, Duda et al. in [21] state that for N = 10, T' = 20, only 200
calculations are needed as opposed to 10?! computations in the exhaustive approach
of (2.5).
2.3.1.2 Backward Algorithm

In a similar fashion, we define a backward variable,

ﬂj(t> - P(Ot+1, OtJrQ, Ot+3, ce ,OT‘Sj(t), )\) (211)

i.e. the probability of the observation sequence from ¢ 4+ 1 to T" given that the model

is in state j at time t with parameters A\. The algorithm is as follows:

Algorithm 2 Backward Algorithm

L B(T)=1,1<j <N
2 Fort=T-1,T-2T-3,....,1,1<j7<N
Bi(t) = 3o, Bt + Dagbjpv(t + 1)

3: P(O|\) = Y22 mibyv(1)35(T)

2.3.2 Solution to the Decoding Problem

The solution to the decoding problem is the most probable sequence of states
given the observation sequence O and the model parameters A. In other words,
the problem is to find the state sequence that maximizes P(O,S|\), where S is
consistent with our previous notation for a sequence of states. A full exhaustive search
through all the paths would yield O(NTT) calculations. A much faster algorithm was
developed by Andrew J. Viterbi in 1967 in his seminal paper [25]. The algorithm is
as follows:

14



Algorithm 3 Viterbi Algorithm

1: Initialize Path as an empty array
2: Fort=1,2,3,...,7, j=7+1
3: For j=1,2,3,...,N

oy (t) = [0 au(t = Dagglbso(t)
4: Compute j = argmax; o (t)
5: Append S to Path

6: Return Path

A similar algorithm can be developed by using instead the logarithm of prob-
abilities. The complexity of this algorithm is also O(N?T).
2.3.3 Solution to the Learning Problem

The primary goal here is to extract a set of model parameters, a;; and bjy,
from the observation sequence starting from an initial estimate of these parame-
ters. The forward-backward algorithm is revisited as it is an example of the gener-
alized Expectation-Maximization (E-M) algorithm, also known as the Baum-Welch
Re-estimation algorithm developed by Baum and his colleagues in [22] and [23]. The
usual technique is to initialize the parameters with an estimate and then update the
weights in an iterative fashion until a condition is satisfied. We have already defined
a;(t) and (;(t) as the forward and backward variables in section 2.3.1 on page 12. In
addition to the above variables, we define another variable 7;;(), the probability of

jumping from S;(t — 1) to S;(t) as follows:

Ozl-(t — 1>aijbjkﬁj (t)
P(0|0)

15



where © denotes the model parameters to be estimated. The improved estimate for

a;; denoted by a;; is given by:

G — 25:1 'Yij(t> '
ZJ Zthl Zk Yir (1)

(2.13)

In a similar fashion, an improved estimate Z;jk for b;;, can be computed as follows:

i ZtT:Lv(t):vk > ()
= ,
’ S ()

(2.14)

The algorithm is as follows, where 6 is the convergence condition under which the

Algorithm 4 Re-estimation Algorithm

1: Initialize a;; and by,

2t=1t+1

3: Compute a(t) using (2.13) and b(t) from (2.14)

4 a;; = Zaij) and b, = b;k

5: Perform Steps 2-4 until argmax; ; , [a;;(t) — a;;(t — 1), bjr(t) — bj(t —1)] < 0

7

6: Return a;;(t) and bjx(t)

iterations stop. An alternative criterion that can be tested for convergence includes
computation of the probability of the observations given the estimated parameters.
The critical factors in the re-estimation algorithm are the initial estimates of a;;
and bj;. Different initializations almost always lead to different results because the

algorithm is not guaranteed to converge to a global minima.
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Chapter 3

ALGORITHM DESCRIPTION

3.1 Introduction

Now that the reader has some idea about the power of Hidden Markov Models
and how it is indeed possible to use them to model data, we are ready to develop
an algorithm that uses an HMM to extract features peculiar to particular families of
chirps. The goal of the feature extraction process is to represent the signal in reduced
dimensionality by parameters that characterize the signal. The HMM detects and
tracks the frequency of the chirp signals with time, but it does not directly produce a
feature vector. Hence, an additional parameter extraction block is necessary: either
polynomial curve fitting or a set of central moments in this work. These will be
explained in detail in the sections that follow. The other vital processes involved
in classification are training and testing. Since we are using a statistical pattern
classifier with supervised learning, in the form of a Hidden Markov Model and a
Bayesian Classifier, both of these need to be trained using the observations from
known classes- i.e., a training set. After the classifiers have been trained and some
model convergence has been achieved, chirps from a different testing set must be
processed by the system to evaluate its performance. Result for the two different
feature extraction processes used here are compared in Chapter 4. Figure 3.1 shows

a block diagram of the classifier.
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Figure 3.1: Paradigm for feature extraction, training and evaluation of the classifier.

3.2 Feature Extraction

Feature extraction forms the basis of any classification algorithm. It is also the
most difficult part, and it is consequently very important to do a thorough analysis
of the characteristics of each class in order to exploit its salient features. Feature
extraction is the process of creating a compact representation of the information in
the signal that can be used to effectively differentiate that signal from other similar
signals, be they speech signals, images, gravitational waves or the calls of bats and
whales. In this thesis, the signals are chirps. Once the feature vectors have been ex-
tracted, any appropriate classifier can be used to categorize the data. A good feature
extraction method can simplify the design of the classifier, and often, time-frequency
decompositions are an important preprocessing step. The highly non-stationary na-
ture of chirps and the fact that they appear to be narrowband signals at any fixed
time instant leads one to believe that the Short-Time Fourier Transform (STFT) is a
natural starting point here. Following the STFT, the Hidden Markov Model portion
of the feature extraction process detects and tracks the frequency of the chirp signal
with time. The result of this stage is basically a sketch of the detected chirp. The
parameter extraction block utilizes this sketch to create a low dimensional feature
vector using either a polynomial curve fitting algorithm or a set of central moments.

Each of these tools is discussed in detail in the following sections.
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3.2.1 Short-Time Fourier Transform

Although the discrete-time Fourier Transform (DTFET) provides good fre-
quency resolution, it cannot be used to characterize signals whose spectrum varies
largely with time, due its poor time resolving properties. To overcome this problem,
time-frequency distributions are used instead. The simplest of them is an extension
to the DTFT, known as the Short-Time Fourier Transform (STFT). A very inter-
esting compilation of the research in time-frequency analysis can be found in [12].
In addition to that, [26] provides a good overview for the two different approaches
of the STFT we considered: (1) Fourier Transform and (2) Filter bank views. This
chapter focusses only on the Fourier Transform viewpoint since, this is what we have
implemented in our algorithm.

The data to be transformed is split up into frames, which usually overlap
with each other. A DFT is performed on the data in each of these sections after
multiplication with a window function. This can be expressed mathematically as

follows:
X(n,w) = Z z[mlwln — m)e " (3.1)

m=—0oQ

where w/n/ is referred to as the window function or analysis window which is non-zero
over a small time interval. Typically, a Hamming or a Hann window is chosen for
most of the applications. The following Figure 3.2 illustrates the operation of an
STFT.

An important tool derived from the STFT used in many signal processing
applications is the spectrogram. It is given by the magnitude-squared of the STFT:
i.e., | X (n,w)|?. The proposed algorithm uses the spectrogram to analyze the time-

frequency content of the chirp as a preprocessing step prior to applying the HMM.
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Figure 3.2: One frame of the Short-time Fourier Transform.

Using a short window yields a good time resolution but a poor frequency resolution
and is called a wideband spectrogram, whereas, a long window gives a good frequency
resolution but a poor time resolution and is referred to as a narrowband spectrogram.
This fixed resolution property of an STFT is one of its limitations. Hence, researchers
must often resort to using other time-frequency distributions such as the Wigner-Ville
or the wavelet transform, which provide non-uniform tilings of the time-frequency
space.

