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Abstract 

In previous work a unique automatic classifier that uses perceptual signal features—features similar to 

those employed by the human auditory system—was employed to successfully classify anthropogenic 

transients, and vocalizations from five cetacean species. Although this is a significant achievement, 

successful implementation of this (or any) classifier requires that it be temporally and spatially robust. 

The primary goal of this research was to address the question: “Will the aural classifier work on 

vocalization data from these species collected under different environmental conditions?” This was done 

by performing a propagation experiment using cetacean vocalizations and synthetically generated calls as 

source signals, and testing the received signals with the classifier. The measurements were complemented 

by comparing the experimental results to propagation model results to examine the impact of propagation 

on classifier performance. Lastly metrics were identified to determine if individual features were altered 

in a statistically significant way as signals propagated over increasingly longer ranges. Experimental 

results indicated a decrease in classifier performance as propagation range increased. Through simulation, 

it was found that decreasing signal-to-noise ratio was the dominating influence; however, additional 

propagation issues—like multipath propagation—did contribute to decreasing classifier performance due 

to their impact on the individual perceptual features. 
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Résumé 

Lors de travaux antérieurs, on a utilisé un classificateur automatique bien particulier dont les 

caractéristiques perceptuelles du signal sont semblables à celles de l’oreille humaine. Cet appareil a 

permis de classifier avec succès les caractéristiques anthropiques transitoires et le chant de cinq espèces 

de cétacés. Même s’il s’agit là d’une importante réalisation, ce classificateur (ou tout autre appareil de ce 

genre) doit posséder une certaine robustesse temporelle et spatiale pour qu’on puisse l’utiliser. Ces 

recherches avaient principalement pour but de répondre à la question suivante: “Pourra-t-on utiliser les 

données recueillies sur le chant de ces espèces dans diverses conditions environnementales au moyen du 

classificateur sonore?” Ce fut le cas lors d’une expérience de propagation au cours de laquelle on s’est 

servi du chant des cétacés et d’appels synthétiques comme sources sonores, puis on a testé les signaux 

reçus par le classificateur. Pour ajouter aux mesures obtenues, on a comparé les résultats des expériences 

à ceux du modèle de propagation afin d’étudier l’incidence de la propagation sur le rendement du 

classificateur. Enfin, on a défini les paramètres permettant de déterminer si les caractéristiques 

individuelles étaient modifiées de façon significative sur le plan statistique à mesure que la distance de 

propagation des signaux augmentait. Les résultats des expériences ont fait état d’une diminution du 

rendement du classificateur associée à un accroissement de la distance de propagation. Grâce à des 

simulations, on a découvert que la réduction du rapport signal-bruit exerçait une influence prépondérante. 

Toutefois, d’autres facteurs relatifs à la propagation (comme le mode de propagation par trajets multiples) 

ont effectivement favorisé une diminution du rendement du classificateur en raison de leur influence sur 

les caractéristiques perceptuelles individuelles. 
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LONG-TERM GOALS 

To develop a robust automatic classifier with a high probability of detection and a low 

false alarm rate that can classify vocalizations from a variety of cetacean species in 

diverse ocean environments. 

OBJECTIVES 

In previous work as part of ONR grant N000141210139 a unique automatic classifier 

developed by the PI that uses perceptual signal features—features similar to those 

employed by the human auditory system—was employed to successfully classify 

anthropogenic transients, and vocalizations from five cetacean species. Although this is a 

significant achievement, successful implementation of this (or any) classifier requires that 

it be temporally and spatially robust. The primary goal will be to address the question: 

“Will it work on vocalization data from these species collected under different 

environmental conditions?” This was done by performing a propagation experiment using 

cetacean vocalizations and synthetically generated calls as source signals, and testing the 

received signals with the classifier. The measurements were complemented by comparing 

the experimental results to propagation model results to examine the impact of 

propagation on classifier performance. Lastly metrics were identified to determine if 

individual features were altered in a statistically significant way as signals propagated 

over increasingly longer ranges. Although the aural classification features were used in 

this study, the intent was to develop general metrics with which one could assess the 

impact of propagation on any feature set. 
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APPROACH 

The research is part of a PhD program undertaken by Ms. Carolyn Binder under the 

supervision of Dr. Paul C. Hines. The postgraduate program is being conducted 

collaboratively in the Oceanography and Electrical Engineering departments at Dalhousie 

University where Dr. Hines holds adjunct professor and research posts, and at Defence 

Research and Development Canada – Atlantic Research Centre where Ms. Binder is a 

researcher. 

