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(ABSTRACT) 

Bottlenose dolphin (Tursiops truncatus) whistles are currently studied by 

subjective visual comparison of whistle spectrograms. This thesis describes the 

novel use of stochastic modeling to automate the comparison of dolphin whistles 

and to yield an objective, quantitative measure of whistle similarity. The 

relationship of bottlenose dolphin whistle production to a model of human speech 

production is discussed, providing a basis for the use of human speech recognition 

techniques for creating whistle models. 

Discrete hidden Markov models based on vector quantization of linear 

prediction coefficients are used to create whistle models based on statistical 

information derived from a sample set of dolphin whistles. Whistle model 

comparison results are presented indicating that evaluation of bottlenose dolphin 

whistles via hidden Markov modeling provides an objective measure of similarity 

between whistles. The results also demonstrate that hidden Markov models 

provide robustness against the effects of temporal and frequency variance in the



comparison of whistles. The extensibility of stochastic modeling techniques to other 

animal vocalizations is discussed and possibilities for further work in areas such 

as the determination of possible structural components, similar to phonemes in 

human speech, is provided. 
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1 Justification 

Bottlenose dolphins (7Tursiops truncatus) communicate with regular, 

individual, whistle patterns called signature whistles. Research is underway to 

discover the relationship of signature whistles to dolphin social structures [1]. 

Aspects of group structures such as mimicry of signature whistles by pod members 

and familial whistle characteristics are providing new information to the scientific 

community regarding the social order of dolphins [2][3]. 

The study of signature whistles is based upon the comparison of recorded 

dolphin whistles obtained from captive dolphins, wild dolphins that have been 

recorded during brief captivity, and wild dolphins recorded in their natural 

surroundings. Evaluation of whistles is performed using spectrograms, which are 

plots of frequency variation over time. The magnitude of the recorded whistle at 

any frequency is represented as a gray or color scale value. These displays have 

merit in that they provide a visual representation of the sound that can be useful 

in identifying some of its features, but they provide only for a subjective 

interpretation of the relationships among individual signature whistles. Comparison 

of spectrograms of animal vocalizations has generally been by visual analysis of 

similarity, multivariate quantification of spectrogram features, or a point for point 

correlation on a graphics display that yields a similarity score. 

Visual methods provide a qualitative analysis of whistle differences, but they 

are very time consuming and do not provide a repeatable method [4]. Quantitative



measurements of any selected feature that are made by visual inspection of 

spectrograms are also subject to variation due to differences in perception by 

different researchers [5], as are the set of features used by different researchers 

[6]. Comparison of spectrograms of animal vocalizations is further susceptible to 

inconsistency due to natural differences, such as duration or frequency 

perturbations due to accentuation [5]. For example, an excited dolphin may issue 

a signature whistle with the same frequency contours as when relaxed, but it may 

be of shorter duration. Similarly, the whistle frequencies may vary with the 

dolphin’s emotions. These types of variation may cause discrepancies in the 

comparison of spectrograms, particularly when comparisons are performed by 

different researchers. A more consistent, quantifiable measure of similarity would 

be desirable. 

Cross correlations of spectrograms can be used to provide a quantitative 

comparison of animal vocalizations. The quantitative score is the maximum 

correlation coefficient that is produced from the cross correlation of two amplitude- 

normalized spectrograms on the time axis. In their study of swamp sparrow 

vocalizations using cross correlation techniques, Clark, et al [7], also performed a 

cross correlation on the frequency axis to remove absolute frequency differences 

prior to time axis correlation, but they did not integrate the frequency axis 

correlation coefficient into the final similarity score. 

Cross correlations are limited in their ability to provide a sound comparison



of two spectrograms due to natural variations that may occur in animal 

vocalizations. This is evident in the swamp sparrow study by Clark, et al, in which 

three spectrograms denoted A, B, and C from a single sparrow were compared in 

pairs. The normalized time axis cross correlation coefficient, after frequency 

shifting, for A cross B was 57%. The coefficient for B cross C was 87%. Visual 

inspection of the spectrogram contours indicated that they were all very similar with 

the exception that spectrogram A was longer in duration. This "stretching" in the 

time domain caused a reduction in the correlation coefficient yielding the 

appearance of substantial dissimilarity between the whistles. Although not 

apparent in the study cited, this same type of discrepancy could occur for 

correlations performed on the frequency axis of the spectrograms. 

Both visual inspection and cross correlation incur a storage burden on the 

computer used for analysis because of the need to either store complete 

spectrograms of each vocalization to be compared or to regenerate them from 

Original data each time a comparison is to be made. 

The purpose of this study is to provide a better quantifiable measure of 

similarity between dolphin whistles than that provided by spectrograms, by 

extending the human speech recognition techniques of vector quantization and 

hidden Markov modeling to the evaluation of dolphin whistles. Consistent 

comparison of dolphin signature whistles requires an objective, quantitative 

measure of whistle similarity that is based on the important features of the signal.



Hidden Markov models provide a means by which signals can be characterized 

statistically, making it possible to reduce or eliminate the effects of normal signal 

variation in a comparison of the significant features of these signals [19][21]. 

Hidden Markov modeling is well founded in human speech recognition work and 

has been used in conjunction with other techniques to achieve isolated word 

recognition accuracies near 100% for 10 talkers each speaking 200 decimal digits 

and for 100 talkers each speaking 10 decimal digits [8]. 

Vector quantization and hidden Markov modeling techniques are extensible 

to dolphin whistles by relating a word of human speech to a single loop, or 

repetition, of a dolphin signature whistle. Voiced human speech, those sounds 

produced with excitation from the vocal folds (e.g. "a", “e"), can be modeled as a 

pulse train excitation source shaped by a spectral filter [9]. This model is depicted 

in Figure 1.1. Vocal folds vibrating due to airflow and pressure from the lungs 

equate to the pulse train source, and the vocal tract from the glottis to the lips 

provides spectral shape filtering of that source [10]. Dolphins produce whistles by 

forcing air into and between a group of air sacs in their heads. The associated 

structures which relate the human speech model to dolphin whistle production are 

the nasopharyngeal air space which is the source of air pressure, the nasal plugs 

which produce sound and the nasal air sacs which perform spectral shape filtering 

to produce whistles [11]. The model of human speech production is expected, 

therefore, to apply to the production of dolphin signature whistles and hidden



Markov modeling should prove to be a viable technique for dolphin signature 

whistle analysis.
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Figure 1.1. Model of the production of voiced speech.



2 Background 

Several steps are required to produce a stochastic model of a signal. The 

full set of data samples representing the signal must be reduced to a more 

compact representation to make processing tractable. The set of features to be 

modeled must be derived from the data, and the model must be created by 

deriving individual probabilities for the occurrence of those features in the signal. 

Linear prediction, vector quantization, and hidden Markov modeling are the 

respective techniques by which these steps may be accomplished. 

2.1 Linear Prediction 

To reduce the amount of data to be processed and to begin characterization 

of the input signal for modeling, linear prediction coefficients (LPC) are derived 

from input data. Linear prediction analysis attempts to model the present input 

signal value as a linear combination of past signal values. This in its simplest and 

most common model [27] translates to the difference equation 

p 
s(n)=-)~ a,s(n-k) +Gu(n) (2.1) 

k=1 

This equation relates directly to the simplified model of speech production [9] that 

is being used as the model for dolphin whistle production as explained in Chapter 

1. 

The transfer function, H(z), associated with equation (2.1) is given by



  

(2) P 
1+¥° a,z* 

k=1 

and is seen to be an all-pole digital filter with gain, G. Computation of the filter 

coefficients can be accomplished in several ways [27]. The method of least 

squares is often used because it operates under the assumption that the current 

input, u(n), is unknown, which is the case for linear prediction. The method of least 

squares attempts to minimize the error, e(n), between the actual signal, s(n), and 

the predicted signal, s’(n), where s’(n) is based only on past input samples. 

p 

s‘(n)=-)> a,s(n-k) (2.3) 

e(n)=s(n)-s’(n) (2.4) 

Ignoring limits of summation for a moment, minimization of the squared error, 

E=-)~ [s(n)*° a,s(n-k)? | (2.5) 

results in what are known as the normal equations, 

x ay, s(n-k)s(n-/)=-}> s(n)s(n-/)) ~~ 1siKp (2.6) 
k=1 n n 

which produces



E=)~ s*(n) > ay. s(n)s(n-k) (2.7) 

for the squared error value. If the summations over n are taken from —oo < nN << 

then the normal equations and the p-th order squared error value reduce to 

x a,A(i-k)=-R(i) 1<iKp (2.8) 

and 

E,-Rl0)+)o a,A(k) (2.9) 

respectively, where 

R= s(n)s(n+i) (2.10) 
N=-00 

is the autocorrelation function of s(n). The values, a,, from equation (2.8) are the 

linear prediction coefficients. This set of equations can be solved by direct matrix 

inversion or by recursive techniques. 

It is unrealistic to perform summations over the interval -.0 <n < © fora 

real-world signal as is assumed in the autocorrelation function. Therefore the 

signal must be segmented into analysis frames prior to LPC processing. This 

segmentation, referred to as windowing, allows time varying signals such as 

speech to be analyzed over relatively short intervals, preserving spectral detail that 

may be averaged out if the analysis is performed over the entire signal. The



choice of analysis interval is therefore data dependent. Common analysis intervals 

are 15-20 ms worth of samples for voiced speech and 2-4 ms for unvoiced speech 

[9, pp. 399][29, pp. 156-157]. These durations are based on the need to cover at 

least two fundamental periods (pitch periods) per analysis interval to accommodate 

distortion introduced by truncating the data to form the interval [10, pp. 354]. 

Windowing can also increase computational efficiency by allowing processing over 

sample intervals that are feasible to work with on a computer system. 

A window on an interval may have a simple rectangular shape or a shape 

that attenuates certain values depending on their position within the window. Use 

of one of a variety of bell shaped windows rather than a rectangular window 

reduces spectral distortion caused by the LPC filter trying to predict a value from 

zero values outside the frame and predict zero at the end of the frame from actual 

samples within the frame [9, pp. 402][29, pp. 157-158]. The Hamming window is 

an example of a bell shaped window that has extensive use in linear prediction 

and speech recognition literature [27][9, pp. 401]. It is used for many speech 

applications due to its -41 dB peak side lobe amplitude [12] that provides 

adequate attenuation of spectral effects from the discontinuities at the ends of the 

analysis interval, while passing signal information. 

As mentioned earlier in this section, the set of equations resulting from least 

mean squares analysis can be solved by direct matrix inversion of the equation set 

or by recursive techniques. Recursive techniques have been formulated by 

10



Levinson [13], Robinson [14] and Durbin [13][27] that are much less 

computationally expensive than direct matrix inversion and are guaranteed to 

produce poles inside the unit circle, implying a stable filter [27]. These techniques 

are known as the autocorrelation method of LPC analysis. 

All three methods take advantage of the Toeplitz nature of the 

autocorrelation matrix that results from equation (2.8) and the fact that the 

autocorrelation matrix is positive definite. Equation (2.11) shows the matrix form 

  

R, R, RB ... Baal la, R, 

R R, R, R,.o| | a R, 

R, A, Fy Fs a, R, 
__ (2.11) 

Ror Por Rog --- Pol fa, R,           
of this equation. Robinson’s and Levinson’s solutions assume that the column 

matrix on the right hand side of the equation is a general column vector. Durbin’s 

method makes use of the fact that the elements of the right hand matrix are 

elements that are also used on the left hand side of the equation. This realization 

produces an approximate doubling in computational speed as compared to 

Levinson’s and Robinson’s methods. All three solutions are very similar. Only 

11



Robinson’s solution will be presented here because it is a faster implementation 

than Levinson’s and a more general solution than Durbin’s. Durbin’s solution has 

also been known to be numerically unstable in some instances [27]. 

Robinson's recursive solution to the autocorrelation method of linear 

prediction is as follows: 

initialization: 

a = 1 (2.12) 

a= 0 i= 1,2,...,p (2.13) 

E, = R(0) (2.14) 

recursion: 

d, a,R(m-i+1) (2.15) 

Kinet = 

E 

A= 4+ki 4 ay i=1,2,...,m (2.16) 

Bnet = Kinet (2.17) 

E.., = (1-k?,.,)E, (2.18) 

equations (2.15) - (2.18) are solved recursively for m = 0, 1, ..., p-1, where p is 

the order of the LPC analysis. The final set of linear prediction coefficients is given 

12



by 

a-al) — t<i<p (2.19) 

indicating that the final recursion for m = p—1 yields the desired set of coefficients. 