For our purposes, however, the fixed resolution of the STFT is not an issue,
and we use it here in the form of the spectrogram for the remainder of the work.
The spectrogram of a typical chirp signal is shown in Figure 4.1. Specifically, the
spectrogram containing the time-frequency data is used to both train the HMM and
detect/track the signal.

3.2.2 Viterbi Decoding
In Chapter 2, the Viterbi decoding algorithm was presented in detail. The

main focus in this section is to explain how this algorithm can be used for chirp
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Figure 3.3: Spectrogram of a quadratic up-chirp.

detection/tracking. As we mentioned earlier, feature extraction is an integral part of
both the training and testing processes. Feature extraction plays the same role in
both these processes, namely representing the salient features of the data in a more
compact manner. In Chapter 2 it was shown how the Viterbi algorithm solves one
of the basic problems encountered in HMMs, specifically the Decoding Problem in
which the state sequence is found that maximizes the probability of the observation
sequence O given a particular model A. The observation sequence in question here
is the spectrogram of the data normalized to the unit-norm, making the energy in
the sequence equal to 1. The optimal state sequence for this normalized data is
computed using the Viterbi algorithm which, in effect, tracks the frequency of the
signal as time progresses. The result of this operation is a state sequence or path

indicating the presence of high energy in a corresponding time-frequency bin. Thus,
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the 2-dimensional spectrogram is converted to a 1-dimensional vector while keeping
the information necessary for classification, namely the time-frequency content. The
following Figure 3.4 shows the result of this algorithm for the spectrogram of Figure

1.1.
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Figure 3.4: Viterbi decoded signal of Figure 1.1.

Clearly, the Viterbi algorithm tracks the frequency of the chirp as time pro-
gresses. It also attempts to track other narrrowband interferences after the chirp
ends. Viterbi decoding is followed by a parameter extraction block using one of the
two methods- polynomial curve fitting or central moments, as discussed in the next
couple of sections.

3.2.3 Curve Fitting

Curve fitting is a well known problem in the mathematics world. Most of the

measurements (observations) result in an ordered pair (z;,y;). An easy way to predict
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the output at future times is to fit a curve through the observations such that the
squared error of points between it and these observations is minimized. The key is
then to find the coefficients of a polynomial corresponding to the curve that best fits
the observations. Let

N
g = Zaj:z:j (3.2)
=0

and
N

MSE = (y—aa’)? (3.3)

J=0

where MSE is the defined as the mean squared error of y with respect to .

The solution to the least squares problem described above is used to find a
curve that best fits the path or the state sequence of the spectrogram of the data.
Hence, in the case of chirp signal, this block yields coefficients of a polynomial that
optimally fits the path of the chirp in the least squares sense. The polynomial co-
efficients thus form the feature vector. Figure 3.5 below shows the curve that best
fits the observations in Figure 3.4. The polynomial approximation is marked with
circles at intermittent points. The coefficients of this polynomial, a quadratic in this
case, characterize the chirp signal of Figure 1.1 and yet can be represented by feature
vectors containing only two elements. The constant term in the polynomial approx-
imation is neglected here when forming a feature vector so that this vector will be
independent of vertical frequency translation. A Bayesian Classifier is trained with
these feature vectors belonging to a particular class. While testing the classifier, each
of these feature vectors is also classified as belonging to each particular class. Note,
that the degree of the polynomial can be increased to accommodate chirps with more
complicated time-frequency relationships, like the power-law chirps, than linear or

quadratic chirps.
23



12

[ — Viterbi Path
| —©— Best Fit Curve

10 N

States of the HMM
[}
T
|

2r — i
0 I I I I I
0 0.5 1 15 2 25 3

time (s)

Figure 3.5: Best curve fit for Viterbi Path in Figure 3.4.

3.2.4 Central Moments

As an alternative to the above mentioned feature extraction approach, we
also consider a different approach based on central moments. Here, a histogram of
the probability of occurrence of the chirp in all the states in the Viterbi path is
computed and the central moments, moments about the mean, of the distribution
are calculated. These central moments characterize the time-frequency relationship

of the chirp, independent of translation. The n* central moment is given by

Hn = E((X - :u)n) (3.4)

where F is the expectation operator defined as

Elz] = /OO zf(x)dx (3.5)

—00
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which is also the mean (u) of the Random Variable X and f(z) is the probability
density function (pdf) of X. In the discrete case,

Elz] = ) XP[X] (3.6)

n=—o0
where X is now a discrete Random Variable and P[X] is its probability mass function
(PMF). The first central moment is obviously zero. The second central moment is
also known as the wvariance, denoted by o2. The third and fourth central moments
are usually normalized by ¢". The normalized moments are dimensionless quantities.
The third central moment is also known as skewness because it gives a measure of how
tilted the distribution is with respect to a normal distribution. The fourth central
moment, on the other hand, is known as kurtosis and is a measure of whether the
data is peaked or flat near the mean compared to the normal the distribution.

Thus we use this property of moments to extract features peculiar to the distri-
bution of the states of a chirp signal. Specifically, chirps with different characteristics
are found to have different central moments as will be shown in the next chapter.
Again, depending on whether the training or the testing stage follows, a Bayesian
Classifier is either trained with these feature vectors belonging to a particular class
or each of these feature vectors is classified as belonging to a particular class.

3.3 Training

We briefly mentioned the use of supervised learning for training HMM earlier

in this chapter. This process consists of presenting the classifier with a set of signals

whose classes are already known. This set of data is known as the training set. This

section deals with training a Hidden Markov Model and Bayesian Classifier with
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different training sets. Both these operations are explained in detail, including the
type of data used in both the training sets.
3.3.1 Training Hidden Markov Models

In Chapter 2, we mentioned that an HMM is completely characterized by
A = (A,B,II), where A corresponds to the state probability transition matrix, B
is the observation probability matrix or distribution and IT is the initial state of the
HMM. With respect to our problem and following the methodology of [16], the states
in the HMM correspond to frequency bins of the Short-Time Fourier Transform of the
original data. Specifically, sets of contiguous frequency bins correspond to a particular
state in the HMM. The initial estimate of the matrix A is formed by generating N N-
dimensional random variables having zero mean, unit variance Gaussian distributions,
where N, consistent with the notation introduced in Chapter 2, is the number of
states in HMM. Observation density functions are modeled as M Gaussian mixtures
of dimensions equal to the number of frequency bins. In essence, there are N mean
vectors and N covariance matrices, one pair for each of the N states. The initial
estimates of the mean vectors and covariances matrices are obtained as a result of
passing the training data through the K-means algorithm. The data is comprised of
sinusoidal signals with frequencies corresponding to a particular state of the HMM.
Figure 3.6 shows the spectrogram of the training signal for the third state of the
HMM.

The sum total of states span the entire Nyquist frequency range. The initial
state probability II is estimated to be equally likely, with the chirp signal assumed
to start any state. The transformed data (spectrograms) with the appropriate ini-

tializations are presented to the Baum-Welch re-estimation algorithm. When the
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Figure 3.6: Spectrogram of training signal corresponding to state 3 of HMM.

convergence condition is satisfied, the iterations are stopped and better estimates of

the state transition probability matrix A, mean vectors and covariance matrices of the

Gaussian mixtures are obtained and thus, the Hidden Markov Model is created that

represents the source to an extent determined by the data used to train the model.

Figure 3.7 shows steps taken to train the HMM. The model parameters obtained at

the end of this training process are henceforth used for all the other stages in the

classifier.