Passive acoustic monitoring (PAM) is widely in use to study marine mammals; since 

marine mammals can be found in all ocean basins, their habitats cover diverse underwater 

environments. It is well known that acoustic propagation can vary substantially between 

environments, which can result in distortion of acoustic signals [1–3]. This in turn, can 

lead to environment-dependent time-frequency characteristics of a received vocalization. 

The resulting distortion of vocalizations may impact the accuracy of PAM systems. Thus, 

to develop a classification system capable of operating in many environments one must 

understand the role of propagation on the classifier. 

A prototype aural classifier developed at Defence Research and Development Canada has 

successfully been used for inter-species discrimination of cetaceans [4]. The aural 

classifier is an effective PAM tool because it employs perceptual signal features, which 

model features used by the human auditory system [5]. The current project examined the 

robustness of the perceptual features it uses for different environmental conditions. To 

accomplish this, propagation experiments were conducted by transmitting a set of real 

and synthetic vocalizations from bowhead and humpback whales, and measuring the 

received signals at a variety of ranges [6]. The transmitted and received signals were 

tested using the aural classifier to identify the performance degradation due to 

propagation. The measurements will be complemented by propagation-model results 

using environmental inputs measured during the experiments. The model results will 

provide physical insight into what propagation effects have the greatest impact on the 

classifier’s robustness, and aid in generalizing the experimental results to other ocean 

environments. It also enables one to put bounds on realistic within-environment 

variability. It is worthy of mention that there has been no study published in the literature 

that systematically analyzes the impacts of propagation on an automated classifier, using 

both underwater propagation experiments and complementary modelling. 

If propagation does impact some features, then the next step is to rank the features in 

order of their sensitivity to propagation-related effects. Features which are especially 

sensitive to the acoustic environment might simply be removed from the aural  

classifier. Alternatively, it may be found that many of the perceptual features are 

environment-sensitive and therefore it is unreasonable to exclude all of them. In this case, 

a strategy may instead be developed to generate training sets for the classifier that take 

propagation-related signal distortion into account; this could be done either by 

acoustically distorting the training data by propagating them through a modelled 
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environment or by including vocalizations in the training set that came from a variety of 

propagation ranges as done in [7, 8]. 

 

WORK COMPLETED  

 

During the project the focus of the work was as follows: 

Year 1 

1. Analyze the data collected during the propagation experiments conducted in 2013 

and test the robustness of the aural classification feature set. 

2. Identify and implement a pulse propagation model that is suitable for model-data 

comparison. 

Year 2 

3. Examine the relative impacts of signal-to-noise ratio (SNR) and multipath 

propagation on the performance of the classifier using the pulse propagation 

model selected. 

Year 3 

4. Develop general metrics to quantify the impact of propagation on classifier 

performance. 

 

The results from each phase of this work are discussed in the following section.  

 

RESULTS 

 

Experimental Data Analysis: A two-day sea trial was conducted in the Gulf of Mexico, 

approximately 74 km south of Panama City, FL, from 30 April to 1 May 2013. A 

pictorial summary of the experimental setup is given in Figure 1. Two moorings were 

deployed, each with two hydrophones at different depths within the water column. Then 

both real (biogenic) and synthetic vocalizations were transmitted to the moored receivers 

from a source deployed from CFAV QUEST while the ship drifted. After the 

transmissions were completed (approximately one hour), the range from the moored 

receivers was increased and the transmissions were repeated. Environmental properties 

were measured throughout the experiments in order to understand the propagation 

conditions, and to provide realistic parameters for modelling. CTD casts were performed 

at each location the signals were transmitted so as to characterize water column 

properties. Information on the sediment characteristics was obtained from several Free 

