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Abstract 

This article focuses on possible automation of dolphin whistle track estimation process within the context of Multiple Target Tracking 
(MTT). It provides automatic whistle track estimation from raw hydrophone measurements using the Sequential Monte Carlo Probability 
Hypothesis Density (SMC-PHD) filter. Hydrophone measurements for three different types of species namely bottlenose dolphin (Tursiops 
truncates), common dolphin (Delphinus delphis) and striped dolphin (Stenella coeruleoalba) have been used to benchmark the tracking 
performance of the SMC-PHD filter against three major challenges- the presence of multiple whistles, spontaneous death/birth of whistles 
and multiple whistles crossing each other. Quantitative analysis of the whistle track estimation accuracy is not possible since there is no 
ground truth type track for the dolphin whistles. Hence visual inspection of estimated tracks has been used corroborate the satisfactory 
tracking performance in the presence of all three challenges. 

Keywords: Multiple Target Tracking, Probability Hypothesis Density Filter, Dolphin Whistle Tracking, Sequential Monte 
Carlo Method. 

1. Introduction  

Dolphin species identification and classification using 
acoustic techniques has been an active field of research 
since it supports conservation efforts1. These acoustic 
techniques, known as Passive Acoustic Monitoring (PAM) 
generally used to aid visual detection and classification of 
different species2. PAM uses raw acoustic recording of 
whistles from hydrophone measurements as they have been 
shown to contain species specific information3. Automatic 
extraction of these whistle tracks from the noisy 
measurements is of immense scientific interest since they 
can be used in species classification algorithms. 

Most of the whistles tracking algorithms rely on 
spectrogram techniques4. A promising alternative to these 
conventional approaches can be the Probability Hypothesis 
Density (PHD) filter which jointly estimates the state and 
the number of targets from a set of noisy measurements5. 
Recently it has been shown that one variant of the PHD 
filter which is known as the Gaussian Mixture PHD (GM-
PHD) filter can produce accurate whistle tracks6. But in 
general, the recursion in PHD filter requires solving multi-
dimensional integrals that do not, have closed-form 
solutions. As a result particle approximations are developed 
which is called the SMC-PHD filter7. The objective of this 
article is to automate the whistle track estimation process 
from the noisy hydrophone measurements using the SMC-
PHD filter. These reliable track estimates are absolutely 
essential for any algorithm for species classification, widely 
used in endangered Dolphin species conservation and 
mitigation efforts. 

II. Difficulties in Dolphin Whistle Frequency Tracking 

Performance of the species identification algorithms relies 
on the accuracy of the whistle track estimation process. The 
challenges in tracking the frequency contents of dolphin 
whistle can be attributed to: (i) death/birth of frequency 
tracks which means that number of whistles is unknown and 
generally varies over time (ii) presence of large amount of 

background noise in the recorded signal (iii) presence of 
multiple whistles cross each other. Based on challenges 
mentioned in (i) and (iii), estimation and tracking dolphin 
whistle can be regarded as MTT problem. In this work the 
potential of the SMC-PHD filter approach to tackle these 
challenges have been investigated. 

III. The SMC-PHD Filter 

In the MTT problems, targets evolve in the state space 
defined by the dynamical models. The local maxima of the 
PHD functions indicate the target positions in the space. At 
each time step the SMC-PHD approximates the target 
posterior PHD function by a weighted set of 𝑁𝑁𝑘𝑘  particles 
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7,8. The expected number of the targets is then 
given by the sum of the particle weights. State extraction 
from the group of particles is performed by a methods based 
on measurements. This allows the joint estimation of the 
number of targets and their states, from a set of noisy 
measurements. 