Training Data
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Spectrogra
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Figure 3.7: Training the HMM.
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3.3.2 Training the Bayesian Classifiers

A Bayesian classifier is known to minimize the overall risk in making a decision
or, in other words minimizes the average probability of error. Let us familiarize the
reader with the terms used in the Bayesian classification approach as followed by the

authors of [21]. The Bayes formula in probability theory is given by

p(X|wj)P(wj)'

Pluyho) = P00

(3.7)

P(w,j|x), the probability of the state being w; given the observation x, is also known
as the a posteriori probability. p(x|w;), the probability of the observation x being
generated from a certain state w; is known as the likelihood while p(w;) is known
as the prior probability and p(x) = Zjvzl p(x|w;)P(w,) is called the evidence. The
product of the likelihood and the prior is considered to be the most important factor
in deciding to which class a particular observation is most likely to belong. The
evidence is usually constant for a given set of classes. Moreover, if the all the classes
are equally probable, the a posterior: probability is dependent only on the likelihood.
3.3.2.1 Discriminant Functions

Discriminant functions are one of the most popular ways of representing classi-
fiers, aiding in making decisions to reduce the average probability of error. Asin [21],
we denote the discriminant functions as g;(x) and we decide that an observation

vector belongs to class w; if
9i(x) > gj(x),1 # J. (3.8)
Figure 3.8 shows how discriminant functions are used in a pattern classification sys-

tem. All the discriminant functions are computed for the input feature vector and

then a decision is made based on which discriminant function has the largest value.
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Figure 3.8: Block diagram of a typical pattern classification system.

The discriminant functions divide the space into decision regions which are separated
by decision boundaries. If the discriminant functions turn out to be linear, then
the decision regions are hyperplanes which are much easier to analyze than other
complicated surfaces. To make computation easier, sometimes a monotonically in-
creasing function of the discriminant function is used instead of the actual function.

An example of such a function might be
g:(x) = Inp(z|w;) + In P(w;). (3.9)

3.3.2.2 Training

The data which trains the Bayesian Classifier is the result of the feature ex-
traction process. In this thesis we assume that the feature vectors are distributed
with a Gaussian pdf having arbitrary mean vectors and covariance matrices for each
of the classes. The discriminant function defined in (3.9) is used here. Figure 3.9
shows the complete process involved in training the Bayesian Classifier. Hence, if

the class conditional probability densities are multi-variate Gaussians of the form

p(x|w;) = N(u;, 2;), (3.9) reduces to

Gi(x) = 5~ ) (5 x— ) — g WIS+ Plw). (310)
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Figure 3.9: Training the Bayesian Classifier.

after neglecting a (—% In27) term. For each class, the sample mean and the covari-
ance matrix are estimated from the feature vectors pertaining to that class. This is
a direct application of mazimum-likelihood estimation to the unknown parameters p;
and X; of a multi-variate Gaussian probability density function and the estimates are
formed by

1,
= EZk,lxk. (3.11)

and

1

= S () (= ). (3.12)
The p; and 3; are used to compute the discriminant functions for each class. These
discriminant functions are used in the classification process during actual operation
of the algorithm. This will be explained in detail in the next section.
3.4 Operation and Testing

Once the classifier has been trained as described in the previous sections, those

signals in the database not used to train the classifier are used to test the classifier.
Such testing is required to evaluate the performance of any pattern classification sys-
tem. It is only through testing that the performance of the classifier can be measured
and compared with its contemporaries. In actual operation on unknown signals, the
classifier operates in exactly the same way as it does for testing, i.e., all model param-

eters are fixed. Specifically, the optimal sequence of states extracted by the HMM
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decoder from the spectrogram of the original data is first computed and then either
polynomial curve-fitting or central moments type feature extraction is applied. Each
feature vector is next classified as belonging to one of the classes using the trained
Bayesian Classifier as indicated in Figure 3.9. The performance of the classifier is
quantified by the percentage of correct classifications versus the Signal to Noise Ratio
(SNR). The next chapter fills in the missing pieces: it details the performance of the

classifier for the two different feature extraction methods.
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Chapter 4

EXPERIMENTS AND RESULTS

4.1 Introduction

This chapter presents the experimental results for the HMM-based chirp clas-
sification algorithm described in the previous sections. We consider here the selection
of parameters and the effect of varying them on both synthetic data generated on a
computer and real data recorded by a Fast on-Orbit Recording of Transient Effects
(FORTE) satellite. The real data consists of broadband VHF signals, some of them
generated by an electromagnetic pulse generator known as Los Alamos Portable
Pulser (LAPP) at Los Alamos, New Mexico and others being recorded lightning
emissions. The signals of interest in this database vary from chirps to impulses and
encompass a variety of different chirp rates and types (e.g. Linear and Quadratic).
The goal of this research then is to classify the different chirps present in the database,
without knowledge of the number of classes present using the algorithm described in
Chapter 3. In particular, the classification results for both of the feature extraction
methods discussed in Chapter 3 are compared.
4.2 Selection of Parameters

Parameters in the algorithm have to carefully selected because small differences
may lead to drastically different results. Also, a few functions like the re-estimation

algorithm require proper initialization of its parameters for the algorithm to converge
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with meaningful results. Keeping this in mind, we define the following parameters

that are of vital importance in achieving good classification performance.

1. Spectrogram: The spectrogram or the Short-time Fourier Transform was men-
tioned briefly in the previous chapter as were also its shortcomings in terms
of time-frequency resolution. The length of the window used in the spectro-
gram plays an important role in localizing the energy of the signal in the time-
frequency bins. A large window captures the frequencies present with a good
resolution with poor time localization while a small window has the opposite
trade-off. Since chirps are non-stationary, a good spectrogram is needed where
leakage of energy from a time-frequency bin into its neighboring frequency bins
is avoided. For this reason, a Hamming window length (N,,) of 256 is selected
with an overlap (L) of 128 samples since a longer window causes the frequencies
to spill over into the neighboring bins. A 256 length FFT is thus performed on
each set of windowed input samples. The chirps in the synthetic data set have
been generated with sampling rate of 8K Hz whereas the FORTE data is al-
ready sampled and thus represented in the normalized frequency domain. Since
all of the processing is performed in the digital frequency realm, the underlying
sampling rate is immaterial as long as it meets the Nyquist criterion and there
is consequently no loss in generality in assuming that our data is sampled at

SKHz.

2. Hidden Markov Models: The two sets of parameters associated with HMMs
are those concerned with training the HMM. The parameters obtained after

training the HMM are used by the Viterbi Algorithm. Although the window
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length is fixed at 256 so that the spill over of frequencies is minimized, some
frequency components of chirps with very high chirp rates invariably leak into
neighboring bins. This situation can be addressed by dedicating a set of con-
tiguous frequencies to each state of the HMM. The number of states (N) used
in the HMM for this research is 14 with a null state (labeled State 1) also being
included. The null state indicates the absence of a signal. States 2 through 14
span the entire normalized frequency spectrum from 0 to 7 radians/sample. To
simplify the model, the underlying distribution of observations given a state is
assumed to be a Gaussian random variable of dimension equal to the number of
frequency bins. Hence, only one Gaussian mizture (M = 1) is considered. The
mean vector and covariance matrix for each state is initialized from the training
data using a K-means clustering algorithm, and the number of clusters is equal
to the number of states in the HMM because the observations in each state are
distributed as a Gaussian random variable. The training data, as described in
chapter 2, consists of 13 signals, each signal containing frequencies for a par-
ticular state, and a null state containing white Gaussian noise. The data is
presented to the model in the form of linear up and down chirps with different
chirp rates. The transition probability matriz (A) is initialized with random
entries from a zero mean, unit variance gaussian distribution. This has been
found to be sufficient since the structure of the training data ultimately defines
the final transition matrix. The HMM is trained using the Baum-Welch re-
estimation algorithm described in Chapter 2. The resulting model parameters

are then stored for use in the classifier.
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3. Feature Extraction: Detection and frequency tracking of the signal is performed
using the Viterbi Algorithm. Once it is done, either polynomial coefficients or

central moments of the track are computed.

e Clurve Fitting: An important parameter in this method is the number of
coefficients used in the polynomial which best describes the track in the
least squares sense. Two coefficients have been used in this research, mainly
because the chirps generated synthetically are either linear or quadratic.
The theory can, however, be easily extended to chirps that have a higher

order time-frequency relationship.

o (entral Moments: The number of bins determining the distribution of
the track in terms of the states of the HMM has been chosen here to
equal the number of states in the model obviously- 13, in this case. The
other parameter of importance is the number of moments to be computed.
The first central moment is is obviously zero. Hence, the second, third,
fourth and fifth central moments have been used to form the feature vector.
For a more complicated distribution, higher order moments can also be

computed and used in the feature vector.