The order of linear prediction analysis, p, affects how accurately the output 

coefficients represent the input data, as well as the amount of computational power 

and coefficient storage space that is required for processing. It is therefore a 

parameter that should be chosen carefully. Makhoul suggests two criteria that 

may be used to find the appropriate order for linear prediction analysis [27]. The 

first is a simple threshold test based on the change in squared error from one 

order to the next: 

1- <6 (2.20) 
p 

  

The threshold 5 is empirical, based on performance expectations or previous 

experience. The test must succeed for several consecutive values of p to be more 

confident that the error curve has flattened out. 

The second test finds the order that yields a minimum test value, I{p), based 

on normalized squared error, V(p), and a function of the number of poles, frame 

size, and window type. As shown in equation (2.21), I(p) is comprised of a 

decreasing logarithmic term and an increasing linear term. The optimum balance 

is achieved at the minimum value of I(p). This test is based on an information 

13



theoretic criterion put forth by Akaike [15] and provides a result that is based 

completely on the data being tested rather than an hypothesis of what should or 

should not be an optimal value. 

(p) =logV, + 2? (2.21) 
N, 

y= Fe (2.22) 
" R(0) 

N,=.4N for Hamming window (2.23) 

Both LPC order criteria are applied to data on a frame by frame basis with 

subsequent histogram analysis required to determine the most frequently occurring 

value from the resulting frame values. 

Even with an "optimal" analysis order chosen, the amount of data reduction 

produced by LPC analysis, while substantial, is usually not sufficient for use in 

modeling procedures like hidden Markov modeling. The LPC vector space is 

continuous in amplitude, allowing for resolution as fine as the computational tools 

used for analysis provide. This can lead to redundancy in the data where vectors 

differ only in insignificant degrees. Fortunately, a technique called vector 

quantization is available to alleviate this problem. 

14



2.2 Vector Quantization 

Vector quantization (VQ) is a data reduction technique that approximates 

a continuous-amplitude signal with vectors of discrete amplitude signals [16]. For 

the present study, VQ is used to reduce LPC data to a manageable size set of 

signal features by quantizing each LPC vector into one of a set of vectors that is 

representative of the type of signal that is to be processed. This representative 

set of vectors, called a codebook, becomes the observation set upon which hidden 

Markov models are based. 

Codebooks are created by partitioning the N-dimensional space of the data 

vectors to be processed into M regions, where M is the size of the codebook to be 

produced. Each data vector that falls within a given region is then associated with 

an N-dimensional codebook vector that represents that region. Data vectors in the 

training set may be partitioned into codebook vectors by any of a number of 

algorithms [17]. One of the simplest and most often used partitioning algorithms 

is the LBG (due to Linde, Buzo and Gray) algorithm [18]. This algorithm, as 

outlined subsequently, partitions the training set into a locally optimum set of 

codebook vectors. The codebook is locally optimum in the sense that the overall 

distortion between the training data and the resultant codebook vectors is 

minimized. This is achieved in the LBG algorithm by minimizing the distortion 

between each training vector and the resultant codebook vector. The simplest 

distortion measure to use for this process is the mean-square error, which is the 

15



mean of the sum of the squares of the differences between an input vector, x, and 

a codebook vector, y. Minimization of this mean square error, d(x,y), as shown 

below, results in determining the centroid of the training set vector space. 

N 

Ax Y= OI? (2.24) 
k=1 

The LBG algorithm can be stated in a step by step manner as follows: 

1) Find the centroid of the N-dimensional training set. 

2) Split each centroid into two "centroids" along a random vector axis. 
3) Partition the training set of data vectors into subsets based on minimum 

mean square distance error between each data vector and the code vectors 
(centroids). 

4) Find the centroid of each new subset . 

5) If the average distortion between the training data and the new code 
vectors (centroids) is less than a certain empirical threshold (e.g. 0.5% 

change between iterations [18, pp. 93]) then go to step 6, otherwise return 

to step 3. 
6) If the desired number of code vectors has been created then end, otherwise 

return to step 2 for each new centroid. 

This procedure is shown graphically in Figure 2.1 for an 8 vector codebook 

in a two dimensional vector space. The centroid of the entire training data set is 

shown in Figure 2.1 A. This corresponds to step 1, above. The splitting of 

centroids is accomplished by perturbing each centroid by a small value such as 

+0.0001 in a single random component of the centroid vector. This results in a 

pair of new "centroids" that are different only by 0.0001 along a random axis (here 

the vertical axis) in the N-dimensional space (Figure 2.1 B). These split centroids 

temporarily become new code vectors that allow for data partitioning in step 3 of 

16
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Figure 2.1. Vector quantization using the LBG algorithm. 
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the LBG algorithm. Once the training data is partitioned according to its closest 

code vector (in a mean square distance error sense), the centroid is computed for 

each new subset of the training data (Figure 2.1 C). In the case of Figure 2.1 C, 

it is assumed that the minimum distortion threshold test of step 5 of the LBG 

algorithm has not been met. The process therefore returns to step 3 in which the 

data points are repartitioned to minimize the distortion with the code vectors 

(Figure 2.1 D). Figure 2.1 E shows the result of the following iteration after the 

criterion of step 5 was met due to the repartitioning that was performed in 

Figure 2.1 D. In Figure 2.1 E, the centroids of Figure 2.1 D have been split, the 

training data partitioned, new centroids computed, and it is assumed that the 

minimum distortion threshold requirement was met. The algorithm is ended after 

another iteration, the result of which is shown in Figure 2.1 F, in which the 

minimum distortion criterion is met and the number of desired code vectors is 

achieved. 

As noted previously, this algorithm achieves a locally optimum set of code 

vectors. A global optimum is not necessarily obtained due to the random 

component in splitting centroids. To achieve a globally or nearly globally optimum 

set of code vectors the algorithm may be run several times on the same data 

which allows for partitioning with different random components. The resultant 

codebook with the least overall distortion will be the closest to being globally 

optimum. 

18



Once a codebook is created, data may be quantized to values from the 

codebook. This is accomplished in much the same way as the construction of the 

codebook. A data vector to be quantized is evaluated against each codebook 

vector and assigned the value of the codebook vector that has the minimum mean 

square distance error with respect to the data vector. Very often only a scalar 

value is assigned in this quantization procedure because each code vector can be 

identified by a scalar value within the codebook. For instance a 256 vector 

codebook contains code vectors 0, 1, 2, ..., 255. These quantized values are the 

signal features that form the basis upon which the signal is_ statistically 

characterized by hidden Markov modeling. 

2.3. Hidden Markov Modeling 

Hidden Markov modeling is a technique by which a signal is modeled 

according to its representative statistical characteristics. Because of this statistical 

foundation, hidden Markov models (HMM) provide robustness against the 

misidentification of signals due to some degree of change in timebase or pitch and, 

depending on the model format used, the addition or deletion of portions of a 

signal [19][21]. 

The type of HMM to be described here is a common form known as a first 

order discrete HMM. An HMM is discrete if the signal observations used to create 

the model were quantized rather than continuous in amplitude. This form of the 

19



model is common for use in isolated word speech recognition tasks, particularly 

those using vector quantization because the VQ output directly becomes the signal 

observation data for the model. Discrete HMMs are described by three matrices, 

one of which describes the initial conditions of the model. It usually degenerates 

to a unit scalar value. The other two matrices describe the probabilities of seeing 

a particular signal observation at a given time given the previous observation. This 

dependence on one previous event is the reason why this type of model is referred 

to as a first order hidden Markov model. 

Variations in the timing or pitch of a signal may also be addressed by 

another proven technique known as dynamic time warping (DTW). DTW is based 

on matching an observed signal to one or more representative templates and 

finding the best fit. Time is "warped" in a nonlinear fashion using dynamic 

programming techniques and the input signal is compared to the reference 

templates using some distance measure. While this method has proven to be very 

successful in identifying isolated words of speech, it has also proven to be 

approximately 17 times more computationally intensive and 10 times more storage 

intensive than the use of HMMs [8]. DTW is also a more restrictive analysis 

method that relies on heuristic functions for time normalization. These heuristic 

functions generally impose constraints on the mapping of the input signal to the 

reference template and do not provide a specific method for optimizing the 

mapping functions used [21]. Therefore, only hidden Markov modeling is 

20



addressed in the remainder of this thesis. 

Formally, “an HMM is a doubly stochastic process with an underlying 

stochastic process that is not observable (it is hidden), but can only be observed 

through another set of stochastic processes that produce the sequence of 

observed symbols [19]." 

The term, “doubly stochastic," in this definition refers to the dependence of 

the likelinood score, which is produced by the comparison between an input signal 

and a model, on probabilities associated with the present input signal feature 

observation and the previous input signal feature observation. The underlying 

stochastic process is the mechanism by which the signal is evaluated against the 

model probabilities. This structure is viewed as a series of states or nodes that 

have no physical meaning other than to represent a point in the evaluation of the 

model at which an observation of a signal feature occurs. Refer to Figure 2.2. In 

this figure the states are marked a, b, c, and d, and the state transition paths are 

represented with arrows. The path taken through these states to achieve the 

maximum likelihood that a given signal is the same as the modeled signal, is not 

recovered by the stochastic process that produces the likelinood score. Thus the 

term hidden; only the feature observations associated with a state are apparent. 

The latter property refers to the fact that the hidden state sequence is recoverable 

using other stochastic methods. 

An HMM is therefore comprised of the following pieces [19]: 

21



  

    
    

Figure 2.2. Generic unconstrained four state hidden Markov model topology. 
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1) A finite number of states, N. 

2) A state transition probability matrix, A, indicating the probability of 

transitioning from one state to another. This matrix has dimension N by N. 
3) An observation probability matrix, B, indicating the probability of an 

observation occurring in a given state. This matrix has dimension N by M, 
where M is the number of discrete observations possible (VQ codebook 
size). 

4) An initial state distribution, 2, that indicates the probability of starting in a 
given state. This is a 1 by N matrix and as will be explained subsequently, 

it usually degenerates to a scalar unit value. 

Example equations of these pieces for a four state model (N=4) and a codebook 
of 5 vectors (M=5) are shown in equations (2.25) through (2.27). 

| | 
| Ain Ars ad 7 15 15 0 | 

aa Ay, Abs Aee| | 0 7 15 15 (2.25) 

|e: Aap Aq Aaa | 0 7 38 

a, Ayo Aug ay,| [Oo O O 1| 

b,(O,) 5,(O,) b,(O,) b,(O,) b,(O3) | 5 0 2 1 2| 

b{O,) b,(O,) (03) b,(0,) &(0;)| |.45 .7 1 0 .05| (2.26) 
b,(O,) b(O,) b,(O,) b,(O,) b(0,)}|0 4 03 3| 
b(O,) b4(Q,) by(O,) b(O,) 6,(0,)| 1.05.15 0 6 2| 

M=|%, Tk) M T,|=|1 0 0 O| (2.27) 

HMM state transition times are clocked using the variable, t, with T being 

the length of an observation sequence. A common notation for an HMM that will 

be used here is, 

23



i = (A,B,r) (2.28) 

There are three problems that must be solved to exploit HMMs, two of 

which are of chief importance in this study. These three problems are: 

1) Model training: How are optimal model parameters derived? 

2) State sequence derivation: Given an observation sequence, how is the 
appropriate state sequence found? 

3) The evaluation problem: Given an observation sequence and a model, what 

is the probability that the model represents the observation sequence? 

The solutions to problems one and three are described below. Problem two may 

have import in future research but is not of consequence in the present study. 

Hidden Markov models are trained by deriving observation (B) and state 

transition (A) probabilities from a data set that represents the signal to be 

modeled. Because there is no known analytical solution to the training problem, 

it has classically been solved using the iterative Baum-Welch algorithm. 

The basic building blocks of the Baum-Welch algorithm are the forward 

variable, o,(i), and the backward variable, B,(i). To explain these variables, the 

following notation is required: 

a, = Probability of transitioning from state i to state j. 
b(O,,,) = Probability of seeing observation t+1 while in state j. 
q, = state i. 
t = time index. 

The forward variable can now be defined as 

24



ai) = PrO,,O,,...,0, i, = q, | A) (2.29) 

which is the probability of the partial observation sequence until time t and state 

q, at time t, of the given model [19]. 

