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Sound is a primary modality for communication 
for all cetacean species 

We can eavesdrop and use passive acoustic 
methods to learn about these species 

A challenging first step in analyzing passive 
acoustic data is identifying species present in 
recordings 



Marine mammal sounds: 
Variable within species 

Time-frequency characteristics often overlap 
among species 

Statistical classifiers are necessary for species 
identification from acoustic recordings 

Striped dolphin 



Require large amounts of acoustic data 

Recordings must  
Have visual confirmation of species identity 

Contain a single species 

Time consuming, expensive and difficult 

Combining datasets from different locations 
could increase sample sizes 

Complicated by geographic variation in signal 
structure 



Geographic variation in whistle structure has 
been shown for many species 

If intra-species variability is large enough, it 
could affect classifier performance 

Does geographic variation exist in whistle 
variables used for classification? 

Does geographic variation affect classifier 
performance? 



Recorded during visual and acoustic marine 
mammal surveys 

Duke University, Southeast Fisheries Science 
Center, Northeast Fisheries Science Center, 
Southwest Fisheries Science Center 

Towed hydrophone arrays, DTAGs 

Sample rates: 48 kHz – 192 kHz 

 





Single species recordings 
Visual confirmation of species identity 

Randomly selected maximum of 50 whistles per 
encounter 

Whistles traced manually using ROCCA software 
PAMGuard module 

ROCCA automatically measured 53 variables 
Duration, frequencies, slopes, shape variables 



Whistle variables compared using Mann-
Whitney U tests 

Species # Whistles 
Northwest 

Atlantic 

# Whistles 
Tropical 
Pacific 

Short-beaked common dolphins 308 226 

Pilot whales 250 109 

Striped dolphins 250 109 

Rough-toothed dolphins 225 145 

Bottlenose dolphins 250 109 
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Collection of decision 
trees 

Binary partitioning of 
data 

Each split based on a 
single variable 

Splitting variable 

    chosen randomly at     
each node 

Sb Tt Gm 

Pc 

Tt 

Pc Sa 

Dd 



Striped Common 

Bottlenose Striped Common Striped 

Common Striped 

Bottlenose 

Striped 



Training dataset Testing dataset 

Equal sample sizes per species 

Divided each dataset into 4 subsets 
3 used to train, 1 used to test 

Entire process repeated 50 times 

 



Training dataset Testing dataset 

Equal sample sizes per species 
Repeated 50 times 
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The presence of geographic variation does not 
always mean classifier performance will be 
negatively affected 

For some species and locations, classifiers 
trained using data from another study area will 
perform better 

Ex. Striped dolphins 



Patterns of misclassification 
Striped dolphins misclassified significantly less 
frequently as rough-toothed dolphins when the 
‘other’ classifier was used 

Atlantic striped and rough-toothed whistles are 
more similar in the same study areas than in 
different study areas  

So the ‘other’ study area classifier is more effective 
for classifying striped dolphins  



Geographic variation evident for all five species 
More geographic variation for some species than 
others 

Geographic variation affected classifier 
performance 

Not always a good predictor of how classifier would 
be affected 

In general, classifier performed better when 
trained and tested with data from same location 

But not always 



In general, classifiers should be trained using 
data collected in the study area where the 
classifiers will be used 

Different classifiers should be tested and 
training data chosen with study goals in mind 

Ex. Striped dolphins 





On what geographic scale does variation in 
whistle structure occur? 

Over what geographic scale can classifiers be 
successfully used? 

How does geographic variation in the whistles 
of one species affect classification of another? 
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