Fall Cone Penetrometer (FFCPT) casts along the ship’s track. Data from the FFCPT 

provided information on the sediment type (e.g., silty-clay, sand), from which the 

relevant geo-acoustic parameters were estimated. Additional details of the experiment are 

reported in [6].  
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Figure 1: Representation of the experimental setup. The ship first deployed two hydrophone 

moorings, moved to the first location and transmitted the set of signals, then moved further  

away from the recorders and retransmitted the signals. R1 and R2 represent the horizontal  

range the signals propagated from the source to the midpoint between the moorings. 

 

The acoustic data that were collected were processed as follows: The signals were 

identified in the recordings made by each hydrophone using a frequency band-limited 

energy detector [9]. These detections were compared to the known time that signals were 

transmitted to remove false detections. After each signal has been detected, a four-second 

segment of the signal was extracted with the detection located approximately in the center 

of the segment. Each extracted detection was saved to a WAV file, and high-pass filtered 

to remove the DC-offset applied by the recording equipment and reduce low-frequency 

noise. The received signals were then processed using the aural classification algorithm. 
 

The perceptual features were calculated for each signal and the classifier performance 

was assessed. This was done by training the classifier on data recorded by a monitor 

hydrophone deployed from QUEST during the experiments, and testing on data 

transmitted through the water. Examining and comparing the decision regions for signals 

transmitted over each of the ranges enabled a qualitative analysis of the classifier’s 

robustness to propagation. Although the area under the ROC curve (AUC) is often used 

as the only metric to assess performance, our research has shown that this is insufficient 

for the present study. This is because propagation can cause the class distributions to shift 

with respect to the decision threshold; this can leave the AUC unaffected while severely 

reducing the accuracy [6]. Therefore both the accuracy and the AUC are used to assess 

performance. If propagation affects the perceptual features used for classification, then 

one would expect that the class means of the propagated signals in the training and testing 

sets would be significantly different, and/or there would be a large change in the variance 

of the classes. This will likely result in a decrease in the AUC and/or the classification  

accuracy. A sample of the classifier performance as a function of range is shown in 

Table I for the biogenic vocalizations and in Table II for the synthetic vocalizations. 
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Table I: Sample of detections and classifier performance for biogenic  

calls recorded from one of the hydrophone moorings. 

 

 Number of Detected Calls Performance Results 

Transmission 

Range (km) 

Biogenic 

Bowhead 

Biogenic 

Humpback 

Accuracy (%) AUC 

0.07 155 155 97 0.99 

1 151 151 93 0.97 

5 128 132 57 0.64 

10 21 82 39 0.56 

20 0 0 – – 

 

Table II: Sample of detections and classifier performance for synthetic  

calls recorded from one of the hydrophone moorings. 

 

 Number of Detected Calls Performance Results 

Transmission 

Range (km) 

Synthetic 

Bowhead 

Synthetic 

Humpback 

Accuracy (%) AUC 

0.07 155 155 100 1.00 

1 148 148 100 1.00 

5 148 148 83 0.97 

10 119 87 71 0.79 

20 0 0 – – 

 

 

Propagation Model Selection: A variety of numerical techniques have been developed to 

study ocean acoustic propagation. These include ray tracing, normal modes, parabolic 

equation, wavenumber integration, and finite element models [1, 2]; each has its 

advantages and no single method is suitable for handling all the possible environmental 

conditions, frequencies, and transmission ranges that are dictated by various applications 

[10]. There were several essential features as well as some additional desired features 

taken into account during model selection: The essential features of the model are: 

 It must have an accurate representation of bottom interactions since much of the 

cetacean PAM occurs in shallow water [11].
1
 

                                                      
1 All vocalizations—real and synthetic—were up-sampled to the 1–4 kHz frequency band prior to 

transmission. Although this was motivated by limitations in transducer bandwidth, transmitting signals in 

this higher band had several advantages: experiments were shorter in duration due to the time compression 

of the pulse sequence; high frequency signals attenuate more rapidly than low frequency signals so that the 

spatial extent of the experiments was decreased, thereby reducing the environmental impact; and the 

potential of behavioural impact on marine mammals in the area was reduced because the signals would not 

be misinterpreted as real whale vocalizations by marine life. 
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 It must be capable of handling a wide frequency range to encompass the low

frequency range of bowhead and humpback vocalizations (extending down to

approximately 50 Hz) as well as the higher frequencies used for the propagation

experiments (1–4 kHz).