The backward variable is similarly defined as 

Ba) = PRO, On Op | k= A AY (2.30) 

which is the probability of the partial observation sequence from t+1 to the end, 

given state q, at time t and the model, A. 

It follows that a,,,(j) is the sum of the products of the partial observation 

sequences ending in state i at the previous time, t, and the probability of 

transitioning from that state i to the present state j. This sum must then be 

multiplied by the probability of the occurrence of the observation of time t+1 while 

in state j. Mathematically this looks like 

O,,,/) io {i)a,]b (O,.,) (2.31) 

with starting conditions set as 

a,(/) = 7,b{O,) 1<i<N (2.32) 

for t= 1,2,..., T-1 and 1<j<N. A very similar description leads to the formula 

for the backward variable 
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N 

BAA) -» a,b (O,.,)Br1() (2.33) 

a 

with known conditions 

BA) = 1 1<i<N (2.34) 

fort = T-1, T-2, ...., 1 and 1<i<N. 

With these building blocks in place the probability of any partial observation 

sequence may be evaluated. The trick is, however, to use these tools to change 

the model matrix probabilities to maximize the probability of the training 

observation sequence given the model. Required for this are the probability of 

being in state q, at time t given the observation sequence and the model, and the 

probability of a state sequence being in state q, at time t and making a transition 

to state q, at time t+1 given the observation sequence and the model. These 

variables, denoted y,(i) and €,(i,j), respectively, are defined as 

  

  

_ _ _ a()B A) 2.35 
¥{) = Pri=q,|O,A) PHO) (2.35) 

vy yj = _ a,()a,b{O,,,)B..4() 2 36 
Sid) PHILA hee q;|O,A) POI) ( ) 

The probability of the observation sequence given the model, Pr(OlA), is simply the 

value of the forward variable at the final observation time, T. 
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PHOWW=S a,(i) (2.37) 

Note that the definitions of y,({i) and &,(i,j) overlap yielding the relationship, 

N 

YA) =) Sid) (2.38) 

jet 

Summations of ,(i) and &,(i,j) over the time index, t, provide the expected number 

of transitions made from state g, and the expected number of transitions from state 

q, to state q,, respectively. 

The Baum-Welch re-estimation algorithm falls out directly from these 

equations as 

m=, (i) 1<i<N (2.39) 

aah (2.40) 

(2.41) 
  

In words, 7, is the probability of being in state q, at time t=1. As mentioned 
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previously, the vector xz often degenerates to a scalar value of z,=1 and ail other 

values equal to zero because the model is usually constrained to begin in a 

specified state. The state transition probabilities, a,, are the ratios of the expected 

number of transitions from state q, to state q, divided by the expected number of 

transitions out of state q. The observation probabilities, bk), are the ratios of the 

expected number of times of observing symbol k while in state q, divided by the 

expected number of times of being in state q.. 

The values in the preceding formulas all have an overline that indicates they 

are iterative values. Re-estimation is begun by performing the Baum-Welch 

formulas on some set of initial probabilities and substituting the newly generated 

model parameters into the formulas until some threshold 

5>Pr(O|K) - PrO|A) (2.42) 

is met. The Baum-Welch algorithm guarantees that the re-estimated model 

probability will be greater than or equal to that of the previous iteration [20]. The 

value of the threshold, 6, is determined empirically to balance model quality with 

training time. 

The problem of evaluating a sequence of observations against an HMM, 

resulting in the likelihood of that observation sequence having been "produced" by 

the model, is solved directly by the forward variable. As explained previously, the 

forward variable, when evaluated over an entire observation sequence, is equal to 
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the probability of the observation sequence given the model. This probability, as 

expressed in equation (2.37) is the likelihood score of a hidden Markov model. 

Often the logarithm of this probability is used due to the potential for very small 

values using the linear probability. 

PHOIN=S o,(i) (2.37) 

Hidden Markov model performance is constrained by the fact that model 

training is based on expectations of observation probabilities and the large number 

of variables associated with a modeling situation. It is important, therefore, to 

discuss several implementation issues that affect model performance. 

Hidden Markov model topology inherently contains the capacity to transition 

from any state to any other state including the present state. It has been shown, 

however, that a constrained state transition structure outperforms such an 

unconstrained structure for speech [8]. The model structure most commonly used 

for speech is the Bakis topology shown in Figure 2.3. The left to right structure 

inherently imposes a temporal constraint on the model by disallowing transitions 

to previously occupied states. This constraint accurately models the temporal 

nature of real-world signals such as speech. The model also allows for latitude in 

observation timing by allowing returns to the present state, or one state to be 

skipped. 

Under the assumption that the Bakis topology is used, the number of model 
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SIN2 

Figure 2.3. Bakis Topology for a five state hidden Markov model. 
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states becomes an implementation issue. Rabiner, et al, note that five or six 

states seems to be best for an isolated word recognition task. They also note that 

model re-estimation becomes difficult if the number of states gets too large 

because the number of free model parameters is on the order of N* [8]. Picone 

suggests that the number of model states is often chosen to be proportional to the 

number of distinct acoustic events in the recognition sequence such as the number 

of phones in a phrase for speech recognition [21]. 

There seems to be a consensus that the initial model probabilities make 

little difference in the final outcome of HMM training, as long as they conform to 

the model topology [8][21]. Values chosen according to an intuitive sense of the 

model requirements may have importance in that the number of training iterations 

may be reduced. 

As noted by Rabiner, et al, one should always use all available training data 

[8]. More data produces better estimates in the training algorithm and therefore 

more robust models. In their study on isolated speech recognition of the ten 

decimal digits they typically had 100 tokens of each spoken digit for model training. 

It may also be included here that the proper choice of training data can 

make the explicit determination of the initial and final samples of isolated signals 

unnecessary. With enough training data representing different signal start and 

stop conditions the model is trained to segment the signal from non-signal data 

automatically [21]. 
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All valid transition and observation probabilities should have a minimum 

value and all other values should be re-normalized to accommodate the minimum 

value. This is necessary to prevent a zero probability from occurring due to an 

insufficient amount of training data. A zero probability will make the model 

probability go to zero. 
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3 Measurement and Setup 

A system was devised to create hidden Markov models from digitized 

recordings of dolphin signature whistles. A block diagram of the overall procedure 

is shown in Figure 3.1. This system was implemented on an IBM compatible 

personal computer using the C programming language. The following sections 

describe the processes that were used to prepare raw digitized recordings for 

comparison, as well as implementation details of those processes. 

3.1. Sampling Rate Conversion 

The dolphin whistle data initially used for this thesis was originally sampled 

at either 40,960 Hz or 81,920 Hz. Spectrograms of the whistle data files showed 

that the highest frequencies seldom exceeded 20 kHz, and these appeared to be 

harmonics of the "baseband" whistle when they did appear. These harmonics 

appear as gray bands above the dark baseband trace in Figure 3.2. Therefore a 

uniform sampling rate of 40,960 Hz, corresponding to a signal bandwidth of 

approximately 20,480 Hz, was initially chosen for data processing. This rate 

allowed for reduced storage requirements and computation time while providing 

sufficient signal bandwidth to encompass the main signal features. It became 

necessary, therefore, to convert the data files originally sampled at 81,920 Hz to 

40,960 Hz. A general purpose sampling rate conversion procedure was adopted 

in case other conversion ratios were required. Larger quantities of data were later 
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Figure 3.1. Test system block diagram. 
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Figure 3.2. Dolphin whistle spectrogram showing harmonics above 20 kHz. 
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obtained that were sampled at 50 KHz. This data became the basis for the final 

modeling procedures and was not converted to another sampling rate. 

Sampling rates can be adjusted by factors of L/M where L and M are 

integers. Low pass filtering for anti-aliasing and anti-imaging are an integral part 

of the process. The sampling rate conversion is implemented based on an 

interpolation/filtering/decimation algorithm developed by Crochiere and Rabiner 

[22][23]. 

The first step in sampling rate conversion is to increase the sampling rate 

by interpolation of the input data by a factor, L. This interpolation is accomplished 

by the addition of L-1 zero valued samples after each input sample. For example, 

for L=2, the input series {1,2,3,4} would become {1,0,2,0,3,0,4,0}. The addition of 

L-1 sample values creates L-1 images of the baseband spectrum at harmonics 

of the original sampling frequency. These images are then removed by a low-pass 

FIR filter with normalized cutoff frequency, n/L. This FIR filter must also have a 

gain of L to yield an output magnitude equal to that of the input [22]. The next 

step in sampling rate conversion is to decrease the sampling rate by decimation. 

Decimation is accomplished by the removal of M—1 samples for every M samples. 

For example, if M=3, the input series {1,2,3,4,5,6,7,8,9} would be decimated to 

{1,4,7} which is 1/M times the length of the undecimated series. The removal of 

samples results in an undersampied sequence based on the input sampling rate. 

The data must therefore be filtered to a normalized cutoff frequency of x/M prior 
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to sample reduction to prevent aliasing. 

Interpolation and decimation are integrated into a sampling rate conversion 

procedure by increasing the sampling rate by the interpolation factor of L, low-pass 

filtering the result with a filter of gain, L, and normalized cutoff frequency, min{r/L, 

n/M}, and reducing the number of resultant samples by the decimation factor of M. 

Filtering for the interpolation and decimation procedures may be combined 

because both filters operate at L times the original sampling rate and both cutoff 

frequency requirements are satisfied if the lesser of the two individual cutoff 

frequencies is used. A graphical representation of this procedure is shown in 

Figure 3.3. 

The sampling rate conversion filter for data used early in this study had a 

normalized cutoff frequency, 7/2, relating to a decimation factor of 81,920 /40,960 

= 2, and was synthesized using the Parks-McClellan equiripple FIR filter design 

algorithm. The lowpass filter was 257 taps in length, had a 1 dB passband ripple, 

100 Hz transition band, and 40 dB of stopband attenuation. A plot of the filter 

frequency magnitude response is shown in Figure 3.4. 

The Parks-McClellan filter design algorithm was chosen to produce the 

sampling rate conversion low pass filter because of its capability to produce a 

Chebyshev approximation finite impulse response filter with the pass and stopband 

edges exactly as specified [24]. In addition to the Chebyshev approximation 

benefits of minimum equiripple error distribution and optimal performance in the 
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sense of best error performance in the pass and stop bands for a given number 

of taps [25], the Parks-McClellan algorithm is capable of producing very long filters 

that allow short transition bands and error weighting between the pass and stop 

bands. These features provide for very flexible, adaptable usage, particularly in 

a non-real time filtering environment where it is usually acceptable to have a long 

filter. | 

Filtering of data for sampling rate conversion was performed using the 

overlap-save filtering method. This method of filtering uses the discrete Fourier 

transform (DFT) to operate on data in the frequency domain. It is more 

computationally efficient for high order filters than time domain filtering methods 

due to the availability of efficient algorithms for the computation of the DFT [26]. 

The overlap-save method of filtering is based on the following principles [26, 

pp. 350-355]: 

1) The frequency domain product of two DFTs corresponds to a circular 

convolution in the time domain. 

2) Linear convolution can be performed as circular convolution with sufficient 
zero padding of data sequences. 

3) Insufficient zero padding of data sequences results in an aliased inverse 

discrete Fourier transformed (IDFT) output data sequence. 

4) The length of a linear convolution of sequences that are L and M samples 

long, respectively, is L+M—1 samples long. 

In general, linear filtering requires N point DFTs, where, N = L+M-—1, with 

L the length of the input data segment to be filtered and M the FIR filter unit pulse 

response length. The data sequence is normally padded with at least M-1 zeros 
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so that the circular convolution result can be interpreted as a linear convolution. 

In the overlap-save method, no padding occurs except for M-1 zeros at the start 

of the data sequence for the first data block to be processed. These M-1 samples 

and the first A-1 samples of each L+M-1 data sample block become time-domain 

aliased during the IDFT operation and must be discarded. Recall that time-domain 

aliasing is an overlapping of time sample values to an earlier portion of the time 

sequence due to an insufficient data segment length in the circular convolution 

performed when DFTs of the data segments are multiplied. The overlapping that 

occurs results in aliased filtered output samples, y’(n) = y(n) + y(L+n) forO <ns 

M-2, where y(k) is the filtered output sample of the filtering process if the input 

sequences were linearly convolved. The remaining L samples are data equivalent 

to linear convolution. The entire filtered sequence is produced by the 

concatenation of the blocks of L good samples. This procedure is displayed 

graphically in Figure 3.5. 

