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Abstract—This paper describes an algorithm for the automatic
detection of a particular class of underwater sounsl using a single
hydrophone. It is observed that many life-forms, sstems or
mechanisms emit distinctive acoustic signatures wth are
characterized by packets of relatively high frequeoy sound that
are repeated at regular, low frequency intervals. fiese types of
sounds are commonly produced by biological (e.g.sfies and
invertebrates) and anthropogenic (e.g. scuba diverdources. The
algorithm exploits a simple feature, extracted fromthe raw
hydrophone signal, which enables robust detection ven in
conditions of severe background noise. In order t@emonstrate
how the algorithm can be used, trial applications & presented for
the detection of two different kinds of underwatersound source.
First, the algorithm is applied to the problem of dtecting
soniferous fish sounds, showing that it is possibléo robustly
automate the detection of instances of cusk-eel [@ence in
hydrophone recordings, thereby simplifying the ardwus task of
human monitoring of long sound recordings in marinebiological
research. Second, the algorithm is applied to therpblem of
automatic diver detection in a noisy urban estuarydemonstrating
its potential for harbor security and fleet protecton.

I. INTRODUCTION

This paper presents an algorithm which can be used
recognize the presence of a variety of soniferqugties in
passive acoustic signals. It is observed that nid@forms,
systems or mechanisms emit distinctive acoustiniasiges
characterized by packets of relatively high frequyesound
that are repeated at regular intervals with a repetrate of
relatively low frequency. Pattern recognition sclksnwhich
can make use of both frequencies to characterizentty are
likely to be highly robust against many kinds oftkground
noise, since there is a low probability that anotetity will
share both frequencies.

We show how a useful feature can be extracted frassive
acoustic signals which attempts to evaluate to vetént an
object is present which emits regularly repeatedkets of
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sound in a characteristic high frequency rangeh shat the
repetition rate falls within a characteristic lor@duency range.
Automated detection can be achieved simply by gpjate

thresholding of the resulting feature value.

We demonstrate this technique with applicationsvim very
different examples of modulated sound sources fesanis fish
and SCUBA divers. The cusk-eéDphidion marginatum is
one example of a soniferous fish which can be neieegl by
its distinctive call consisting of a rapid serigfscticks. Each
click consists of relatively high frequency souwndder 1KHz),
but the clicks are repeated at regular intervalelattively low
frequency (order tens of Hz). In a similar fashiae, note that
the primary source of sound emitted by a SCUBA dre¢ates
to the diver’s breathing. The breathing sounds pga wide
frequency spectrum, but are most distinct from pemknd
noise in a prominent ultrasonic frequency rangeusTa diver
can be characterized by packets of high frequettcgsound
which occur at a low frequency repetition rate,responding
to typical human breathing rates (around 0.3Hz).

A. Acoustic surveying of soniferous fish

There is increasing interest, amongst the marirsody
community, in the use of acoustic surveying techeg for
non-invasive population assessments and for thaifbation
of essential fish habitats. Studies of fish soucals provide a
wealth of data on temporal and spatial distributfatterns,
habitat use and spawning, feeding, and predatordanoe
behaviors, [1], [2], [3]. Unfortunately, acoustiargeying of
fisheries is hampered in that it relies on humapees to
painstakingly search through many hours of soundrdéng by
hand in order to count the instances of sonifefsisactivity.
This difficulty has severely limited the scope ofeyious
attempts at acoustic surveying. We demonstratepplication
of our passive acoustic detection algorithm to @matiing the
process of searching through lengthy sound recgsdito
identify instances of fish calling.

B. The diver detection problem

One of the most challenging aspects of port secusit
providing the means to protect against threats fumer the
surface of the water, [4]. In particular, it istfédat a significant
terrorist threat might be posed to domestic harbothe form
of an explosive device delivered underwater by\ermdusing
SCUBA apparatus, [5]. Although active sonar systeist



which can detect and track moving targets, e.g, B¢
problem of recognizing which, if any, moving erd#i are
human divers is less well understood. This recammiproblem
lends itself to a passive acoustic approach, sitieese
techniques can make use of prior knowledge of fhecific
sounds generated by a diver. Additionally, existiaghniques
which rely on active sonar devices may be prohibitemany
domestic harbors due to their environmental effeEs.
disturbance of marine mammals).

Il. A SIMPLE PASSIVE ACOUSTIC DETECTION ALGORITHM FOR
MODULATED SOUNDS

We address the problem of passively detecting thegmce
of a class of modulated sound emitting entitiesciwigcan be
characterized by two frequencies. Firstly, thestties emit
packets of sound for which energy is either coneged in, or
best dominates noise, over a frequency randig:, about a
prominent characteristic high frequencygf i.e. the entity
signal is most distinct from typical background s®iin this
range. Secondly, these packets are repeated daréagervals,
such that the repetition rates lie in a lower fegy range,

flow» @bout a characteristic low frequengy,.f

We now describe how to calculate a single featwtach
can be used with a simple discriminatory thresmgdunction
to determine entity presence robustly against

gevelll.
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Figure 1. Procedure for extracting a discriminafegture from
hydrophone signal

D ETECTING CUSKEEL CALLS

background noise. The feature evaluates to whagnexan A. Characterizing cusk-eels

object is present which emits regularly repeatingsgs of

The cusk-eel, Ophidion marginatum, is one examfla o

sound with a prominent component in the high freqye soniferous fish which can be recognized by itsimtisive call
range, fugh, and with a pulse repetition rate in the lowconsisting of a rapid series of clicks (maximum bem of
frquency range, fo,. The feature calculation process isclicks 73, median 31, [7]). Cusk-eels were recorietthe wild

summarized in figure 1.