 It must be accurate over the relevant spatial scales (tens to hundreds of

kilometres).

 It must be capable of performing pulse propagation that can simulate a

time-domain representation of a signal after it has been propagated through a

modelled environment.

In addition to these essential features, it is desirable if the model is: 

 range-dependent since shallow water environments are often range-dependent;

 “public domain” or non-proprietary to facilitate collaboration and ease of access;

and

 reasonably easy to implement.

Initially the Ocean Acoustics and Seismic Exploration Synthesis (OASES) model [12] 

was selected because of its wide usage within the acoustics community and its ability to 

handle finite duration pulses. However, OASES is a range-independent model and the 

experimental environment was strongly range dependent. Therefore, DRDC’s pulse 

propagation model, WATTCH (WAveform Transmission Through a CHannel) [13, 14] 

was chosen instead. The propagation modelling component is done using the active 

version of Bellhop. The WATTCH program allows for range-dependent environments, is 

efficient, and accurate for the frequencies and spatial scales of the experiment. Since 

WATTCH has a relatively small user community, a subset of environments was also run 

through OASES to ensure the former’s accuracy. One cannot directly account for SNR in 

a propagation model since the input signal has infinite SNR (otherwise the noise would 

propagate along with the signal). To account for SNR effects in the model, noise was 

added to the signal at the output of the model. The SNR present at the transmitter, 

coupled with spreading and absorption predicted by the model, were used to adjust the 

noise added at each range. 

Performance Dependence on SNR vs. Multipath Propagation: Collecting data at sea as a 

function of range is a time-consuming and costly proposition since changes are a function 

of logarithmic length scales. Furthermore, any fine scale fluctuations that may be present 

are lost if one limits measurements to logarithmic increments. Therefore the strategy 

adopted was to use pulse propagation modelling to increase the fine scale resolution and 

extend the results to longer ranges, while using the data to “baseline” the model to ensure 

that it accurately reflected the measurements. Figure 2 shows the measured (green 

squares) and modelled (red triangles) classification performance as a function of range 

using the metrics of AUC and accuracy As expected, there is a trend of decreasing 

classifier performance with increasing transmission range. Murphy and Hines [7] noted a 

similar pattern in their investigation of SNR-dependence. Mouy et al. [15] also noted that 

false negative rates increased as SNR decreased. All this suggests that SNR plays a part, 

and may even be driving the decrease in classifier performance. Thus, it is expected that 
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there is a component of the aural classifier performance that is due to decreasing SNR as 

the range increases. The question therefore becomes, what are the relative contributions 

to reduced classifier performance that arise from lowering SNR and from  

propagation-induced signal distortion due to time and frequency spreading? 
 

 

 
Figure 2: Range dependence of the measured and modelled classifier performance using  

metrics of accuracy (upper panel) and area under the ROC curve (lower panel). 

 

While it is expensive and complicated to design experiments to separate the SNR effects 

from the propagation (time and frequency spreading, etc.), it is straightforward to 

separate them within the model. These results are presented in Figure 3. Although both 
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propagation and decreasing SNR degrade performance, it is clear that SNR is the 

dominant component. 