The discrete Fourier transform and inverse discrete Fourier transform of 

data and filter coefficient values between the time and frequency domains was 

accomplished using a standard radix-2 decimation-in-time fast Fourier transform 

(26, pp. 707-720]. Data samples were placed in bit-reversed order prior to 

implementation of the transform. 
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3.2 Preemphasis 

Preemphasis reduces the spectral dynamic range of the input signal [27]. 

The reduction of dynamic range flattens the spectrum, effectively increasing the 

spectral resolution of the desired signal by allowing a smaller signal bandwidth to 

"spread out" in the amount of dynamic range that is available for processing. 

Preemphasis is effected by the application of a simple single zero FIR filter 

with z-transform, 

H(z) = 1-az~" (3.1) 

This filter is high pass in nature for @ > 0, relatively reducing the amplitude of low 

frequency components and increasing the amplitude of high frequency components 

in the signal. This effect can be seen in the comparison of raw and 

preemphasized dolphin whistle spectrographs in Figure 3.6'. In the top 

spectrogram a band of low frequency signal appears during the first half of the 

signal. This band is reduced in the preemphasized spectrogram at the bottom of 

Figure 3.6. Note that, simultaneously, higher frequency amplitudes have 

increased. 

The value of the filter coefficient, a, used in speech recognition, falls in the 

range from 0.9 to 1 [10, pp. 345-346][28][29]. An alternative to arbitrarily choosing 

from the range prescribed by the speech literature is to choose a value that best 

Note in Figure 3.6 that the fourth order harmonic is aliased back into the signal spectrum. This occurred during 

original sampling and is unrelated to this study. 
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flattens the spectrum. The optimal « value for flattening the spectrum with a first 

order preemphasis filter [27][29] as shown in equation (3.1) is: 

=) (3.2) 

This is the same value derived as the first order linear predictor coefficient 

used in linear prediction analysis. R(Q) and R(1) are the zeroth and first 

autocorrelation values of the data, respectively. Refer to Sections 2.1 and 3.3 for 

further discussion of linear prediction. 

In order to find the optimal a to use for the preemphasis of dolphin whistle 

data several dolphin whistle files were examined using equation (3.2) with an 

analysis frame size of 1024 samples. Figure 3.7 displays a histogram of « values 

and statistics derived from these dolphin whistle data files. This analysis suggests 

that the most frequent value, a=0.4, be used. This value does not, however, 

agree well with speech recognition literature based values for voiced speech that 

are in the range from 0.9 to 1. Further investigation revealed that the difference 

was due to the structure of the dolphin whistles themselves and the signal 

bandwidth that was used for processing. Referring back to Figure 3.6 note that 

the dolphin whistle is predominantly a single baseband tone at any given time. 

The baseband whistle may therefore be mathematically modeled as a sinusoidal 

function that is both amplitude and time variant: 
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s() = A(f)cos2nf,t (3.3) 

There are also harmonics of this tone at certain times during the whistle. These 

appear as bands above the baseband whistle, each having the same basic shape 

as the band below it but with lower amplitude. Harmonics are absent in places 

due either to filtering during sampling rate conversion or due to the fact that they 

had amplitudes that were indistinguishable from background noise in the signal. 

The addition of a harmonic term (since only the first harmonic was present in 

whistles used to determine a) yields 

s'(f) = A,(f)\cos2nft + A,(f)cos2n2ht (3.4) 

as a dolphin whistle model with at most a single harmonic present. When an 

autocorrelation is performed on this type of signal as is done to determine the 

optimal preemphasis a, the addition of the harmonic term changes the results that 

are expected from the baseband term only. The values for a based on the 

autocorrelation functions of the signals s(t) and s’(t) in equations (3.3) and (3.4) 

are shown in equations (3.5) and (3.6), respectively. 

a =cosenf, (3.5) 

_ A,*cos2nf, + A,?cos4nf, 

Ay’ +A,’ 
QO,   

Table 3.1 shows the results of equations (3.5) and (3.6) using various 
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Table 3.1. Example preemphasis a values based on normalized frequency and 
example amplitudes. 

  

  

  

  

  

  

  

  

  

      

Frequency | Baseband Alpha | Harmonic Alpha 

0.000 1.0000 1.0000 

0.062 0.9251 0.9249 

0.125 0.7071 0.7064 

0.188 0.3798 0.3787 

0.250 0.0000 -Q.0010 

0.312 -0.3798 -0.3801 

0.375 -0.7071 -0.7064 

0.438 -0.925] -0.9235 

0.500 -],.0000 -0.9980           

Baseband amplitude (AO) = 64 

Harmonic amplitude (Al) = 2 
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frequencies normalized to the sampling frequency and example amplitudes that are 

based on an approximate 30 dB difference measured between the baseband and 

the second order harmonic of the whistle in Figure 3.6. For a sampling frequency 

of 50 kHz, each frequency increment in Table 3.1 represents a 3,125 Hz step. A 

second order harmonic can only be present for baseband frequencies of 12.5 kHz 

and below, implying that the values for a in the harmonic column of Table 3.1 are 

only valid for f, less than or equal to 0.25. Any frequencies above this will use the 

a values from the baseband a column. Therefore, it would appear that an optimal 

preemphasis a of approximately 0.4 is indeed consistent with dolphin signature 

whistles due to the fact that for most whistles most of the frequency content is 

below f,=0.25, and in particular, in the area of f,=0.188. Figure 3.8 shows 

magnitude plots for the preemphasis filter of equation (3.1). This figure indicates 

that using a preemphasis filter with an a = 0.97 produces a great difference of 

emphasis between low and high frequencies, whereas using a = 0.4 produces only 

a slight emphasis on the higher frequencies compared to the lower ones. It is 

important to note that the two curves are very similar for frequencies above a 

normalized frequency of 0.15 with only a maximum of 3 dB between them. For the 

curve with a = 0.4, emphasis (as opposed to attenuation) begins at a normalized 

frequency of 0.43 whereas emphasis begins at a normalized frequency of 0.33 for 

a = 0.97. 

The bulk of the codebook and model creation was completed using a 
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preemphasis « of 0.97, a value that is common in the speech recognition literature, 

before the basis for a preemphasis « of 0.4 was proven. In order to reduce the 

amount of time that would have been required to completely redo the model 

generation, the models derived with a preemphasis « of 0.97 were used for the 

bulk of the study. To investigate some of the effects of the preemphasis a 

suboptimality, a subset of the hidden Markov model configurations was run using 

models and data processed using a preemphasis « of 0.4. Additionally, several 

tests were run using the models derived with a preemphasis « of 0.97, but using 

test input whistles that were quantized from data processed with a preemphasis 

a of 0.4. These tests and their results are described in Chapter 4. 

The fact that harmonics are present in the whistle data presents another 

problem in preparing the data for modeling. Should preemphasis be used at all 

when its result is to actually emphasize the harmonics due to its high pass, 

spectrum flattening nature? The qualitative options are to not preemphasize and 

put up with a signal that is less distinct from the background noise as compared 

to a preemphasized signal, or to preemphasize the signal, including harmonics, 

and treat the harmonics as part of the signal characteristic. The latter option was 

chosen for two reasons. First, inspection of spectrograms of many dolphin 

whistles revealed that harmonic amplitudes are fairly consistent across whistles 

from the same animal. Second, the single tone of each harmonic may be 

represented very simply as a pair of poles in linear prediction analysis. If the low 
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frequency noise that is effectively removed by preemphasis had to be represented 

with linear prediction analysis it would most likely require more than a single pair 

of poles. For any given number of poles used for linear prediction, the use of 

more poles to represent the noise would detract from the characterization of the 

whistle. 

3.3 Linear Prediction Analysis 

Linear prediction analysis was implemented using Robinson’s recursive 

solution to the autocorrelation method as described in Section 2.1. Durbin’s 

method was initially used for LPC analysis but was found to produce linear 

prediction coefficients that resulted in an unstable filter despite the use of double 

precision calculations. The software implementations of both Robinson’s and 

Durbin’s methods were reduced to the same form by hand to verify their coding. 

They were indeed mathematically the same yet computer results using Robinson’s 

method produced the correct results whereas Durbin’s method did not. This result 

and the knowledge that other researchers have had numerical stability problems 

with Durbin’s method [27], lead to its abandonment and the use of Robinson’s 

recursion. 

The number of samples per analysis frame was chosen based on the need 

to have at least two fundamental periods (pitch periods) per analysis frame to 

accommodate distortion due to the windowing function [10, pp. 354]. The 
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minimum frequency encountered in the dolphin whistles used was approximately 

1 kHz. Therefore, to obtain two pitch periods per frame the fastest allowable 

analysis frame rate would be 500 Hz which corresponds to a 2 ms frame period. 

Sampling at 50,000 Hz as explained in Section 3.1 relates this 2 ms frame period 

to a minimum frame size of 100 samples. 100 samples per frame is the minimum 

value to use as an analysis frame size but is unlikely to be the best value. 

Spectral accuracy of LPC analysis generally increases with larger frame sizes 

because longer frames tend to average out effects from the signal’s excitation 

signal, u(n), that is not distinguished from the resonant effects of the poles in the 

all pole filter model that is the basis for linear prediction analysis (10, pp. 354]. 

Various numbers of samples per frame and amounts of overlap between 

consecutive frames (necessary so that spectral detail is not lost at frame 

boundaries where windowing has attenuated signal values) were experimented 

with for LPC analysis. Little variation was noticed in spectrograms of LPC 

synthesized waveforms, so several frame sizes including 1024 samples and 2048 

samples each with a 50% overlap of frames were chosen for subsequent analysis. 

The frame lengths are well above the minimum value required and are conducive 

to other areas of processing such as using the fast Fourier transform for filtering 

because they are powers of 2 and allow for reduced processing at later stages 

because fewer LPC vectors are required to represent a signal. A 50% overlap of 

consecutively processed frames was chosen because of its correspondence with 
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the values used in the speech recognition literature [28][8]. 

The number of predictor coefficients, p, used in LPC analysis was started 

at 10 which is in the range common in the speech recognition literature [10][28]. 

Spectrograms of whistles re-synthesized from coefficient values of order 10 

represented the original whistles very well as shown in Figure 3.9. Therefore, the 

order, p=10, served as the baseline maximum for the optimization of the LPC order 

value. Visual inspection of resultant coefficient values using p=10 indicated that 

they tended rapidly toward zero around the fifth predictor coefficient value. This 

makes sense because the whistles tested had structures similar to those in 

Figure 3.9, having a baseband whistle contour and one or two harmonics at 

various times. Because the baseband and harmonic features are narrowband 

signals they can each be represented by two poles in an all pole model. This 

yields a total of four to six poles to represent most of the whistles evaluated. To 

corroborate these empirical and intuitive analyses the two objective criteria 

explained in Section 2.1 were applied to determine the minimum adequate value 

to use for p. 

Preliminary testing indicated that 5=0.05 for equation (2.20), which is a 

threshold of 5% change in prediction error between coefficient values, yielded 

results in which the resultant value of p seldom if ever went above the baseline 

maximum value of 10. Therefore, the final threshold value for LPC order 

optimization using equation (2.20) was set to 6=0.05. Figure 3.10 and Figure 3.11 
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Figure 3.9. Preemphasized whistle (top) and whistle re-synthesized from 10th 
order linear prediction coefficients (bottom). Refer to original in Figure 3.6. 
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Figure 3.10. LPC order histogram based on 5% error change threshold. 
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show the distribution of “optimal" LPC order values derived from dolphin whistle 

data files using equations (2.20) and (2.21), respectively. The empirical test of 

equation (2.20) yields an optimal LPC order value in the area of 4.. This agrees 

well with the value of 5 noted from visual inspection of the LPC values when 

graphed, and with the intuitive number of poles expected given the baseband plus 

harmonic structure of the whistles. The test of equation (2.21), however, yields an 

optimal value in the area of 9 or 10. This test is known to overestimate the true 

optimal order [30] and is sometimes modified by replacing the 2k term in equation 

(2.21) with (k in N). This tends to cause a more rapid increase in the estimator 

resulting in a somewhat lower optimal order. This replacement was used (with a 

base 10 logarithm) with the results shown in Figure 3.11 alongside the estimator 

of equation (2.21). As the graph shows, there was little difference between the 

two versions of the Akaike criterion. Because the results of the different tests were 

quite different and each had reasonable results based either on information theory 

or expectations from the data itself, it was decided that both fifth and tenth order 

LPC would be used in subsequent testing. 