4. Bayesian Classifier: The mean and covariance matriz for each class in the
Bayesian Classifier are estimated from the feature space of the training data.
For the real data, where the number of classes are unknown, the mean and
covariance matrix for each cluster is determined using a K-means Algorithm.
The centers of the clusters are initially picked at random from the data points
themselves.
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4.3 Simulation Results for synthetically generated data

The synthetically generated data on the computer consists of isolated chirps
with background additive zero mean Gaussian random noise whose variance is varied
to obtain results for different Signal-to-Noise ratios (SNR). Note, however, that the
sinusoidal signals used to train the HMM have been generated with a constant SNR
of 10dB. Ten different classes of chirps are considered for the synthetic data analysis,
and each class is different from the others in either the chirp rate or the type of chirp
(e.g. linear or quadratic). While the algorithm is sensitive to the length of the chirp,
we note that in natural and manmade phenomenon that generate chirps, the variation
in the length is generally small. In other words, with respect to our algorithm, chirps
with the same specifications but different lengths are considered to be members of

different classes. A typical chirp from this database is shown in Figure 4.1. Note

4000

3500

3000

frequency (Hz)
I . N N
o wu (=3 u
o o o o
o o o o

o
=}
S

0 I . 1 Il
0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 18
time (s)

Figure 4.1: Spectrogram of a chirp in synthetic database.

that all the chirps used in this database are up chirps, where frequency increases as
time increases. At every time step, the chirp is convolved with a gaussian random

variable having zero mean and a random variance in order to spread the energy across
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a number of frequency bins. Table 4.1 shows the specifications of the different classes

of synthesized chirps used in these experiments. Note that, classes I through &

Table 4.1: Specifications of classes for training data.

Change 1in | Chirp
Class Type frequency Rate | Length (s)
(Hz) (s)
1 Quadratic | 2000 1 1.5
2 Quadratic | 2000 2 1.5
3 Quadratic | 1500 0.7 1.5
4 Quadratic | 1450 0.5 1.5
5 Quadratic | 1500 0.09 0.2
6 Linear 2000 1 1.5
7 Linear 2000 2 1.5
8 Linear | 2000 0.7 1.5
9 Linear 1450 0.5 1.5
10 Linear 2000 0.09 0.2

correspond to quadratic chirps (frequency is a quadratic function of time) whereas,
classes 6 through 10 have the same specifications as the former but are linear chirps.
The 2-dimensional scatter plot of the feature vectors used in the polynomial method
for the training data with an SNR of 10dB is shown in Figure 4.2. The figure shows

distinct clusters for the different classes. Also noticeable is the distinction between
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Figure 4.2: Scatter plot of training data using curve fitting method.

the linear and quadratic classes. The coefficient of the quadratic term for the linear
chirps is almost zero whereas it increases as the chirp rate increases for classes 1
through 5. Similarly, the coefficient of the linear term increases as the chirp rate
increases for linear chirps. Hence, this feature extraction method captures the type
of the chirp as well as the chirp rate accurately which is the result we want to achieve.
The proposed feature extraction method scatters the feature vectors corresponding to
signals from classes 5 and 10 more broadly than for the other classes and therefore
the classification performance is likely to be worse. Due to the very high chirp rates
in classes 5 and 10, the frequency spill over at each time step is large, causing the
Viterbi algorithm to fail to track the frequency of the chirp correctly. This problem
too can be overcome by training the HMM properly as will be explained in Chapter 5.
The resulting feature vectors are used to design the Bayesian Classifier by evaluating
the discriminant functions for each class as discussed in Chapter 3. While the feature
space for central moments method is 4-dimensional and thus cannot be visualized,
we show that similar classification accuracy was achieved.
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The classification as described in Chapter 3 is performed on a set of signals
held out of the design process, since 100% classification accuracy is achieved when the
training data set is classified. Table 4.2 shows the specifications of signals used to test

the classifier. The signals start and end at different times than those used for training,

Table 4.2: Specifications of classes for test data.

Change 1in | Chirp
Class Type frequency Rate | Length (s)
(Hz) (s)
1 Quadratic | 2000 1 1.5
2 Quadratic | 2000 9 1.5
3 Quadratic | 1500 0.7 1.5
4 Quadratic | 1450 0.5 1.5
5 Quadratic | 1500 0.09 0.2
6 Linear 2000 1 1.5
7 Linear 2000 2 1.5
8 Linear 2000 0.7 1.5
9 Linear 1450 0.5 1.5
10 Linear 2000 0.09 0.2

and their additive Gaussian noise is independently generated. Each signal from the
table is classified as belonging to one of the ten classes enumerated in Table 4.1.

Figure 4.3 shows the 2-dimensional feature space of the test signals to be classified
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using the same polynomial method similar as in Figure 4.2.
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Figure 4.3: Scatter plot of test data using curve fitting method.
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Figure 4.4: Performance of classifier with curve fitting.

those found in Figure 4.2 are observed. Figure 4.4 and 4.5 show the degradation

in the percentage of correct classification as SNR decreases for both of the feature

extraction methods. At low SNRs, the Viterbi algorithm is overpowered by noise and

does not track the chirp accurately. Consequently, the HMM has to be re-trained at

lower SNRs to accommodate for the drop in classification. The fact that results are
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Figure 4.5: Performance of classifier with central moments.

similar for both of the feature extraction methods indicates that the central moments
method also effectively clusters samples in its 4-dimensional space. Table 4.3 and 4.4
show the confusion matrices indicating the misclassification of signals of one class
being classified as belonging to others for a 10d B SNR. The columns correspond to
the true class whereas the rows correspond to the predicted class. For example, in
column 2 of Table 4.3, 92.5% of the signals from class 2 have been labeled correctly
whereas 7.5% of the signals from class 2 have been classified as class 5. The correct
classifications are found on the diagonal of the confusion matrix, and we note that
the majority of the classes have been labeled correctly. Some of the signals in both
the methods have been misclassified as classes 5 or 10. As we saw in the scatter
plots, the signals belonging to these classes tend to be more widely scattered around
in the feature space and consequently more prone to misclassification. The results
are similar for classification with central moments as shown in Table 4.4. Hence, this
algorithm using either of the proposed feature extraction methods appears to be very
effective in classifying synthetically generated chirp signals.
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Table 4.3: Confusion Matrix for Curve Fitting: Synthetic Data.

Class | 1 2 3 4 5 6 7 18] 9 |10

1 100 | 0O 0 0 0 0 O 100 0

9 0 0 0 0 0 0 0O | 0 |100| O

10 0 0 0 0 0 0 0 [ 15] 0 | 100

4.4 Results for FORTE data

The real data consists of around 870 signals recorded by the FORTE satellite-
[1] and [2]. The data is divided into LAPP signals generated by an electronic pulse
generator (LAPP) and natural lightning discharge signals. These signals behave from
anything like chirps to impulses, depending on the level of ionization they have under-
gone. Hence, the number of classes of chirps are virtually unknown. Figure 4.6 shows
a signal from this database in which, prominent narrowband interference signals can
be discerned amidst a large amount of background noise. The database contains sig-
nals ranging from those with no signals of interest (SOI), chirps in this case, to those

consisting of high energy chirps. To improve the performance, a de-noising algorithm
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Table 4.4: Confusion Matrix for Central Moments: Synthetic Data.

Class | 1 2 3 4 5 6 7 8 9 | 10

1 100 | O 0 0 0 0 0 0 0 0

3 0 0 | 875] O 251 0 0 0 0 0

4 0 0 0 [975] O 0 0 0 0 0

5 0 0 [125] 25 |975 | O 0 0 0 0

9 0 0 0 0 0 0 0 0 |[100] O

10 0 0 0 0 0 0 0 0 0 | 100
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Figure 4.6: Spectrogram of a signal from the FORTE database.

is iterated three times on the raw data as a pre-processing step. Specifically, an FFT

is performed over the entire length of the sequence and the coefficients corresponding
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to the highest frequencies are hard thresholded to zero. The variance of the back-
ground noise is estimated by assuming it to be an additive white Gaussian noise and
calculating the sample variance. The HMM is next trained with signals having an
SNR corresponding to the estimated SNR of the signals in the database, roughly
0dB. Note, however, that the SNRs of the signals vary a great deal, so extraction
of the chirp signal from the background and narrowband interferences is thus a very
difficult task. The algorithm depends highly on the precise extraction of the chirp for
accurate predictable results.