In essence, the SMC-PHD filter algorithm propagates a set 
of particles through prediction and update stages. At first the 
filter predicts a set of particles at time instant 𝑘𝑘, both for 

persistent 𝑥𝑥�𝑘𝑘|𝑘𝑘−1,𝑝𝑝
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the state transition density 𝑓𝑓𝑘𝑘|𝑘𝑘−1. The filter will update the 
weights of the particles once the measurement 𝑍𝑍𝑘𝑘  is 
available through likelihood function ℒ(𝑧𝑧𝑘𝑘 | ∙). One 
important point to note is that two different particle sets 
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are resampled separately using stratified resampling9, 10, 11. 
The resampling step is needed in order for the filter to avoid 
the problem of degeneracy as the number of the non-zero 
particle weights would otherwise become negligible after a 
few iterations. After resampling the number of particles for 
persistent target is maintained at a value of 𝜂𝜂 and the 
number of particles for newborn target is chosen to be 𝐽𝐽𝑘𝑘 . 
These particles are approximate representation of the MT 
posterior density function. The location and the number of 
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local maxima of this posterior density indicate the target 
position and number respectively.  

IV. State Space Model for Dolphin Whistle Tracking 

In MTT context, different dolphin whistles represents 
different targets. In this work state 𝑥𝑥𝑘𝑘  at time step 𝑘𝑘 consists 
of frequency 𝑓𝑓 and chirp rate 𝛼𝛼: 

𝑥𝑥𝑘𝑘 = [𝑓𝑓 𝛼𝛼]𝑇𝑇                            (1) 

The chirp rate 𝛼𝛼 defines the time rate of change of whistle 
frequency and has the unit Hz/s.  

A linear Gaussian discrete state space model is used for 
dolphin whistle tracking: 

𝑥𝑥𝑘𝑘 = �1 𝑇𝑇
0 1� 𝑥𝑥𝑘𝑘−1 + 𝑣𝑣𝑘𝑘                  (2) 

where 𝑣𝑣𝑘𝑘  is a zero mean Gaussian noise with a diagonal 
covariance matrix, so that system noise of the frequency and 
sweep rate are uncorrelated with different variances i.e. 𝛴𝛴𝑣𝑣, 
𝑓𝑓𝑠𝑠 is the sampling frequency related with sampling period 

𝑇𝑇 = 1
𝑓𝑓𝑠𝑠

. The state transition density 𝑓𝑓𝑘𝑘|𝑘𝑘−1(𝑥𝑥𝑘𝑘 |𝑥𝑥𝑘𝑘−1) is 
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�.  Only frequency measurements are 

available, and the measurement model is 
 

𝑧𝑧𝑘𝑘 = 𝐻𝐻𝑥𝑥𝑘𝑘 + 𝑤𝑤𝑘𝑘                         (3) 
 

where the measurement matrix 𝐻𝐻 is 𝐻𝐻 = [1 0] and 𝑤𝑤𝑘𝑘  is 
zero mean Gaussian noise with covariance 𝛴𝛴𝑤𝑤 . Hence the 
likelihood function ℒ(𝑧𝑧𝑘𝑘 |𝑥𝑥𝑘𝑘) is a Gaussian normal density  
𝒩𝒩(𝑥𝑥 ;𝑚𝑚ℒ ,Σℒ) where 𝑚𝑚ℒ = 01×1 and   𝛴𝛴ℒ = 𝛴𝛴𝑤𝑤 . 

V.  Models for Spontaneous Birth of Whistle Frequency 

In general a-priori knowledge about where targets are likely 

to appear is commonly not available. Then a non-

informative uniform prior can be use but this would require 

a large number of particles for reliable estimate of the state. 

This problem can be avoided by using the approach which 

allows targets to appear in the vicinity of measurements12. 

As at each time scan there are multiple measurements 

available which may originate from either target or clutter. 

Hence if  𝑍𝑍𝑘𝑘  denotes the measurement set at time scan 𝑘𝑘 

then the intensity function 𝛾𝛾𝑘𝑘  of the spontaneous birth PHD 

function is a Gaussian mixture:  

𝛾𝛾𝑘𝑘 =
1

|𝑍𝑍𝑘𝑘 | � 𝒩𝒩(𝑥𝑥 ; [𝑧𝑧, 0],𝛴𝛴𝑣𝑣)            (4)
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where |𝑍𝑍𝑘𝑘 | denotes the cardinality of the set 𝑍𝑍𝑘𝑘 . This model 
simulates the assumption that the whistle may appear 
spontaneously in the vicinity of measurements12. 