 

 
 

 
Figure 3: Range dependence of the measured and modelled classifier performance 

separated into SNR and distortion-induced propagation effects due to time and  

frequency spreading. As in Figure 2 the metrics used are accuracy (upper  

panel) and area under the ROC curve (lower panel). The SNR axis is  

approximate and is obtained from the WATTCH model outputs for a  

given range. AWN is an acronym for additive white noise. 
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A surprising result here is that even though multipath propagation increasingly distorted 

the waveform with range, there was very little change in the performance; however, when 

noise was added to these signals the performance decreased below that of the noise only 

case. This suggests that with sufficient SNR, multipath propagation has minimal impact 

on classifier performance; lowering the SNR however, not only decreases performance, it 

amplifies the multipath-dependent degradation. Further work needs to be done to 

determine if there are (realistic) environments in which propagation effects drive 

performance and whether surface roughness, and range dependent bottom type and sound 

speed needs to be included to obtain sufficient fidelity in the model. One positive 

outcome is that the results suggest that long-range propagation does not inherently 

degrade the classifier. That is to say, one could substantially enhance long-range 

classifier performance simply by increasing SNR. This could be done with directional 

receivers such as towed arrays or vector sensors. Another important outcome is that it 

appears that modelling is doing a good job of disentangling the SNR and time- and 

frequency-spreading components of classifier performance. This bodes well for extending 

the approach to other more complex environments and for using modelling to predict 

classifier performance. 

 

Metrics to Quantify the Impact of Propagation on Classifier Performance: The previous 

work has focused on examining how the aural classifier performance as a whole was 

affected by propagation. This section focuses on the performance of individual perceptual 

features. Statistical measures are used to determine if and how feature distributions are 

altered as signals are subjected to increasing propagation effects. Using the results of 

these metrics, the features are ranked based on their sensitivity to propagation, resulting 

in two possible outcomes: 

1. Some features are invariant to propagation. In which case, it will be possible to 

generate a subset of the perceptual features robust to propagation effects. In doing 

so, the environmental-dependence of the classifier performance should be 

diminished. This is considered the “gold-standard.” 

2. All features are significantly impacted by propagation. Thus, the focus will  

be on constructing strategies to train the classifier that account for the 

environment-dependent signal distortion. 

 

Two metrics were selected to determine if each of the perceptual features were altered in 

a statistically significant way as signals propagated over increasingly longer ranges. The 

first of these metrics is the Student’s t-test, which is used to determine if two distributions 

have the statistically same mean. The main advantage of this test is that it provides both 

the strength of the change, as well as its significance [16]. Student’s t-test is applied 

separately for the bowhead and humpback distributions; for example, it compares the 

mean value of the durations of the bowhead calls transmitted over 70 m to the mean value 

of the durations of the same calls transmitted over 5 km. The second metric is the Fisher 

Linear Discriminant score (FDS), defined in Murphy and Hines [8]. It measures the 

ability of a feature to discriminate between classes and is similar to the function that is 

minimized in linear discriminant analysis. In contrast to Student’s t-test, the FDS 
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provides a measure of how the bowhead and humpback feature distributions change 

relative to each other, i.e., it examines if the separation of the class distributions (the 

measure of a powerful classification feature) is maintained as signals are transmitted over 

longer ranges. The information contained in these statistical measures provides enough 

information to decide if each perceptual feature is robust to the impacts of propagation. 

 

Student’s t-test was independently applied to the set of bowhead and humpback calls. 

Results for a subset of the perceptual features are shown in Figure 4. The colour intensity 

of each cell represents the value of the t-statistic obtained by comparing calls recorded on 

the monitor hydrophone with calls transmitted over 1, 5 and 10 km. The stars overlaid on 

a cell indicate where the mean of the feature distribution has a significantly different 

mean (p = 0.01) than for calls received by the monitor hydrophone. These results indicate 

that all feature distributions underwent a significant change in their mean values, at some 

or all ranges. The strength of this change did not necessarily increase with increasing 

range as one might expect. In most cases this was due to the number of detected signals 

decreasing and the distribution’s variance increasing, thereby diminishing the effect of 

the changing mean value.  

 

 

 
Figure 4: Student’s t-test results for bowhead (left panel) and humpback (right panel) calls. The 

stars indicate where there was a significant change in mean value at the 0.01 significance level. 
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The Student’s t-test results indicated that for both bowhead and humpback calls, the 

feature distributions shifted along each feature axis as signals were transmitted over 

longer ranges; however, it does not provide any indication for how effective the features 

were for classification at the longer ranges if the classifier were to be retrained on this 

data. The FDS results in Figure 5 provide an indication of the amount of information that 

may be leveraged for classification purposes, i.e., the figure illustrates how well the 

separation between class distributions is maintained with increasing transmission range. 