Figure 4.7 and 4.8(b) show the result of the Viterbi Algorithm using the poly-
nomial feature extraction method for two signals. Figure 4.7 shows the Viterbi path

for the signal whose spectrogram is shown in Figure 4.6.

14

10 : : 8

States of the HMM

0 I I I I I
0 0.5 1 15 2 25 3

time (s)

Figure 4.7: Viterbi decoding of a high-energy chirp.

It can be easily seen that the first signal as indicated by Figure 4.6 has a
prominent chirp signal, superimposed in time and frequency with other narrowband
interferences. The Viterbi algorithm tracks the chirp well although it also makes a

spurious detection elsewhere in the interval. The spectrogram of the second signal in

44



3500f ..,

3000 g wrges Sy v oy o Fosieeny® oy | ey it | o S L B e

2500 -

E) S » B |

= -4

2 2000

[

El

El

2 x b

1500 B T iy el LSy ) o gy e e n g ol e |
(51} (R e 1] - LR C AL NN - bt

10001

time (s)

(a)

35F

States of the HMM
N
o
T

151

0 0.5 1 15 2 25 3
time (s)

(b)
Figure 4.8: (a) Spectrogram of the a high rate chirp signal and (b) corresponding

Viterbi path.

Figure 4.8(a) shows a very high rate chirp which is not tracked well by the Hidden
Markov Model. This occurs because the HMM finds that the chirp’s energy spills
over to the neighboring frequency bins, making it appear to be almost an impulse.
This is one of the inherent difficulties encountered when working with the database.

Because of these difficulties, 50 signals have been hand selected and used to train the
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classifier while another 48 from the database are used to test it’s performance. Since
the number of classes is not known a priori, a K-means clustering is performed on
the feature space after feature extraction. The algorithm’s performance is compared
for two and three clusters, respectively. Since the classes cannot be clearly distin-
guished by human observation, a quantitative analysis is difficult. However, when
two clusters are selected, chirps with a very high chirp rate, almost impulses, can be
distinguished from chirps with a slightly lower rates. Figure 4.9 shows the scatter

plot of the training data set for two clusters in the K-means algorithm. Most of the
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Figure 4.9: Scatter Plot of the training database with 2 clusters.

chirps with a high chirp rate have been labeled Class I and the chirps with a lower
chirp rate, Class 2. Note that the polynomial coefficients indicate that all of these
chirps are quadratic in nature. A physical correspondence between the chirps in the
training data set and their clusters enabled us to determine the characteristics of a
particular class. Specifically, classes were labeled as characterizing chirps with high
rates (Class 1) and those with lower rates (Class 2). Table 4.5 shows the confusion

matrix for classification of the 48 test signals into one of the two classes using curve
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fitting method. The confusion matrix shows that 75.68% of the signals in Class 1

Table 4.5: Confusion Matrix for Curve Fitting: 2 Clusters.

Class 1 2

1 75.68 | 27.27

2 24.32 | 72.73

have been classified correctly. It should be noted that the length of the chirp needs to
be accurately extracted and that incorrect extraction leads to a change in the polyno-
mial coefficients. Moreover, for chirps that differ by a small chirp rate, this can lead
to erroneous classification. A similar confusion matrix for the moments method is

illustrated in Table 4.6. Although similar, the results obtained using the central mo-

Table 4.6: Confusion Matrix for Central Moments: 2 Clusters.

Class 1 2

1 67.57 | 36.36

2 32.43 | 63.64

ments feature extraction process are degraded relative to the performance of the curve
fitting method. The central moments method appear to be less consistent because the
classes were defined by observing the scatter plot for the curve fitting method. Two
of the cluster centers for the three cluster case have been initialized with points close
to the centers in the previous case. The scatter plot with the cluster centers superim-
posed on the training set data using the curve fitting method is shown in Figure 4.10.

By comparing Figure 4.10 with Figure 4.9, we observe that the new class, Class 2 in
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Figure 4.10: Scatter Plot of the training database with 3 cluster centers.

this case, has encroached into the prior region of Class 3 and that Class 3 has in turn,
encroached into the region, formerly a part of Class 1. The fuzzy boundary between
the different families of chirps present in the database has become even more obscure.
The third class contains signals very similar to both of the previous classes, indicating
that it does not correspond to chirps with consistent characteristics. Since a physical
relationship between the chirps and their corresponding clusters cannot be discerned,
results in the form of confusion matrices are not tabulated. Classification shows that
there are two dominating classes to which most of the signals have been classified,
Class 1 and Class 3. Hence, proceeding further with the K-means clustering algo-
rithm by increasing the number of clusters does not appear to be warranted. Using
two classes gives us insight into the classification process of chirps, separating high
rate chirps from lower rate chirps. The results for the three class case indicate that
the rates of the chirps in the database are too close to one another for the algorithm

to make a good comparison using either of the feature extraction methods.
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The following chapter concludes the findings of this research and discusses

some scope for future work.
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Chapter 5

CONCLUSION AND FUTURE WORK

5.1 Conclusions

The research reported thus far on the classification of chirp signals has been
surveyed in Chapter 1. According to this study, most of the classifiers have been
restricted to classifying chirp signals that either fall into a very few classes or very
few parameters differentiate these classes. This thesis proposes a classifier capable
of identifying chirp signals that has any time-frequency relationship. Two different
feature extraction methods are proposed to support this claim. A polynomial curve
fitting method models the time-frequency relationship of the chirp signal by modeling
the discrete Viterbi path of the spectrogram of the chirp as a polynomial, whereas, the
central moments method models the distribution of the Viterbi path. The classifier is
evaluated on two data sets, ten classes of synthetically generated linear and quadratic
chirps and naturally occurring chirps in the form of lightning discharges as recorded
by the FORTE satellite. Chapter 4 discusses these results and shows that the classifier
works well in identifying the ten different classes of synthetically generated chirps. For
broad classes of chirps, the performance shows consistent results for both the feature
extraction methods as separable clusters are formed in the feature space under the
assumption that chirps with different lengths are labeled as different classes. Different
lengths for the chirp signals signify different lengths for the Viterbi path, which in

turn, affects the polynomial curve fitting and central moments methods. This can be
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seen as a shortcoming of the classifier. However, chirps occurring naturally or as a
result of manmade phenomena vary very little, so length generally should be used as
a discriminating parameter. Hence, the ability to extract features is highly dependent
on the length of the chirp. In the presence of a high amount of noise (low SNR), the
classifier shows a degradation in performance. One way of partially overcoming this
problem is by training the Hidden Markov Model with data corresponding to that
SNR. The results also show that for chirp signals with very high rates, classification
using both the feature extraction methods deteriorates. This difficulty can be at
least partly addressed by training the HMM in such a way the state transition matrix
characterizes high rate chirps.