3.4 Vector Quantization 

Codebook sizes of 64 and 512 vectors were used for this thesis. These 

values are on the order of codebook sizes found in the speech recognition 

literature [28] and are representative of the extremes for reasonable processing 
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power requirements and quality of results. Figure 3.12 shows a dolphin whistle 

quantized with 64 code vectors and 512 code vectors as a qualitative reference 

to the effects of codebook size. The whistle in Figure 3.12 is the same as that 

shown in Figure 3.6 and Figure 3.9 for reference to the original whistle 

spectrogram. It is quite different in appearance from the other figures for both the 

64 and 512 vector codebooks because the codebooks used to quantize the whistle 

in Figure 3.12 were created from data consisting of 40 whistle loops from 17 

different dolphins. Therefore, although the whistle in Figure 3.12 looks different, 

it is the best representation given the codebooks. 

The distortion threshold used to determine the completion of partitioning 

data vectors into new code vector subsets was set to 0.01. This value represents 

a 1% change in average distortion from one partitioning iteration to the next. It 

was relaxed from the 0.5% value cited by Linde, et. al. [18, pp. 93], after initial 

quantization efforts showed that the partitioning portion of the algorithm was taking 

a very long time, often repartitioning ten or more times. The 1% value tended to 

produce three to six partitioning iterations. 

3.5 | Hidden Markov Modeling 

Hidden Markov models were implemented using the Bakis topology with 3, 

5, and 10 states as described in Section 2.3. The Bakis topology is a natural 

starting point for analysis because of its left to right nature that forces a temporal 
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Figure 3.12. Spectrographs of quantized dolphin whistle using 64 vector (top) and 
512 vector (bottom) codebooks (Refer to original whistle in Figure 3.6). 
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structure on the model. It also allows for some variation in signals that are 

modeled because it allows for a return to the present state or a skip over the next 

consecutive state. A five state model is consistent with the size of model that has 

been used very successfully for isolated word speech recognition [8]. It is also 

intuitively a reasonable number of states to use after viewing the spectrograms of 

many dolphin whistle loops. Note in Figure 3.13 that the whistle spectrogram 

examples generally have 3 to 6 major inflection points per loop with relatively 

smooth transitions in between. The five state model is therefore representative of 

the number of distinct acoustic events that occur in the signal as suggested by 

Picone [21]. The 3 and 10 state models were selected to bracket the results 

obtained from the 5 state models. 

The initial transition probabilities used for the HMMs are shown in equation 

(3.7). These probabilities were chosen within the constraints imposed by the Bakis 

model and the general structure of dolphin whistle loops described above. The 

probability of return to the same state is high, 0.7 in this case except for the 

terminal state that is 1.0 by definition, if it is assumed that the long transitions 

between inflections in dolphin whistle loop spectrograms are what characterize a 

state in the model. The probabilities of transitioning to the next state or skipping 

a state are relatively small as related to the number of inflection points in the 

whistle spectrograms versus smooth transition areas. The probabilities of 

transitioning to the next state and skipping a state are each set to 0.15 with the 
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Figure 3.13. Sample of dolphin whistle spectrograms showing basic structure. 
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exception that the probability of transitioning to the next state becomes 0.3 when 

in state four because a skip state transition is not possible. 

    

7 15 15 0 0 

O 7 15 .15 0 

A=|0 O 7 .15 .15 (3.7) 

0 0 0 7 2 

0 0 0 0 1 

The final parameter that was set for the implementation of the hidden 

Markov models is the minimum probability used for valid transitions and 

observations. This parameter was arbitrarily set to 10°. A review of models 

subsequently produced showed that most probability values were well above this 

limit, indicating that it is a viable value. 
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4 Results 

Using the methods described in Chapter 3, two codebooks, one with 64 

vectors and the other with 512 vectors, were generated from a data file containing 

whistles from five different dolphins. These codebook sizes were the two 

reasonable extremes for the production of viable hidden Markov models. The 

dolphins represented were denoted A, B, C, D, and E. The codebook data file 

was comprised of ten whistles from dolphin A, ten whistles from dolphin B, eight 

whistles from dolphin C, fifteen whistles from dolphin D, and fifteen whistles from 

dolphin E. The number of whistles used varied so that approximately the same 

number of samples (not whistle loops) existed for each dolphin in the data file. 

The whistles of dolphin A were chosen as the test case to model because 

of visually distinct variations between individual whistle loops. The codebooks 

described above were each used to create models of the whistle of dolphin A with 

varying number of model states, frame size, frame overlap, and LPC order. One 

hundred tokens of dolphin A’s whistle were used as a basis for the hidden Markov 

modeling. Of these one hundred, only one whistle token used had also been 

included in the data file used to generate the vector quantization codebooks. This 

whistle was denoted as Al. 

To test the models of dolphin A’s whistle, sample whistles of each of the 

four other dolphins were vector quantized and then evaluated against the models 

for dolphin A’s whistle. Data quantized using the 64 vector codebook was not 
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mixed with data quantized using the 512 vector codebook. The base 10 logarithm 

of each of the resultant likelinood scores (refer to equation (2.37)) was then taken, 

to make the value easier to read. Finally, the log likelihood score was normalized 

by the number of samples used to compute it, and multiplied by 10* to remove 

insignificant leading zeros. In equation form this looks like: 

LOG, ,(likelihoo 
score = ro ) -104 (4.1) 

number of samples 
  

The eight whistles from dolphin A that were scored against the models of 

dolphin A were the second longest (A1), the shortest (A2), a whistle with a low 

peak frequency (A3), an aberrant and low peak frequency whistle as visually 

compared to others (A4), and four randomly chosen whistles (A5-A8) of an original 

set of 106 whistle tokens. None of these whistles were used in the creation of the 

model and only whistle A1 was included in the data file used to create the 

codebook. Spectrograms of whistles A1 through A8 and B1, C1, D1, and E1 can 

be found in the Appendix. 

The first set of results to be discussed is for models of the whistle of dolphin 

A using a 10 state hidden Markov model and the 512 vector quantization 

codebook. This data can be found in Table 4.1. The table is divided into three 

columns, each of which represents results that include parameter tradeoffs of 

analysis frame size and overlap, and LPC order. The data from each of these 

columns, from left to right, is shown graphically in Figure 4.1, Figure 4.2, and 
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Table 4.1. Scores against dolphin A 10 state model using 512 code vectors. 

  

  

    

      
  

  

    
  

  

  

  

  

  

  

  

  

  

  

  

    
  

  

  

    

      
    
      
  

  

  

  

  

  

                  

10 state model 

Whistle Scored 2048/1024-5LPC_|_1024/512-10LPC_ | 2048/1024-10LPC | 

Al -19,477 -40.270 -18.882 

A2 -18.563 -36.356 -19.504 

A3 -18.511 -39.880 -18.269 

A4 -20.918 -40.980 -19,808 

AS -19.891 -41,585 -19.610 

A6é -21.381 -42.052 -20.314 

A7 -19.257 -41,251 -19.462 

A& -17,836 -40,489 -17.825 

Dolphin A Variance 1,483 3.118 0.685 

Bl -31.094 -68.305 -33.245 

B2 -30.226 -59.178 -30.749 

B3 -30.263 64.694 -29.893 

B4 -30.283 -59.862 -30.624 

85 32.477 68.185 33.736 

Dolphin B Variance 0.940 19.223 2.962 i 
cl -34,235 -67.480 -33.934 

C2 ~34,112 -66,508 -33.800 

C3 -35.380 69.097 -34.775 

C4 -33.783 66.861 -33.745 

cs -34,499 67.902 -34.676 

Dotphin C Vanance 0.365 1.020 0.248 

D1 -31.773 -71,871 -36.258 

D2 -32.958 -72.695 -35,523 

D3 -32.183 -71,704 ~36.968 

D4 -32.955 -69.751 -35.161 

D5 -32.862 -71.844 -36.228 

Dolphin D Variance 0.292 1.190 0.496 

El -27,890 -56.260 -28.792 

E2 -29.084 -§3.317 -30.163 

E3 -25.845 -52.245 -27.380 

E4 -30.526 -49.955 -27.460 

E5 -35.183 65.877 -36.893 

Dolphin — Vanance 12.314 38.589 15.553 
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Figure 4.1. Results for model of dolphin A whistle using 512 code vectors, 10 

model states, 2048 sample frame size, and 5th order LPC (refer to Table 4.1, 
column 1). 
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Figure 4.2. Results for model of dolphin A using a 512 code vectors, 10 model 
states, 1024 sample frame size, and 10th order LPC (refer to Table 4.1, column 
2). 
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Figure 4.3. Results for model of dolphin A whistle using 512 code vectors, 10 
model states, 2048 sample frame size, and 10th order LPC (refer to Table 4.1, 
column 3). 
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Figure 4.3, respectively. 

A general note to make about the normalized likelihood scores is that they 

are ail relative. Because the whistle of dolphin A was modeled, the scores for 

whistles of dolphin A evaluated against the model of dolphin A form a benchmark 

by which other dolphin whistles may be judged. Review of Table 4.1 and its 

associated figures provides several indicators as to the ability of hidden Markov 

modeling to provide an objective measure of similarity between dolphin whistles. 

The most noteworthy of these is the separation of the scores of dolphin A’s 

whistles from those of the other dolphins, where the scores of dolphin A are larger 

than the scores of the others. This separation is easily seen in Figure 4.1 through 

Figure 4.3. A threshold line with a score value equal to the minimum score for all 

of dolphin A’s whistles is shown to facilitate evaluation. These figures readily show 

that the model using a 2048 sample frame with 1024 sample overlap and 10th 

order LPC produces the most discernable results (Table 4.1, column 3 and 

Figure 4.3) with an absolute separation of 7.1. The 2048 sample frame with 1024 

sample overlap and 5th order LPC configuration (Table 4.1, column 1 and 

Figure 4.1) has the next largest separation with a difference of 4.4. The actual 

absolute separation for the 1024 sample frame with 512 sample overlap and 10th 

order LPC is 7.9 (Table 4.1, column 2 and Figure 4.2). But upon review of the 

scores in Table 4.1, columns two and three, it can be seen that the scores are 

roughly linear with frame size. The difference value of 7.9 may therefore be scaled 
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by dividing by two, yielding a normalized (with respect to a 2048 sample frame) 

difference of 3.95. The validity of this scaling procedure becomes evident when 

reviewing Figure 4.1 through Figure 4.3 without regard for the actual score values 

and noting their similarity. The larger the difference between the least discernable 

score for the modeled whistle and any score for a whistle from a dolphin that was 

not modeled, the greater the leeway available in establishing a threshold value to 

discriminate the whistles of the dolphin that was modeled from those of other 

individuals. 

Another indicator of the capabilities of hidden Markov modeling are the 

variance values shown in Table 4.1. The variance of the scores is an indication 

of how tightly grouped the scores are. The 1024 sample frame with 512 sample 

overlap and 10th order LPC has the largest variance for dolphin A at 3.118. But 

this value is deceiving when compared to the other configurations. If the scores 

are scaled to compare in magnitude with the 2048 sample frame configurations, 

the variance is 0.779. This represents a tighter grouping of scores than does the 

1.483 variance of the 2048 sample frame, 5th order LPC configuration and it 

compares favorably with the 0.685 variance of the 2048 sample, 10th order LPC 

configuration. The variance of the scores is important for several reasons. The 

smaller the variance, the better the model is at eliminating temporal and frequency 

variation from the whistle scores. This is evident in a comparison of whistles of 

dolphin A that varied in both duration and peak frequency, but maintained the 
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same spectral contour. 

The duration of whistles A1 and A2 were 1.413 seconds and 0.745 seconds 

respectively, where the average duration over the 106 whistle set of dolphin A was 

1.220 seconds. The fact that whistles A1 and A2 scored similarly (refer to 

Table 4.1), as well as similar to the randomly chosen whistles of dolphin A that 

ranged in duration from 1.072 seconds to 1.382 seconds, indicates that the 

hidden Markov modeling procedure does indeed account for temporal 

differences in the signal. 

Frequency differences are also accounted for in the hidden Markov 

modeling procedure as evidenced by the scores for whistles A3 and A4 in 

Table 4.1. Whistle A3’s peak frequency is at 21.4 kHz and whistle A4’s peak 

frequency is at 20.7 KHz. These peak frequencies are considerably lower than the 

peak frequencies for the other tested whistles of dolphin A which range from 23.2 

kHz to 25.0 kHz, yet the scores are similar to the scores of other whistles from 

dolphin A and separated from the scores of whistles from dolphins B through E. 