Similar to the t-test results, the darker colours represent where features do not perform 

well, and the stars indicate where distributions are considered poorly separated. 

Following Murphy and Hines [17], FDS < 0.25 was used as the performance threshold. 

The striking feature in Figure 5 is the significant overlap of most feature distributions for 

signals transmitted 5 km. Intuitively one might expect that the class separation decays 

gracefully with range, similar to the decay exhibited by the “loc_meanSBDS” feature; 

however, this was found to be the exception. Instead, there was a sharp transition at 5 km 

where there was significant overlap, but at 10 km the distributions were relatively well 

separated for most of the features. The cause of this was not determined at the completion 

of the project and requires further investigation. Pulse propagation modelling will be used 

to increase the range resolution to determine how feature distributions change between 

1 and 10 km. 

Figure 5: Fisher Discriminant Score (FDS) results for five of the perceptual 

features. The red stars indicate where distributions are not well separated. 
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Considering the combined results of the Student’s t-test and FDS, it is clear that all 

features are significantly impacted by propagation, even over relatively short ranges. 
Future effort will focus on developing classifier training strategies that account for 

environment-dependent propagation when training the aural classifier. 

Another goal of this work is to employ the Physics of acoustic propagation to explain 

why each of the perceptual features is impacted by propagation effects. For example, the 

global mean subband decay time feature (glob_meanSBDT in the figures) is a measure of 

the mean time delay between the peak of the temporal envelope of each subband and the 

end of the detected call. This feature may degrade at low SNR because part of the signal 

becomes buried in noise, decreasing the duration of the call, which results in the subband 

decay time decreasing; additionally, multipath summation may reinforce the temporal 

envelope at certain times, shifting the peak of the envelope and thus altering the subband 

decay time. This example highlights the challenge of disentangling the relative 

importance of SNR and other propagation effects on the experimental results but also 

emphasizes the critical role that propagation modelling can play in improving one’s 

selection of classification features. 

IMPACT/APPLICATIONS 

Detection and classification of cetaceans has become critically important to the US Navy 

due to an ever-increasing requirement for environmental stewardship. Passive acoustics 

continues to be the best method to carry out this task but current techniques provide only 

a partial solution; most detectors are either too general, leading to unacceptably high false 

alarm rates, or are too specialized (i.e., species- or location-specific) leading to many 

missed detections. Furthermore, future military platforms will have to support smaller 

complements and deal with ever-increasing data throughput, so that automation of  

on-board systems is essential. In addition, the technique is well suited to autonomous 

systems since a much smaller bandwidth is needed to transmit a classification result than 

to transmit raw acoustic data. The success of the machine classifier in discriminating 

cetacean vocalizations suggests that it could be applied to other passive acoustic 

classification problems which currently employ human audition. This would be 

particularly useful if expert listeners are not available—such as diagnosing heart murmurs 

in remote communities that lack a cardiologist, or as part of the triage process in a 

hospital emergency department or a military medevac team. Alternatively, the machine 

classifier is ideally suited when the sheer volume of data makes human audition 

untenable—such as classifying ocean acoustic data for species population monitoring. 

Finally, developing a robust classifier for passive marine mammal vocalizations is also a 

first step to testing the algorithm on passive transients generated by submarines to 

examine its potential for passive detection and classification of submarines. 
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RELATED PROJECTS 

This research has benefited from DRDC – Atlantic Research Centre’s Force ASW 

Program in which DRDC’s aural classification algorithms (including the marine mammal 

classification algorithm) are being integrated into DRDC’s System Test Bed (STB). The 

STB is used to evaluate sonar algorithms in a military context. Two of the insights to be 

gained are: 1. Does the aural classifier reduce false alarms from marine mammals, 

thereby reducing operator workload and enabling greater concentration on potential 

threats? 2. Is the aural classifier easily integrated into a navy platform? 
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