 

 

VI. Measurement Generation Process 

Implementation of the SMC-PHD filter requires a set of 
measurements at discrete instants of time for joint 
estimation of the state and the target number. These 
measurements are generated from raw audio data from 
hydrophone using whistle contour detection based on a 
modified spectrogram which effectively reduces the effect 
of echolocation clicks and background noises13. Frequency 
measurements for three dolphin species namely bottlenose 
dolphin (Tursiops truncates), common dolphin (Delphinus 
delphis) and striped dolphin (Stenella coeruleoalba) have 
been generated using this modified spectrogram technique. 

VII. Parameter Selection for the SMC-PHD Filter 

At the start of the processing filter needs to be initialized. 
This initialization step requires a number of particles to be 
drawn from a distribution for each of the targets. The 
number of target whistle frequency components is a random 
number initially. For each of these targets 𝜂𝜂 = 10 number  
of particles where drawn from the state transition 

density  𝒩𝒩�𝑥𝑥𝑘𝑘 ; 01×2,𝛴𝛴𝑓𝑓𝑘𝑘|𝑘𝑘−1� where 𝛴𝛴𝑓𝑓𝑘𝑘|𝑘𝑘−1 = �
𝜎𝜎𝑓𝑓2 0
0 𝜎𝜎𝛼𝛼2

�. 

Experimentally the values of 𝜎𝜎𝑓𝑓  and 𝜎𝜎𝛼𝛼  are found to be 10 
and 100 respectively. A compromise between particle 
number and accuracy track detection is made by choosing 
 𝜂𝜂 = 10 and 𝜌𝜌 = 10. As particles are samples of state space, 
i.e. each particle is of the form [𝑓𝑓 𝛼𝛼]𝑇𝑇, two separate 
distributions are used for frequency and chirp rate. For the 
frequency 𝑓𝑓 the distribution is chosen to be uniformly 
distributed over the range 2 kHz–30 kHz, i.e. 𝑓𝑓~𝒰𝒰 
 [2 kHz, 30 kHz]. This is because the fundamental frequency 
of the whistles may appear anywhere in that range with 
equal probability. The standard values for chirp rate 
𝛼𝛼~𝒰𝒰[8 kHz/s, 60 kHz/s ].  

The target survival 𝑝𝑝𝑆𝑆  and the target detection probability 𝑝𝑝𝐷𝐷 
are taken to be 0.99 and 0.95. The clutter intensity  𝜅𝜅𝑘𝑘  is 
assumed to be independent of time, i.e. 𝜅𝜅𝑘𝑘 = 𝜅𝜅. It is 
assumed that the measurement generated using the modified 
spectrogram technique contains on the average 𝑟𝑟 = 5 clutter 
samples which are uniformly distributed over the frequency 

range of 2 kHz− 30 kHz and hence 𝜅𝜅 = 5
28000

.The SMC-

PHD filter makes the decision about the presence of the 
target by comparing the weights of the particles to a 
threshold 𝑊𝑊𝑡𝑡ℎ = 0.8. Table-1 summarizes all values of the 
simulation parameter used to implement the SMC-PHD 
filter.  