The FORTE data set poses a major challenge in identifying different classes
of chirps amidst varying background noise and narrowband interferences. The chirp
signals in the database vary from impulsive to low rate. Fifty signals were handpicked
to train the classifier and another 48 to evaluate it’s performance. Clustering the
feature space into two clusters separates the chirps that look almost like impulses
from those with lower chirp rates. The chirps were hand labeled as belonging to either
of the two classes and the classifier’s performance was evaluated. The classification
with central moments method shows a poorer performance compared to the curve
fitting method because the labeling was performed in the curve fitting derived feature
space due to the simplicity in the visualizing a 2-dimensional feature space. Most of
the misclassifications in both the methods can be attributed to the accuracy of the
extraction of the entire length of the chirp, or in other words, accuracy of the frequency
tracker in the presence of noise and other interferences. It shall be noted, however,

the results show that most of the chirps are quadratic in nature. When the feature
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space is divided into three clusters, no meaningful inference can be made due to the
existence of a fuzzy boundary between the three classes in the 2-D feature space.
5.2 Future Work

During the course of work on this thesis, it’s shortcomings can be viewed as
highlighting the scope for future work in the area. The previous section discusses the
pros and cons of the research reported in the thesis. Firstly, the need for a robust
classifier entails training the Hidden Markov Model in such a way as to take the Signal
to Noise Ratio into consideration. Secondly, training the HMM to incorporate signals
chirping at any arbitrary rate is an issue that needs to be addressed. Thirdly, after
tracking the frequency of the chirp signal, a better feature extraction technique which
would be independent of the length of the chirp could be important in some applica-
tions. The histogram of the path provides an estimate of the state transition matrix
associated with a given chirp signal and we might compare this histogram to those
of associated with each possible class to determine the best match. The comparison
could be performed directly using the relative entropy or Kullback-Leibler distance.
Here, we have instead used an indirect approach of computing the central moments.
Finally, a classifier that is independent of the distribution of the feature vectors would
yield better classification results. All these deficiencies could possibly be overcome
by assigning a Hidden Markov Model to every possible family of chirps. Here, we
start with the way the HMM is trained for the classifier presented in this thesis. The
Viterbi algorithm, then, tracks the frequency of the chirp for different signals from a
particular class and the Hidden Markov Model is re-trained by placing the training
data for HMM in the sequence of states exhibited by the Viterbi path. Once it has

been trained, the only possible difference would be contained in the state transition
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matrix and the observation density functions. For signals from a particular class, all
these parameters- generated by computing the optimal state sequence- could be aver-
aged. When computed for all the known classes, these parameters would characterize
the different families of chirps. To evaluate the classifier, the class corresponding to
the Hidden Markov Model yielding the largest log-likelihood for an unknown chirp
signal would be the closest match to the chirp signal. Thus, many of the shortcomings

of the classifier discussed in this thesis might be eliminated.
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Chirp Signal Generation

% >k >k 3K 3K 3K 3K 3k 5k 5k 3k 3k 5k 5k 5k 5k %k >k 3k 3k 3k 3k 3k 5k %k 5k 5k 5k %k %k K >k 3K 3K 5k 3k 3k %k %k 5k >k %k %k %K K 3K 5K 5K 5k 5k %k %k >k >k >k %k % % K 5k 5 %k > %k %k %k >k k% %

% chirpgen.m
Uy kKo sk ok ok ok ok Kok ok ook oK o ok Kok ok ook oK oK K ok oK ok ok oK oK K ok K ok oK oK oK ok K ok ok ook oK ok K ok oK ook oK ok K o

% Name: Nikhil Balachandran Date: 02/10/06
% Purpose: The program genrates isolated chirp signals in white Gaussian
% noise.

% Input: fs = Sampling Frequency

h WIN = window length

h OVER = overlap

h NFFT = FFT length

h f0 = start frequency

h f1 = end frequency

% SNR = Signal to Noise ratio (add_noise function)

% Output: classify_chirp*_x_snr_*.mat

% References: Matlab command ’chirp’

Y sk kook ok sk sk sk ok ok sk ok ok sk sk ok ok ok sk s ok ok sk ok ok sk ok s ok sk sk ok ok sk ok sk ok sk sk ok ok sk sk ok sk sk ok ok sk ko ok ok ok ok ok kR ok ok K
% clc;

clear all;

% close all;

t=0:0.000125:2 - 0.000125; % sampling
fs = 8e3;

NFFT = 512;

WIN = 256;

OVER = 128;

randn(’state’,sum(100*clock))

z = randn(length(t),1)’;

£0 = 200;
f1 = 1650;
N = 20;

for i = 1:N

y = chirp(t,f0,0.5,f1);

yl = [zeros(1,6000) y(1:6000) zeros(1,4000)];

yh = add_noise(yl,z,-10);

eval([’[C’,int2str(i),’,F,T,B] = chirprand(yh,NFFT,fs,WIN,OVER,0);’]);

f0o = fO + 20;
f1 = f1 + 20;
end

save Z:\Thesis\data\classify_chirp5_8_snr-10.mat C* T F
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Function for Chirp Signal Generation

% >k >k 3K 3K 3K 3K 3k 5k 5k 3k 3k 5k 5k 5k 5k %k >k 3k 3k 3k 3k 3k 5k %k 5k 5k 5k %k %k K >k 3K 3K 5k 3k 3k %k %k 5k >k %k %k %K K 3K 5K 5K 5k 5k %k %k >k >k >k %k % % K 5k 5 %k > %k %k %k >k k% %

% chirprand.m

%o kokokokok ok sk skeoke ok ok ok ok oo ok o o ok ok ok ok ok ok sk sk sk sk sk sk ok o s sk sk koo ok ok sk sk sk sk sk sk sk o o o s ke ok ok ok ok sk sk sk sk sk sk ok ok ok
% Name: Nikhil Balachandran Date: 02/22/06
% Purpose: The function convolves the frequencies at each time step of
% the spectrogram of the chirp with a Gaussian.

% Input: y = chirp signal

% fs = Sampling Frequency

% WIN = window length

% OVER = overlap

h NFFT = FFT length

% option = ’1’ - display chirp, ’0’ - nothing
% Output: C = convolved spectrogram of the chirp

% F = Frequency vector

% T = Time vector

% B = original spectrogram

% References:
% skt s ok skesk ok o sk sk ok ok ok sk sk o o ok sk o s ok sk o sk ok sk o o ok sk o s ok sk sk ok o ok sk o s ok sk sk o s sk sk ok o ok sk ok ok

function [C,F,T,B] = chirprand(y,NFFT,fs,WIN,OVER,option)

% y=chirp(t,0,1,300); % Start @ DC, cross 150Hz at t=1sec
% specgram(y,256,8E3,256,128); % Display the spectrogram

% plot(y);

% fvar = 0.002;

randn(’state’,sum(100*clock)) ;

% £ = fO+sqrt(fvar)*rsum(100*clock)andn(length(t),1);
[B,F,T] = specgram(y,NFFT,fs,WIN,OVER); % Display the spectrogram

f = -5:1:5; JRange of frequencies for randomness
M N] = size(B);

L = length(f);

B = abs(B);

B = B."2;

C =zeros(M +L - 1,N);

C(1:M,:) = B;
for i = 1: 1: N

= floor(abs(5 + 0.5*randn));
0;%find(abs(B(:,1)) == max(abs(B(:,1))));
/sqrt (2xpixs(i))*exp(-(£.72)/(2*s(i)));;
) = conv(B(:,1i),X);

s(1)
mu =
X=1
C(:,i
end
if (option == 1)

figure;

IMAGESC(T,F,20%10g10(C))

axis xy

colormap(jet)
end
% AM
% £f1 = 500;
% x = sin(2xpixfixt);
% a = modulate(x,3000,10e3,’am’);
% specgram(a,256,10E3,256,250); % Display the spectrogram
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Function for Chirp Signal Generation

function [y,v] = add_noise(s,v,snr)

% >k >k 3k 3K 3K 3k 3k 5k 5k 3k 3k 5k 5k >k %k >k >k 5k 3k 3k 5k 3k %k %k >k %k %k %k %k >k >k 5k 5k 5k 3k %k %k %k >k >k %k %k K 3K >k 5k 5k >k 5k %k >k >k >k >k %k %k %k >k >k >k %k %k %k >k k

% ADD_NOISE y = add_noise(s,v,snr)

% Description: This function adds additive Gaussian noise v to signal s

% resulting in SNR snr

% Input Arguments:

% Name: s

yA Type: Vector

% Description: Input Signal
h

h Name: v

h Type: Vector

% Description: Gaussian noise
b

yA Name: snr

yA Type: scalar

A Description: SNR

% Output Arguments:

yA Name: y
h Type: Vector
h Description: Output signal

h

% 3k 5k 3k 5k >k 5k >k 5k 5k 3k 5k >k 5k >k 3k >k 5k 5k >k 5k >k 3k >k 3k 5k 3k 5k >k 5k >k 3k 5k 5k 5k >k 5k >k 5k >k 3k 5k 5k 5k >k 5k >k 5k 5k 3k 5k >k 5k >k >k >k %k 5k %k 5k %k >k %k %k >k k >k %k

s = s - mean(s);

Psig = cov(s);

Pnoise = Psig/(10"(snr/10));

v = v - mean(v);

v = (sqrt(Pnoise)/sqrt(cov(v))) .*v;
y =8+ v;

y = y./max(abs(y));

% y = awgn(s,10);

<
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Training sequence for HMM

o koo ok stk o sk ok ok o ok sk ok e ok stk ok sk sk ok sk ok sk ok ok stk ok sk ok sk sk ok o ok sk o s ok stk ok s sk sk ok o ok sk ok o
% signal_chirp.m

%o Hokokok ok skokok ok ok okokok ok skokok ok ok skokok ok ok skokokok ok skokok ok ok skokok ok o skskok ok ok skokok sk ok skskok o sk sk ok ok ok sk okok ok
% Name: Nikhil Balachandran Date: 02/10/06
% Purpose: The program genrates the training signal for the HMM.

% Input: fs = Sampling Frequency

h WIN = window length

h OVER = overlap

% NFFT = FFT length

b f0 = start frequency

yA Q = No. of states in the HMM excluding zero state
h z = additive white Gaussian noise

% Output: train_sinl.mat

% References:

% sokokokokokok ok ok sk sk sk sksk sk sk sk ok s ok ke okok ok ok sk sk sk sk sksksk sk sk sk sk s ke keok ok ok sk sk sk sk sk sk sk sk sk ok sk ke ok ok ok ok sk sk sk sk sk sk sk sk ok
% Sinusoid Training Signals for chirps

clc;

clear all;

close all;

t=0:0.000125:10 - 0.000125; % sampling
fs = 8e3;

NFFT = 512;

WIN = 256;

OVER = 128;

Q= 13;

z = sqrt(0.05)*randn(length(t),1);

f0 = 50;

for j 1:Q
y = cos(pi*f0.*(t’)) + z ;%+ cos(10*pi*f0.*(t’));
if § "= 0
for i = 1:5
f0 = £0 + 100;
y =y + cos(pixf0.*(t’));
end

end
y =y - mean(y); y = y./sqrt(cov(y));
% [C1,F,T,B] = chirprand(y,NFFT,fs,WIN,OVER,1);
[B,F,T] = specgram(y,NFFT,fs,WIN,OVER); % Display the spectrogram
eval([’C’,int2str(j),’ = abs(B)."2;’]);
clear y;
% C1 = C1./(max(sum(C1)));
f0 = £f0 + 100;
end
save train_sinl.mat Cx T F
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Initialization of HMM

% >k >k 3K 3K 3K 3K 3k 5k 5k 3k 3k 5k 5k 5k 5k %k >k 3k 3k 3k 3k 3k 5k %k 5k 5k 5k %k %k K >k 3K 3K 5k 3k 3k %k %k 5k >k %k %k %K K 3K 5K 5K 5k 5k %k %k >k >k >k %k % % K 5k 5 %k > %k %k %k >k k% %

% initHMM

.m

% skt s ok sksk ok o sk sk ok ok ok sk sk o o ok sk ok s ok sk sk o sk o ok sk ok o ok sk o s o sk sk ok o ok sk o s ok sk sk ok o sk sk ok o ok sk sk ok
% Name: Nikhil Balachandran

% Purpose

% Input:

% Output:

% References: Kevin Murphy’s HMM Toolbox

: The function initializes the HMM.

M
Q:
cov
dat

prior0 = initial probability od the states

tr
mu
Si
mi

No. of Gaussian mixtures
No. of states in the HMM

Date: 05/25/06

_type = type of covaraince matrix (full, diagonal, etc.)

a = input to the HMM

ansmatO = intial estimate of the state transition matrix

_t = mean for each state
gma_t = covariance matrix for each state
xmat0 = mixtures

% >k >k 3K 3K 3K 3k 5k 5k 5k 3k 3k 5k 5k >k %k >k >k 3k 3k 3k 3k 3k 5k %k >k 5k %k %k %k >k >k 5k 5k 5k 3k 3k %k %k >k >k %k %k K >k >k 5k 5k 5k 5k %k >k >k >k >k %k %k K >k >k >k >k >k %k %k %k >k >k % %

function [prior0O,transmatO,mu_t,Sigma_t,mixmatO]

% initial guess of parameters
% prior0 = [1 zeros(1,Q-1)];
% prior0 = [0.5 0.5];

stochastic(rand(1,Q));

% transmatO = 0.0001*ones(Q);

prior0 = mk_
h £ = [1:Q];
% s = 10;
% mu = 1;

% for i = 1:Q

% transmatO0(i,:)
% mi = mu + 1;
% end

% transmatO
% transmatO

transmatO

mk_stochastic(rand(Q,Q));

% transmatO = [0.9 0.1; 0.1 0.9];

[mu0, Sigma0] = mixgauss_init(Q*M, data, cov_type);

z = max(mu0) ;
1 Q
[r(i) c(i)] = find(muO == z(i));

for i =1

end
[1 in] =
mu_t(:,:)

sor

t(r);
muO(:,in);

Sigma_t(:,:,:) = SigmaO(:,:,in);

% muO

%  Sigmal =
% mixmatO = ones(Q,1);

mixmatO

reshape(mu0, [0 Q M]);

reshape(Sigma0O, [0 0 Q M]);

mk_stochastic(rand(Q,M));

mk_stochastic(transmatO) ;
mk_leftright_transmat(Q, 0.9);
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Code for Feature Extraction (Curve Fitting)

O skekeoksk ok sk sk sk sk o sk sk sk ok sk sk ok sk ok sk sk sk sk sk sk sk ok sk sk ok sk sk sk sk sk sk sk sk sk ok sk sk ok sk sk ok sk sk sk sk sk sk ok ok sk ok
% test_hmm_chirpv4.m

O sk kb ok stk sk sk sk ok sk sk ok sk sk ok sk o sk sk ok sk ok sk sk o sk sk sk s sk ks sk ok sk sk ok sk sk o sk sk sk ok sk sk ok ok sk
Nikhil Balachandran Date: 05/25/06

% Name:

% Purpose: The program detcts, tracks and extracts paramters from the chirp.
(Polynomial Curve Fitting)

% Input: model5_trans.mat
% Output: chirp*_x_snr*.mat (P has the coefficients.)

% References: Kevin Murphy’s HMM Toolbox, Matlab command ’polyfit’
% kst ok stk sk sk ok ok ok ok sk sk s ok stk sk sk ok sk sk sk ok stk sk ok stk ok sk ok sk sk sk ok stk ok s ok stk ok sk sk sk ok o ok sk ok ok

% clc;

clear all;
close all;
load model5_trans.mat

N = 20;
M = 15;

addpath(genpath(’/home/graduate/nikhilb/Thesis/HMMall’));

for 1 = [4,5]
for k = [-10,-7,-5,0,5,10] % SNR

for j = [1:3,7:12] 7 classes

eval([’load /home/graduate/nikhilb/Thesis/data/test_chirp’,...

end
end
% end

end

int2str(1),’_’,int2str(j),’_snr’,int2str(k),’.mat;’]);

% Using Viterbi path algorithm

for

end

%

eval([’save /home/graduate/nikhilb/Thesis/data/curvefit/chirp’...
,int2str(1),’_’,int2str(j),’ _snr’,int2str(k),’.mat P;’]);

i=1:N

eval([’data = mk_unit_norm(C’,int2str(i),’);’]1);

test_data = data(5:261,:);

% test_data = fliplr(data4(5:261,:));