The tighter grouping of likelinood scores also provides the potential for finer 

resolution in the characterization of the test whistle. For example, if a large 

sample of whistles from dolphin A was scored against the model for dolphin A, and 

the expected value and variance of the group of scores were found, then a whistle 

score of an unknown dolphin might be characterized as being dolphin A or another 

dolphin based not on an empirical threshold value as discussed previously, but 
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rather based on a Statistical criterion of how many standard deviations (where 

standard deviation is the square root of the variance) the unknown score was from 

the expected value of dolphin A’s scores. A smaller variance, therefore, produces 

a smaller standard deviation which allows for finer resolution in characterizing 

whistle scores. 

The number of states used in a hidden Markov model has a direct 

relationship to the amount of time required to produce the model. It is therefore 

desireable to use a model with the fewest number of states possible. In order to 

examine the effects of the number of hidden Markov model states on the 

results, a set of models having 5 model states was created using the 512 vector 

codebook. This set of models had the same frame size/overlap and LPC order 

tradeoffs as the 10 state models: 2048 sample frame with 1024 sample overlap 

and 5th order LPC, 1024 sample frame with 512 sample overlap and 10th order 

LPC, and 2048 sample frame with 1024 sample overlap and 10th order LPC. The 

results can be found in Table 4.2, columns 1 through 3, respectively, and in 

Figure 4.4, Figure 4.5, and Figure 4.6, respectively. 

As with the 10 state model data, the minimum absolute separation between 

the scores of the whistles of dolphin A and the other dolphin’s whistles is easily 

seen in Figure 4.4 through Figure 4.6. The threshold line is placed at the minimum 

score for dolphin A. The maximum separation for the 5 state model occurs using 

the 2048 sample frame with 1024 sample overlap and 10th order LPC (Table 4.2, 
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Table 4.2. Scores against dolphin A 5 state model using 512 code vectors. 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

      
  

  

  

  

  

  

  

    
  

  

    

5 state model 

Whistle Scored 2048/1024-5LPC | 1024/512-1OLPC | 2048/1024-1 OLPC | 

Al -21.186 -43.943 -20.471 

A2 -20.250 -41.517 -20.532 

A3 -18.784 -43.200 -18.959 

A4 -22.106 -44,452 -21.652 

A5 -20.962 ~44,506 -21.179 

Aé -21.774 -44,224 -20.790 

A7 -20.049 -44,010 -20.121 

A8& -18.996 -44.795 -19.547 

Dolphin A Variance 1.480 1.103 0.747 

81 -30.968 48.331 -33,424 

B2 -28.430 40.456 -29.933 

B3 -29.690 -65.246 -29.932 

B4 -29,825 -61.487 -30.418 

B5 -31,292 -68.404 -33.033 

Dolphin B Variance 1.297 13.875 3.005 

Cl -34.224 -68.262 -33.652 

C2 -33.986 -67.301 -33.360 

C3 -35.262 69.892 -34,726 

C4 -33.853 -68.207 -33.505 

cs -34.476 -69.017 -34.488 

Dolphin C Variance 0.311 0.945 0.381 

D1 -31.977 -72.695 -35.888 

D2 -32,569 -73.107 -35.205 

D3 -31.984 -72.395 -36.867 

D4 -32.573 -70.677 -34.785 

D5 -32.671 -72.526 -36.180 

Dolphin D Variance 0.118 0.875 0.669 

E1 -28.171 -56.069 -28.471 

E2 -28.855 -52.420 -29.602 

E3 -25.991 -§1.705 -26.918 

E4 -29.299 -51.039 -27,.256 

E5 -33.075 -64.97] -33.767 

Doiphin E Variance 6.608 33.370 7.634                 

74



Whistle Number 

  

  

  

      
  

0 t r t {_——_ 

5 + 

“10 + —xX— Dolphin A 

© 15+ —4—- Dolphin B s 

o _ x | OT Dolphin c 
een @ -20 + _ XK ow x 

£ 
S -25 7 ——O— Dolphin e€ 

-30 + Threshold 

-35 LL o_o 

Minimum Score for Dolphin A   

Figure 4.4. Results for modei of dolphin A whistle using 512 code vectors, 5 
model states, 2048 sample frame size, and 5th order LPC (refer to Table 4.2, 
column 1). 
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Figure 4.5. Results for model of dolphin A whistle using 512 code vectors, 5 
model states, 1024 sample frame size, and 10th order LPC (refer to Table 4.2, 
column 2). 
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Figure 4.6. Results for model of dolphin A whistle using 512 code vectors, 5 
model states, 2048 sample frame size, and 10th order LPC (refer to Table 4.2, 
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column 3 and Figure 4.6). The difference for this configuration is 5.2. For the 

2048 sample frame with 1024 sample overlap and 5th order LPC (Table 4.2, 

column 1 and Figure 4.4) the maximum separation is 3.9. The maximum 

separation for the 1024 sample frame with 512 sample overlap and 10th order LPC 

(Table 4.2, column 2 and Figure 4.5) is 6.2, but when scaled to compare with a 

2048 sample frame, this value is halved to 3.1. The ordering of the configurations 

with respect to the largest minimum separation value between the scores for 

dolphin A and the other dolphins therefore remains the same as it was for the 10 

state model. The difference, however, is that the minimum separation is smaller 

in all cases for the 5 state model than it was for the 10 state model, potentially 

reducing the ability to adequately threshold between the whistles of dolphin A and 

the whistles of dolphins B through E. 

The variances for the 5 state model are: 1.480 for the 2048 sample frame, 

5th order LPC configuration, 1.103 for the 1024 sample frame, 10th order LPC 

configuration, and 0.747 for the 2048 sample frame, 10th order LPC configuration. 

As noted for the 10 state model, the variance for the 1024 sample frame is 

deceiving when compared to the variances from the 2048 sample frame 

configurations. When the data from the 1024 sample frame configuration is scaled 

by 2 to compare with the 2048 sample frame data, the variance becomes 0.276. 

This is the lowest variance for any configuration in either the 5 state model group 

or the 10 state model group. It is considerably lower than the corresponding value 
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for the 10 state model, whereas the variances for the 2048 sample frame 

configurations for the 5 state model compare very closely to the corresponding 

variances for the 10 state model. 

As a final test to examine the effects of the number pf model states on the 

whistle scores a set of models having 3 states each was created using the 512 

vector codebook. This was a very limiting case considering that it can be viewed 

as an initial state and a terminal state with only one state in between to account 

for most of the variation in the test whistles. The same set of models was created 

for the 3 state tests as was used for the 5 and 10 state models: 2048 sample 

frame with 1024 sample overlap and 5th order LPC, 1024 sample frame with 512 

sample overlap and 10th order LPC, and 2048 sample frame with 1024 sample 

overlap and 10th order LPC. The results can be found in Table 4.3, columns 1 

through 3, respectively, and in Figure 4.7, Figure 4.8, and Figure 4.9, respectively. 

As with the 10 and 5 state model results, the graphed results in Figure 4.7 

through Figure 4.9 readily show the separation of the scores of dolphin A from the 

scores of dolphins B through E. In fact, the separation for the 2048 sample frame 

with 1024 sample overlap and 10th order LPC (Table 4.3, column 3 and 

Figure 4.9) was larger for the 3 state model, with a difference of 5.4, than it was 

for the 5 state model which had a difference of 5.2. The differences for the 2048 

sample frame with 1024 sample overlap and 5th order LPC were also very similar 

between the 3 state and 5 state models. The 3 state model had a separation of 
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Table 4.3. Scores against dolphin A 3 state model using 512 code vectors. 

  

  

  

  

  

  

    

  

  

  

      
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                        

3 state model 

Whistle Scored 2048/1024-5LPC | 1024/512-10LPC | 2048/1024-10LPC 

Al -22.114 -44,.714 -21.572 

A2 -21.917 -43.608 -22.131 

A3 19.412 -43.855 -20.292 

A4 -22.697 -45.887 -22.301 

A5 -22.065 -47,550 -22.073 

A& -22.481 -45,289 -2].438 

A7 -21.211 -45.312 -21,.282 

A8 -19.580 -45.145 -20.207 

Dolphin A Variance 1.623 1.513 0.642 

B1 -31,.222 -69.397 -33,040 

B2 -28.697 -60.675 -29.914 

B3 -29.846 -66.487 -30.416 

B4 -29.915 -61.869 -29.928 

B5 -31.535 -68.493 -33.242 

Dolphin 8B Variance 1.321 15.378 2.846 

Cc} -33.970 -67,834 -33.800 

C2 -33.950 -67,478 -33.71] 

C3 -35.142 -69.797 -34.714 

C4 -33.733 -68. 150 -33,632 

C5 -34,155 -69.209 -34.383 

Dolphin C Variance 0.306 0,949 0.226 

DI -31.994 -72.970 -35.826 

D2 -32,412 -73.269 -35.321 

D3 -32.104 -72,.747 -36.898 

D4 -32.224 -70.657 -34,688 

DS -32.404 -72.856 -36.212 

Dolphin D Variance 0.034 1.099 0.710 

El -27.426 -57.393 -28.690 

£2 -28.293 -54.242 -29.95] 

E3 -26.054 -53.024 -28.100 

E4 -28.546 -50.721 -27.711 

E5 -32.107 -63.797 -32.882 

Dolphin & Variance 5.047 25.60] 4.362
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Figure 4.7. Results for model of dolphin A whistle using 512 code vectors, 3 

model states, 2048 sample frame size, and 5th order LPC (refer to Table 4.3, 
column 1). 
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Figure 4.8. Results for model of dolphin A whistle using 512 code vectors, 3 
model states, 1024 sample frame size, and 10th order LPC (refer to Table 4.3, 

column 2). 
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Figure 4.9. Results for model of dolphin A whistle using 512 code vectors, 3 
model states, 2048 sample frame size, and 10th order LPC (refer to Table 4.3, 
column 3). 

83



3.4 whereas the 5 state model had a separation of 3.9. The 1024 sample frame 

with 512 sample overlap and 10th order LPC configuration was the only one with 

a more noticeable reduction in separation of the scores of dolphin A’s whistles 

from the scores of the other dolphins. This configuration had a separation of 4.8 

which, when scaled to compare with a 2048 sample frame is halved to 2.4. 

Considering only the 3 state model, however, the result is again the same. The 

2048 sample frame with 10th order LPC configuration boasts the largest 

separation, followed by the 2048 sample frame with 5th order LPC configuration, 

and the minimum separation shown by the scaled 1024 sample frame with 10th 

order LPC configuration. 

The variances of the scores of dolphin A’s whistles for the 3 state model 

were very similar to those of the 5 state model. As with the separation values, the 

variance of the 2048 sample frame with 10th order LPC was smaller for the 3 state 

model, at 0.642, than it was for the 5 state model (0.747). For the 2048 sample 

frame with 5th order LPC the variance was 1.623 and for the 1024 sample frame 

with 10th order LPC it was 1.513 which is equal to 0.378 when scaled to reflect 

a 2048 sample frame size. The degree of spread in the scores for dolphin A for 

the 3 state model was, therefore, the same as it was for the 5 state model, with 

the 1024 sample frame having the smallest (scaled) variance, followed by the 2048 

sample frame, 10th order LPC configuration, and with the maximum variance 

exhibited by the 2048 sample frame, 5th order LPC configuration. 
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To round out the study in parameter tradeoffs, whistles were also scored 

using several different configurations with the 64 vector codebook that was 

described at the beginning of this chapter. Because all of the 512 code vector 

configurations produced data that readily showed a separation of dolphin A’s 

scores from the scores of the other dolphin’s whistles, the aim of the 64 code 

vector testing was to focus on a single frame size/LPC order configuration that 

could be related to the 512 code vector results and to vary the number of model 

states to see if a much smaller codebook size could perform as well. The 

frame size and overlap used for the 64 code vector testing was the 1024 sample 

frame with 512 sample overlap. As in the 512 code vector testing, 10th order LPC 

was used in this configuration. The results of the 64 code vector testing can be 

found in Table 4.4, columns 1 through 3, respectively, and in Figure 4.10, 

Figure 4.11, and Figure 4.12, respectively. 

Figure 4.10 and Figure 4.11 which are the graphical representations of the 

scores for the 3 and 5 state models, respectively, immediately show that the 64 

code vector codebook is insufficient to produce a separation between the scores 

of dolphin A and the scores of dolphins B through E. The separation for the 3 

state model is -0.816 (-0.408 scaled to a 2048 sample frame size). 