VIII. Simulation Results and Discussions 

The whistle track estimates produced by the SMC-PHD 
filter are superimposed on measurements for all three 
dolphin species and are shown in Fig.1-Fig.3. Automatic 
extraction of dolphin whistle tracks form the acoustic 
measurement is challenging due to different factors such as 
the presence of multiple whistles; multiple whistles crossing  
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Table 1. Simulation Parameters used in Dolphin Whistle 
Tracking using the SMC-PHD Filter 

Simulation Parameter Simulation Parameter 
Specification 

Importance Sampling Density 
For Persistent Target, 𝑞𝑞(∙) 

𝒩𝒩(𝑥𝑥𝑘𝑘 ; 02×1,𝛴𝛴𝑣𝑣) 

Importance Sampling Density 
For New Born Target, 𝑝𝑝(∙) 

1
|𝑍𝑍𝑘𝑘 | � 𝒩𝒩(𝑥𝑥 ; [𝑧𝑧, 0],𝛴𝛴𝑣𝑣)

𝑧𝑧∈𝑍𝑍𝑘𝑘

 

Covariance of the State 
Transition Density, 𝛴𝛴𝑣𝑣 �

𝜎𝜎𝑓𝑓2 0
0 𝜎𝜎𝛼𝛼2

� 

Standard Deviation of 
Frequency Measurement 
Noise, 𝜎𝜎𝑓𝑓  

10 

Standard Deviation of Sweep 
Rate Noise, 𝜎𝜎𝛼𝛼  

100 

Standard Deviation of 
Measurement Noise, 𝜎𝜎𝑤𝑤  

10 

Initial Probability Distribution 
for frequency 𝑓𝑓 

𝑓𝑓~𝒰𝒰[2 kHz, 30 kHz]. 

Initial Probability Distribution 
for sweep rate 𝛼𝛼  

𝛼𝛼~𝒰𝒰[8 kHz/s, 60 kHz
/s] 

Average Number of Clutter 
Point per Scan, 𝑟𝑟 

5 

Intensity of Poisson clutter, 𝜅𝜅 5
28000

 

Target Survival Probability, 𝑝𝑝𝑆𝑆  0.99 

Target Detection  Probability, 
𝑝𝑝𝐷𝐷 

0.95 

Number of Particles per 
Persistent Target, 𝜂𝜂  

10 

Number of Particles New-born  
Target per Measurement, 𝜌𝜌  

10 

Threshold, 𝑊𝑊𝑡𝑡ℎ  0.8 

Sampling Period,  𝑇𝑇 1 

 

each other and number of whistles is varying over time. A 
close examination on the simulation results presented in 
Fig.1 to Fig.3 reveals the fact that the SMC-PHD filter has 
successfully produced whistle track estimates from a set of 
noisy measurements for all three different dolphin species. 
The SMC-PHD filter has tracked multiple whistles 
discarding clutters even when they cross each other as 
depicted in Fig.2 and Fig.3. At each time step the filter 
calculated the expected number of whistles and hence can 
cope up with the time varying number of whistles. It also 
ensures that the tracks are automatically initiated and 
terminated. These results suggest that the automation in 
dolphin whistle tracking has been achieved using the SMC-
PHD filter. 

 

Fig. 1. Estimated whistle tracks from the SMC-PHD filter 
superimposed on spectrogram for bottlenose dolphin 
(Tursiops truncates). 

 

Fig. 2. Estimated whistle tracks from the SMC-PHD filter 
superimposed on measurements for common dolphin 
(Delphinus delphis). 

 
Fig. 3. Estimated whistle tracks from the SMC-PHD filter 

superimposed on measurements for striped dolphin 
(Stenella coeruleoalba). 

IX. Conclusions 

This work has investigated the possibility of dolphin whistle 
track automation in the context MTT. It has been 
demonstrated that satisfactory track estimates can be 
produced automatically using the SMC-PHD filter. 
Simulation results suggest that the SMC-PHD filter has 
successfully produced reliable track estimates discarding 
significant clutter points for all three species in the presence 
of multiple whistles, spontaneous death/birth of whistles and 
multiple whistles crossing each other. In future these accurate 
track estimates produced by the SMC-PHD filter can be 
combined with different dolphin species identification 
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algorithms to build a complete system. The complete system 
will identify and classify different dolphin species by 
processing raw acoustic recordings obtained from 
hydrophones. Hence a complete dolphin species identifica-
tion system based on PAM can be realized. 
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