[loglik,error,obslik] = mhmm_logprob(test_data, priorl,...
transmatl, mul, Sigmal, mixmatl);

path = viterbi_path(priorl, transmatl, obslik);

nnull = find(path™=1);
if "isempty(nnull)
if length(nnull) > 3
patht = path(annull);
actpath = path(nnull(1) :nnull(length(nnull)));
actpath(find(actpath == 1)) = mean(patht);
end
else actpath = path;
end
X = [1:1length(actpath)];
% Poynomial Coefficients
[P(i,:),S,MU] = polyfit(X,actpath,2);
val = polyval(P(i,:),X,S,MU);
% figure;hist(path, [1:15]);
% plot(actpath) ;hold;plot(val);hold off;

plot(P5_1_snr0(:,1),P5_1_snr0(:,2),’bx’);grid;
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Code for Feature Extraction (Central Moments)

stk sk sk sk sk sk sk sk sk sk o o ok ok ok ok ok sk sk sk sk sksksk sk sk sk sk s ok ke ok ok ok sk sk sk sk sk sk sk sk sk sk sk sk ok ok okok ok sk sk sk sk sk sk sk sk sk sk sk sk o ok ok

test_hmm_chirpvb_hist.m

sk sk stk ok ok ok oo o o o ok ok ok ok ok ok sk sk sk sk sk ok o o sk sk ko ook ok ok sk sk sk sk sk sk s o o o s ok ok ok sk sk sk sk sk sk sk sk ok o s ke ke ok

Name: Nikhil Balachandran Date: 05/25/06

Purpose: The program detcts, tracks and extracts paramters from the chirp.
(Central moments)

Input: model5_trans.mat

OQutput: chirp#_*_snr*_mom.mat (m has the central moments.)

h

% References: Kevin Murphy’s HMM Toolbox, Matlab command ’polyfit’

% kst ok stk sk sk ok ok ok ok sk sk s ok stk sk sk ok sk sk sk ok stk sk ok stk ok sk ok sk sk sk ok stk ok s ok stk ok sk sk sk ok o ok sk ok ok
% clc;

clear all;

% close all;

h

load C:\data\sample.mat

load model5_trans.mat

N
M

= 20;
= 15;

addpath(genpath(’/home/graduate/nikhilb/Thesis/HMMall’));
for 1 = [4,5]

for k = [-10,-7,-5,0,5,10] % SNR
for j = [1:3,7:12] % classes
eval([’load /home/graduate/nikhilb/Thesis/data/test_chirp’,...
int2str(l),’_’,int2str(j),’ _snr’,int2str(k),’.mat;’]);
% Using Viterbi path algorithm
fori=1:N
eval([’data = mk_unit_norm(C’,int2str(i),’);’]1);
% Removed int2str for data....no point!!
test_data = data(5:261,:);
% test_data = fliplr(data4(5:261,:));
[loglik,error,obslik] = mhmm_logprob(test_data, priori,...
transmatl, mul, Sigmal, mixmatl);
path = viterbi_path(priorl, transmatl, obslik);

nnull = find(path™=1);
if “isempty(nnull)
if length(nnull) > 3
patht = path(nnull);
actpath = path(nnull(1) :nnull(length(nnull)));
actpath(find(actpath == 1)) = mean(patht);
end
else actpath = path;
end
% Central Moments
[R,X] = hist(actpath,[1:14]);
ml = sum(X.*(R./(sumn(R))));
m2 = sum((X."2).*(R./(sum(R)))) - ml1."2 ;
m3 = sum(((X-m1)."3).*(R./(sum(R))));
m4 = sum(((X-m1).74).*(R./(sum(R))));
m5 = sum(((X-m1).75) .*(R./(sum(R))));
m(i,:) = [m2 m3 m4 mb5];
end
% plot3(m(:,1),m(:,2),m(:,3),’ks’) ;grid;
eval([’save /home/graduate/nikhilb/Thesis/data/mom/chirp’,...
int2str(l),’_’,int2str(j),’_snr’,int2str(k),’ _mom.mat m;’]);

63



56
o7
o8

end

end

end
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Code for evaluating the classifier (Bayesian Classifier)

% sokokokokokokok ok sk sk sk sksk sk sk sk ok ok ok ke ofok ok ok sk sk sk sk sksksk sk sk sk sk ok ke oke ok ok sk sk sk sk sk sk sk sk sk sk ok sk sk ke kok ok ok sk sk sk sk sk sk sk sk ok

% bayesian_classifier.m

%o kokokokok ok sk skeoke ok ok ok ok oo ok o o ok ok ok ok ok ok sk sk sk sk sk sk ok o s sk sk koo ok ok sk sk sk sk sk sk sk o o o s ke ok ok ok ok sk sk sk sk sk sk ok ok ok

% Name: Nikhil Balachandran Date: 06/15/06

% Purpose: The program trains the Bayesian Classifier by computing the

% discriminant functions. The commented part is used to evaluate
% the classifier.

% Input: test.mat

% Q = No. of states in the HMM

% cov_type = type of covaraince matrix (full, diagonal, etc.)
% Output: model6_trans.mat

% References: ’Pattern Classification’ by Duda, Hart and Stork.

% 3k 3k 3k 5k 3k 3k 3k 3k 3K 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 5k 3k 3k 3k Sk Sk Sk Sk Sk Sk Sk Sk Sk Sk Sk Sk Sk Sk 5k ok ok ok ok ok ok ok 3k 3k k sk k k k k-

clc;

clear all;

close all;

N = 8;

load C:\data\test.mat

test = test(:,1:2)’;testl = test’;

for k =0

for j=1: N

eval([’load C:\data\Pc’,int2str(j),’_snr’,int2str(k),’.mat’]);
eval([’P = Pc’,int2str(j),’(:,1:2);°1);
M = size(P4,1);

P4 = P4’
P5 = P5’;
ml = mean(P4’);ml = ml1’;
m2 = mean(P5’);m2 = m2’;

sigl = zeros(2);

sig2 = zeros(2);

for k = 1:M
sigl = (P4(:,k) - m1)*(P4(:,k) - ml)’ + sigl;
sig2 = (P5(:,k) - m2)*(P5(:,k) - m2)’ + sig2;

end

sigl sigl/10;

sig2 = sig2/10;

eval ([’W4’,int2str(j),’= (-0.5)*inv(sigl);’]1);

eval([’w4’,int2str(j),’= inv(sigl)*ml;’]);

mlt = ml’;

eval([’w40’,int2str(j),...

’= (-0.5)*mlt*inv(sigl)*ml - 0.5%log(det(sigl));’1);
eval([’save C:\data\param4c’,int2str(j),’ W4’,int2str(j),...
’ w4’ ,int2str(j),’ w40’,int2str(j),’;’1);

eval([’W5’,int2str(j),’= (-0.5)*inv(sig2);’]1);
eval ([’w5’,int2str(j),’= inv(sig2)*m2;°]);
m2t = m2’;
eval([’w50’,int2str(j),. ..

’= (-0.5)*m2t*inv(sig2)*m2 - 0.5%log(det(sig2));’1);
eval([’save C:\data\parambc’,int2str(j),’ W5’,int2str(j),...

> w5’ ,int2str(j),’ wh0’,int2str(j),’;’1);

% plot(m1(1,:),m1(2,:),’b*’);hold on;plot(m2(1,:),m2(2,:),’m*’);
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end
end
% g=0;
% for i = 1: N
% eval([’load C:\data\param4c’,int2str(i),’.mat’]);
% eval([’load C:\data\parambc’,int2str(i),’.mat’]);
% eval([’w = w4’ ,int2str(i),’;’]);
h wo=w;
% eval([’gd = testlxW4’,int2str(i),’*test + wxtest + w40’,int2str(i),’;’]1);
%
% eval([’wl = wb’,int2str(i),’;’]);
% wl = wl’;
% eval([’gh = testl*W5’,int2str(i),’*test + wl*test + wb0’,int2str(i),’;’]);
%
% g = [g g4 gb1;
% end
% g = g(2:end);
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