This is a negative separation because the scores for dolphins E1 and 

E4 are both larger than the score for dolphin A8. The separation for the 5 state 

model is —1.083 (-0.542 scaled to a 2048 sample frame size) and is also negative 
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Table 4.4. Scores against dolphin A 3, 5, and 10 state models using 64 code 
vectors. 

  

1024/512 frame, 10th Order LPC 
  

  

  

  

  

  

  

  

  

  

  

  

  

  

      
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

      

Whistle Scored 3 state model 5 state model 10 state model 

Al -31.843 -31.472 -27.641 

A2 -29.519 -29.032 -24.514 

A3 -28.001 -28.034 -24.444 

A4 -29.259 -28.485 -24.058 

A5 -31.992 -31.676 -28,.504 

A6 -30.622 -29,.864 -27,423 

A? -30.112 -29.612 -27,238 

A& -32.812 -32.629 -28.838 

Dolphin A Variance 2.612 2.725 3.752 

Bl -38,.228 -37.889 +36,852 

B2 -34.572 -34.136 -33.020 

B3 -40.137 -40.326 -37.884 

B4 -37.765 -38.028 -37.082 

BS -39.852 -40.082 -38.266 

Dolphin 6 Variance 4,949 6.161 4.384 

cl -43.518 -43.405 -41,201 

C2 -43.807 -43.454 -41,.248 

C3 -45,280 -45.877 -42.174 

ca -44.542 -4§.22) -43.137 

cs -45.245 -45.430 -40.902 

Dolphin C Variance 0.652 1.354 0.844 

Dl -46.385 -46.106 -44,009 

D2 -48,087 -48.252 -46.117 

D3 -47,519 -47,877 -46,103 

D4 -46.613 -47,.276 -45,383 

D5 -46,.521 -47,111 -45.290 

Doiphin D Variance 0.551 0.674 0.738 

E1 -32.547 -31.546 -30.934 

E2 -32.864 -33.317 -34.7936 

E3 -33.529 -32.335 -31.429 

E4 -31.996 -32,367 -30.131 

E5 -38.542 -39.608 -42.348 

Doiphin E Variance 7.055 10.809 29.861                   
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Figure 4.10. Results for model of dolphin A whistle using 64 code vectors, 3 
model states, 1024 sample frame size, and 10th order LPC (refer to Table 4.4, 
column 1). 
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Figure 4.11. Results for model of dolphin A whistle using 64 code vectors, 5 

model states, 1024 sample frame size, and 10th order LPC (refer to Table 4.4, 
column 2). 
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Figure 4.12. Results for model of dolphin A whistle using 64 code vectors, 10 
model states, 1024 sample frame size, and 10th order LPC (refer to Table 4.4, 
column 3). 
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in the sense that the scores for whistles E1, E3, and E4 were all larger than the 

score for whistle A8, and whistle E1 was also larger than whistle A5. For the 10 

state model (Figure 4.12) the separation between dolphin A’s scores and the other 

dolphins was 1.293 (0.647 scaled to a 2048 sample frame size). This is a positive 

separation as was the case for the 512 code vector configurations, but it is only 

one quarter of the separation of the 1024 sample frame score when using the 512 

code vector, 3 state model which had the minimal separation for the 1024 sample 

frame scores. It is also only one-sixth of the separation for the corresponding 10 

state model when using the 512 vector codebook. 

The variances for the 64 code vector scores of dolphin A were 2.612, 2.725, 

and 3.752 for the 3, 5, and 10 state models, respectively. The variances for the 

3 and 5 state models are similar as was the case for the 512 code vector tests. 

The variance for the 10 state model is considerably larger than the 3 and 5 state 

models which was also a regular occurrence with the 512 code vector tests. All 

of the 64 code vector variances are larger than their 512 code vector counterparts. 

From all of the data from both the 512 code vector configurations and the 

64 code vector configurations several trends emerge. Figure 4.13 is a graph of 

the envelope of dolphin A’s scores and the maximum score of the group of scores 

from dolphins B through E for each configuration that was tested. The 1024 

sample frame scores scaled to a 2048 sample frame size are shown using black 

filled icons along with the unscaled values. From this graph it is possible to see 
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trends in both separation of dolphin A’s scores from the other dolphins’ scores and 

in the variance of dolphin A’s scores. 

The general trend for separation is, the larger the parameter, be it number 

of code vectors, number of samples per frame, number of HMM states, or LPC 

order, the larger the separation. Figure 4.13 shows that all of the 512 code vector 

configurations produce a larger separation than do any of the 64 code vector 

configurations. Similarly, the 10 state models produce larger separations than do 

the 5 state models, which in turn are better than the 3 state models. Given the 

same frame size and number of model states, the 10th order LPC configurations 

produced larger separations than did the 5th order LPC configurations. The 2048 

sample frames with 1024 sample overlap produced larger separations than did the 

1024 sample frames with 512 sample overlap when the 1024 sample frame scores 

are scaled to reflect a 2048 sample frame. Judging from the comparison of 2048 

sample frame/10th order LPC results with 2048 sample frame/5th order LPC 

results and the comparison of the scaled 1024 sample frame/10th order LPC 

results with 2048 sample frame/5th order LPC results, the effect of the change in 

frame size on the separation of scores is greater than the effect of change in LPC 

order. That is, the reduction of frame size from 2048 samples per frame to 1024 

samples per frame caused a greater reduction in the separation of dolphin A’s 

scores from the other dolphins scores than did the reduction in LPC order from 10 

to 5. 
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Figure 4.13 reflects the variances of dolphin A’s scores by the amount of 

spread between the maximum and minimum scores. The trends for variance are: 

the larger the vector quantization codebook used, the smailer the variance; the 

larger the LPC order the smaller the variance; the smaller the frame size the 

smaller the variance; and the fewer the number of model states, the smaller the 

variance. These trends intuitively make sense. A larger frame size implies that 

the results are achieved using fewer analysis frames of the same sample of data. 

This means that features of the data are effectively smoothed more for a larger 

frame than it is fora smaller one. This smoothing effect intuitively implies a vector 

quantization with less variance in its code vectors, which implies a blurring in the 

representation of observations in the hidden Markov model. A slight change in 

duration or frequency in a test whistle might therefore change the way it is 

quantized, which changes its HMM score and results in a larger variance. The 

same reasoning holds true for LPC order. Tenth order LPC implies more detailed 

data to work with than 5th order LPC and therefore implies a smaller variance. 

This is also true for codebook size where the 64 vector codebook has the same 

amount of information compressed into one fourth of the data space as a 512 

vector codebook. The only parameter where this reasoning does not hold is for 

the number of model states. A larger number of model states provides a greater 

opportunity for a small difference between whistles to affect the likelihood score, 

increasing the variance. 
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The choice of model parameters should be based on the desired results and 

processing requirements. To produce a large separation between the scores of 

the whistles of the modeled dolphin and other dolphins, the 512 code vector, 2048 

sample frame, 10 state, 10th order LPC model should be used. If a smaller 

variance is required, the 2048 sample frame may be changed to a 1024 sample 

frame with a cost in score separation and processing time due to the larger 

number of frames. To reduce the variance it would also be possible to keep the 

2048 sample frame and reduce the number of model states. There would still be 

a cost in the separation of the scores, but the processing requirements would 

actually be reduced. The same types of tradeoff are apparent for differing LPC 

orders, and also would apply to the vector quantization codebook size used, 

although 64 code vectors is probably too few for any viable processing. 

Alternatively, 128 or 256 vector codebooks might perform well, however, with a 

reduction in required processing as compared to the 512 vector codebook. 

The discussion of the result data has, until now, focused on the separation 

and characterization of whistles of the dolphin that was modeled from the whistles 

of dolphins that were not. Figure 4.1 through Figure 4.9 also show that scores of 

whistles from dolphins other than the one that was modeled also tend to form 

groups and score fairly consistently. This feature further indicates that hidden 

Markov modeling can be used to produce an objective measure of similarity 

because it makes it possible to characterize an unknown whistle against any 
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modeled whistle with some statistical certainty based upon experimentally derived 

distributions of whistle scores against the model. 

Two other sets of tests were performed using the same test data set. In the 

first of these, the whistles were quantized using a preemphasis « of 0.4 rather than 

a=0.97 that was used in all of the previous tests. Recall from Chapter 3 that 

testing based on a first order predictor was used to find the optimal preemphasis 

a for the dolphin whistle data. These tests indicated a value of a=0.4. However, 

a value of a= 0.97 was used instead, because it was a value that was often used 

in speech recognition and the a=0.4 value had not been explained at the time of 

the original tests. Rather than spending an inordinate amount of time regenerating 

all of the codebooks and models using the preemphasis value of a=0.4, a test was 

undertaken to apply the whistle data that had been re-quantized using a=0.4 as 

the preemphasis value, to the models that had been created using a preemphasis 

value of a=0.97. While this is sort of the classic "apples and oranges" 

comparison, it is instructive in gauging the importance of the preemphasis « value. 

The preemphasis value of a=0.4 puts less of an emphasis on high frequencies and 

less attenuation on lower frequencies (refer to Figure 3.8). The result in the 

quantized whistle would be similar to those quantized using a=0.97 as the 

preemphasis value, but not exactly the same. Only the 3 and 10 state model 

configurations for the 512 vector codebook were retested in this fashion. 

The results for the 10 state model are shown in Table 4.5 and Figure 4.14 
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Table 4.5. Whistle score results using test whistles preemphasized using a=0.4 
against a 512 code vector, 10 state model created with a=0.97. 

  

  

  

    
  

  

    
  

  

      
    
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

          

10 state model 

Whistle Scored 2048/1024-SLPC | 1024/512-10LPC | 2048/1024-10LPC 

Al -19.093 -43,466 -20.545 

A2 -16.231 -40.696 -21.640 

A3 -17.600 -44,233 “22.63 

Ad -20.411 -47,263 -22.753 

A5 -20.439 -44,559 -22.253 

A6é -20.899 -51.188 -25.914 

A? -20.308 -48.043 -23.905 

A8 -20.637 -51.700 -25.525 

B1 -27.009 -60.258 -36.755 

B2 -26.509 -65.604 -36.163 

B3 -27,135 -62.887 -36,21] 

Ba -27.242 -53.261 ~33.619 

BS -28.467 -61.545 -36.503 

io | -33.930 -57.386 -31.191 

C2 -33.800 -58,.822 -30.019 

C3 -34.97) -57.776 -30.320 

c4 -34.021 -58.869 -29.661 

cs -33.581 -57 462 -30.567 

Dl -31.803 -49.279 -26.978 

D2 -31.592 -49.081 -28.101 

D3 -31,265 -53.105 -27.393 

D4 -30.444 -49.835 -27.224 

D5 -31.929 -50.990 -26.346 

EI -27.940 -48.048 -32.213 

E2 -25.595 -53.664 -32.025 

E3 -25,016 -45.51] -27.611 

E4 -28.91 1 -48.551 -31.773 

E5 —=32.058 -50.411 -37.816               
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Figure 4.14. Results for model of dolphin A with preemphasis o of 0.97. The test 
whistles were processed using a=0.4. (refer to Table 4.5, column 1). 
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Figure 4.15. Results for model of dolphin A with preemphasis a of 0.97. The test 
whistles were processed using a=0.4. (refer to Table 4.5, column 2). 
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Figure 4.16. Results for model of dolphin A with preemphasis a of 0.97. The test 
whistles were processed using a=0.4 (refer to Table 4.5, column 3). 
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through Figure 4.16. A separation of dolphin A’s scores from the other dolphins 

occurs in both of the 2048 sample frame cases, one using 5th order LPC 

(Table 4.5, column 1) and the other using 10th order LPC (Table 4.5, column 3). 

The separation is pronounced only in the 5th order LPC case. Note that this is the 

reverse of the trend noted for earlier results. No separation was produced using 

the 1024 sample frame, 10th order LPC configuration (Table 4.5, column 2). The 

scores for dolphin A were the largest or almost largest for all three configurations, 

indicating that although they may not have been separated from the other scores, 

they were closely related to the model. 

The results for the 3 state models are shown in Table 4.6 and Figure 4.17 

through Figure 4.19. For the 3 state configurations only the 2048 sample frame, 

5th order LPC configuration produced a separation (Table 4.6, column 1), again 

the reverse of the original trend. As with the 10 model state configurations, the 

scores for dolphin A were the largest or almost largest of any of the scores in all 

three configurations. 

These results are significant in two ways. Most obviously, three of the six 

configurations tested produced scores with dolphin A separated from the scores 

of dolphins B through E. This is important because, although the test whistles that 

are separated are from dolphin A, they are not the "same" dolphin A that was 

modeled because they were preemphasized differently. They are more like a 

close cousin who could pass for one of the family. The fact that these whistles 
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Table 4.6. Whistle scores based on test whistles preemphasized using a=0.4 
against a 512 code vector, 3 state model using a preemphasis « of 0.97. 

  

  

  
  

      
  

  

  

  

    
  

  

  

  

  

  

    
      

  

  

  

  

  

  

  

  

  

  

  

        

3 state model 

Whistie Scored 2048/1024-5LPC | 1024/512-10LPC | 2048/1024-10LPC 

Al -21.90) -47.900 -22,130 

A2 -18.581 -48.259 -24,239 

A3 -19.147 -47.088 -23.877 

Ad -21.671 -50.819 -25.344 

A5 -22.187 -§0.012 -23.829 

A6é -22,227 -53.295 -26.001 

A? -21.522 -49.960 -25.495 

A8 -21.307 -§3.577 -27.626 

Bl -27.883 -60.727 -36.935 

B2 -24,296 -65.082 -35.355 

B3 -27.082 -62.983 -36.502 

Ba -26.959 -57.188 -33.464 

BS -28.442 -64,.029 -36.039 

Cl -34,109 -57.32| -29.559 

C2 -33,107 -57.807 -28.508 

C3 -34.081 -57.589 -29.347 

C4 -33.721 -57.707 -28.370 

cs -33.317 -56.487 -29.151 

01 -31.01) -49.619 -25.213 

D2 -30.836 -50.636 -26.477 

D3 -30.778 -51,784 -25.310 

D4 -30.468 -§0.532 -25.604 

D5 -31.250 -50.615 -25.439 

El -27.099 -47 268 -31.903 

E2 -26.277 -52.073 -31.462 

E3 -25.446 -44.099 -27.924 

E4 -28.358 -47.13] -31.131 

ES -32,822 -5] 227 -34,36]                 

101



Whistle Number 

0 ] 2 3 4 5 6 7 8 

  

  

  

  

      
  

0 + + t 4 

5 + 

-10 + ——X— Dolphin A 

o -15 | —i—— Dolphin B 

Oo 
2 —°—— Dolphin c 

oO ~ — 

a x en X x X | —c— Dolphin D 
< 

S -25 + ——O— Dolphin E 

-30 + Threshold 

-45 + 

Minimum Score for Dolphin A   

Figure 4.17. Results for model of dolphin A with preemphasis o of 0.97. The test 
whistles were processed using a=0.4 (refer to Table 4.6, column 1). 
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Figure 4.18. Results for model of dolphin A with preemphasis « of 0.97. The test 
whistles were processed using o=0.4 (refer to Table 4.6, column 2). 
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that were preemphasized using a=0.4 rather than a=0.97 do produce separable 

results indicates that there is some robustness with respect to the value of « used 

in creating the model and the a used to preemphasize the test data. 

The test configurations that did not produce results having the scores of 

dolphin A separated from the other dolphins scores are still significant in that 

dolphin A always scored very high relative to the other dolphins’ scores. It is very 

unlikely that the scores for dolphin A’s whistles would become larger when 

preemphasized using a=0.4 while being modeled with a preemphasis o of 0.97. 

It is possible that the scores of another dolphin could become larger with the 

change in preemphasis. This would have the net effect of reducing the separation 

between dolphin A’s scores and those of the other dolphins. This is exactly the 

case shown in Figure 4.19. Referring back to Figure 4.9 which shows the results 

for the same test using whistles that were preemphasized with an a of 0.97, note 

that the scores for dolphin A have only been reduced slightly, but the scores for 

dolphins C and D have increased to the point that the results of dolphin A are no 

longer separated from them. 

The final set of tests performed were a repeat of the 64 vector codebook 

tests performed previously (refer to Table 4.4), but with the test data, a new 

codebook, and new models generated using a preemphasis filter having « = 0.4. 

The results of these tests are shown in Table 4.7, and Figure 4.20 through 

Figure 4.22. 
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Whistle Score 3 state model 5 state model 10 state model 

Al -29.644 -29.512 -24,318 

A2 -26.133 -25,.728 -21.095 

A3 -28.698 -28.231 -25.006 

A4 -26.135 -25.970 -22,477 

AS -32.929 -32.786 -28.558 

A6é -29.613 -28,.820 -25.800 

A? -27.359 -26.927 -24.709 

A8 -28.496 -28.333 -23.945 

Dolphin A Variance 4,939 §.113 4,926 

Bl -52.44] -52.339 -51.807 

B2 -49.537 -49.487 -49.093 

B3 -54.803 -56.005 -55.849 

B4 -42.105 -42.493 -41.043 

BS -47.534 -46.828 -46,729 

Dolphin B Variance 23.773 26.647 30.805 

cl -49.098 -49.676 -50.333 

c2 -48.42] -48.618 -48.732 

C3 -49,804 -50.480 -§0.133 

C4 -49.172 -49.818 -49.603 

cs -50.354 -50.942 -51.399 

Dolphin C Variance 0.543 0.780 0.958 

D1 -49.372 -49,265 -46.566 

D2 -50.396 -50.762 -49.083 

D3 -49,548 -49.938 -47,436 

D4 -48,796 -49.21] -47.207 

D5 -49.210 -49.491 -47,500 

Dolphin D Variance 0,348 0.413 0.862 

El -3] .000 -29.616 -30.094 

E2 -32.211 -32,489 -31,316 

E3 -32.013 -29,736 -31.014 

E4 -32.704 -32.955 -34.136 

E5 -39.374 -39.288 -38.952 

Dolphin E Variance 11.313 15.436 12.972                   

Table 4.7. Scores against dolphin A 3, 5, and 10 state models using 64 code 
vectors and preemphasis a of 0.4 (for models and test data). 
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Figure 4.20. Results for model of dolphin A using 64 code vectors, 3 states, 1024 
sample frame, 10th order LPC, and preemphasis a = 0.4 (refer to Table 4.7, col. 
1). 
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Figure 4.21. Results for model of dolphin A using 64 code vectors, 5 states, 1024 
sample frame, 10th order LPC, and preemphasis o = 0.4 (refer to Table 4.7, col. 
2). 
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Figure 4.22. Results for model of dolphin A using 64 code vectors, 10 states, 
1024 sample frame, 10th order LPC, and preemphasis « = 0.4 (refer to Table 4.7, 
col. 3). 
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As was the case for the 64 vector codebook tests of the 3 and 5 state 

models performed using a = 0.97 (Figure 4.10 and Figure 4.11, respectively), the 

results for the 64 code vector tests of the 3 and 5 state models using a = 0.4 

(Figure 4.20 and Figure 4.21, respectively) fail to show a separation between the 

scores for dolphin A and the scores of all of the other dolphins. The separation 

between dolphin A and dolphin E for the 3 state model is —1.929 which is a 

greater crossover than the separation from the 3 state model using a = 0.97 which 

was -0.816. Similarly, the separation between dolphin A and dolphin E for the 5 

state model is -3.17 as opposed to a separation of -1.083 from the 5 state model 

using a = 0.97. The 10 state model did produce a separation of dolphin A’s 

scores from the scores of the other dolphins. The separation was 1.536 for the 

a = 0.4 results (refer to Figure 4.22) as compared to 1.293 when a preemphasis 

a = 0.97 was used (refer to Figure 4.12). 

There is quite a difference in the scores for dolphins B through D which are 

notably lower and more closely grouped for all of the models when using a 

preemphasis a = 0.4. Most of the scores for dolphin A are slightly higher when 

using a = 0.4 rather than a = 0.97, but one or two are slightly lower for each 

model state configuration tested (e.g. Table 4.7, column 3, whistles A3 and A5). 

The variances of the scores for dolphin A are larger for all of the 

preemphasis a = 0.4 configurations than for the « = 0.97 configurations. The 

increase ranged from 31% for the 10 state model to 89% for the 3 state model. 
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It is difficult to judge the importance of the small changes, such as the 

increase in variance and the few decreases in dolphin A’s scores, that occurred 

in switching from a preemphasis a of 0.97 to a = 0.4 because the vector 

quantization codebook and models were completely regenerated when the 

preemphasis a was changed. What is most important is that the scores for the 

whistles of dolphin A generally increased with the preemphasis « of 0.4, and did 

not change by much when they did decrease, while at the same time the scores 

for all of the other dolphins, except E, decreased notably. The lack of decrease 

in the scores for dolphin E can be explained in part by comparing the spectrogram 

of whistle E1 in Figure 7.12 with the preemphasis filter magnitude plots shown in 

Figure 3.8. Note that the full frequency range of whistle E1 falls within the region 

where the two preemphasis curves cross over, and where they differ by a 

maximum of 2 dB. The effects of the change in preemphasis on the scores for 

dolphin E should therefore be relatively small. Another possible reason that 

dolphin E continues to score high even with a change in preemphasis is the short 

duration of the whistles. It is likely that the short duration forces the scoring of the 

whistle through the model in fewer state transitions than with some of the longer 

whistles of other dolphins. This would have the effect of producing a larger raw 

likelihood score due to fewer multiplications of transition and observation 

probabilities in the hidden Markov model. Even with normalization by the number 

of samples in the whistle this effect might become salient for very short whistles 
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like those of dolphin E. The potential of this scenario is corroborated by the 

previously noted trend that separation of scores increases with the number of 

model states. More model states decreases the maximum raw likelihood score 

possible from an HMM and therefore decreases the potential of spurious effects 

from very short whistles. 

in general, the results of the testing using the optimal preemphasis « of 0.4 

show a potential for increased separation of the scores of the modeled whistle 

from the scores of other dolphins’ whistles. 
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5 Summary 

This thesis has shown that hidden Markov modeling can be used to produce 

an objective measure of similarity between dolphin signature whistles when the 

likelinood scores are normalized to the length of the whistle tested. This measure 

has been shown to account for temporal and frequency variation in whistles from 

a given individual dolphin and to be robust over a range of development 

parameters including the number of model states, analysis frame size, LPC order, 

and vector quantization codebook size. 

In general the greater the number of model states, codebook vectors, 

number of samples per analysis frame, or the higher the LPC order, the more 

separable the modeled dolphin’s scores were from the scores of other dolphins. 

As noted in Chapter 4, almost all of the hidden Markov model configurations that 

were tested produced consistent results. The consistency was lost when the 

preemphasis filter used in modeling was very different from that used in processing 

data to be scored, or when several of the model parameters mentioned above 

were simultaneously at the low end of their ranges. The parameters are therefore 

open to optimization for a given task. 

In addition to further attempts at optimizing parameters there are two 

avenues that may be pursued to make hidden Markov modeling techniques more 

applicable to producing a measure of similarity between dolphin whistles and 

possibly other animal vocalization comparisons. The first of these is the alteration 
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of the HMM structure. The models used in this thesis were of the Bakis type 

which is constrained left to right with no feedback. A model structure that provides 

feedback to previous states might be used to allow for multi-loop whistles that have 

a repetitive structure (see Figure 3.13). The other process that might be attempted 

is the inclusion of identifying parameters, such as signal amplitude or power, in 

addition to the LPC vectors for subsequent quantization. These types of 

parameters would help considerably in situations where the whistle contours of two 

dolphins are similar yet the signal energy is consistently distributed differently 

across their respective whistles. 
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Figure 7.1. Spectrogram of whistle AT. 
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Figure 7.2. Spectrogram of whistle A2. 
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Figure 7.3. Spectrogram of whistle A3. 
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Figure 7.4. Spectrogram of whistle A4. 

122



(Coys ERED Ge SE RE TR 

-12 dB/shade 
  

   Fr
eq

ue
nc

y 
(2
.5
kH
z/
di
v.
) 

      
Time (170ms/div.) 

Figure 7.5. Spectrogram of whistle A5. 
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Figure 7.6. Spectrogram of whistle A6. 
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Figure 7.7. Spectrogram of whistle A7. 
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Figure 7.8. Spectrogram of whistle A8. 
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Figure 7.9. Spectrogram of whistle B1. 
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Figure 7.10. Spectrogram of whistle C1. 
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Figure 7.11. Spectrogram of whistle D1. 
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Figure 7.12. Spectrogram of whistle E1. 
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