at a sampling rate of 20 kHz using bottom-mounted

Firstly the raw hydrophone signal is narrow bandpasydrophones installed at locations identified ateptial cusk-

filtered over a small range of frequencied,y, about the

eel habitats. Analysis of the soniferous activifycosk-eels

characteristic high frequency,gf. Secondly, an envelope isrevealed that they tend to emit sound pulses @&Jickf

fitted to the filtered signal by connecting peahksl amoothing.
Thirdly, the envelope is Fast Fourier Transformzg@roduce a
spectrum for the envelope waveform. Lastly, thecpen is

approximately equal amplitude at regular intervdlse cusk-
eel calls examined for this paper typically coresisbf up to 27
pulses, which tended to be repeated in a charsiitetow

integrated over the rangefy,, about the characteristic low frequency repetition rate rangeflow, between 20 and 25 Hz.
frequency, fw, yielding a single characteristic number. ThisNe note that other researchers have reported soahdoier

number is discriminating in that it takes high \eduvhen the
entity of interest is present and low values otliggweven in
severe conditions of background noise.

This feature can be used for detection by mearss sifple
thresholding process. At any point in time, theitgnts
considered to be present if the feature value utatied for the
most recent portion of signal, exceeds a critidakghold
value. To implement this detection system, only raals
number of parameters must be determined from trgidata:

repetition rates (18.3 Hz) for cusk-eel sounds thaze 164
randomly selected calls, [7]. The discrepancy mayid the
fact that the 20-25Hz, that we report, was meastioedls
duration samples of cusk-eel sound, whereas Maah divide
the duration of a complete call (often several sdsp by the
total number of clicks in that call (the method itally
employed by marine biologists). The discrepancy hmig
possibly be caused by a single cusk-eel call beamyposed of
several packets of 20-25Hz repetition, interspenrsiald very

fhigh and  fhign, fiow and fiw, and an appropriate thresholdsmall delays or short periods of lower frequencincs this

value. These parameters are obviously applicat@tific. In
the following sections we describe how these patarsavere
estimated for two very different applications.

paper addresses the problem of ascertaining whethest any
given 1s period of sound recording contains a adlzall, the
use of the 20-25Hz range is preferred. This is gt in that
the repetition frequency reported by marine bidtgimay not
be the best value to use with detection algorithms.
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Figure 2. Spectrum for a cusk-eel call comparednagiaypical ambient
background noise spectrum recorded in the cuskastat.

Time-series data, was processed using a fast Fourie

transform (FFT) to produce spectra of the cuskeal$ (figure

2). The spectrum of the call was compared to tlianabient

noise in the cusk-eel habitat to identify the pnoemt

frequency range for filtering. It is observed thla¢ cusk-eel
signal occupies a broad spectrum but tends to damithe
background noise in a frequency band,g, between 1200
and 1500Hz. Hence the raw hydrophone signals cavahd-

pass filtered in this range to obtain a time-sec@sesponding
to the highest signal-to-noise ratio (SNR).

B. Calculating a discriminating “cusk-eel number”

We now describe how a hydrophone signal is procetse
yield a discriminating feature value, or “cusk-eeimber”,
which correlates with cusk-eel presence. Each efalowing
steps corresponds to a stage in figure 1. Firdteyhydrophone
signal is band-pass filtered over a frequency rangigg,, of
1200 to 1500 Hz (figure 3). Next, an envelope o thme
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Figure 3. Cusk-eel call following band-pass filteyi 23 pulses of high
frequency sound emitted at regular, low frequenegrivals.

series signal is calculated by discarding the megat
amplitudes, then smoothing by low-pass filteringgufe 4).
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Figure 4. Envelope fitted to filtered hydrophc

The envelope waveform is now Fast Fourier Transéatrto

give an envelope spectrum (figure 5). For envelapfesusk-
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Figure 5. Typical envelogspectrogram for a ba-pass filtered cus-eel call
eel calls, the energy is highly concentrated in andb of
frequencies between 20 and 25 Hz (the frequenashith the
characteristic cusk-eel clicking sounds are regBatéote that
the large signal, close to zero frequency, is al@®@l resulting
from the demodulation process, and can be ignotad.
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Figure 6. Envelope spectrogram for band-pass diteambient

noise in a cusk-eel marine habitat.
contrast, performing the same operation (filtering,
demodulating and Fourier Transforming) on typiaahgples of
background noise does not yield a concentratioangfrgy in
this frequency band (figure 6). Hence this peakhighly

50



discriminatory. There is some variation in the nemiof

characteristic pulses produced per second, bothveleet
different cusk-eel calls and also throughout theation of any
particular call ([7] reports a coefficient of vai@n of 2.8%).

Hence the energy associated with a particular &rqy e.g.
23Hz, is not a generalizable feature (may not hE@piate to
all cusk-eels). Therefore, to account for the \deanature of
cusk-eel calling, we integrate the density functimer a range

of possible calling rates fj,) of 20-25Hz, yielding a single

“cusk-eel number”. This number is a useful discniatory
feature since it takes large values when cusk-@espresent
and low values otherwise.

C. Choosing a suitable discriminating threshold

A simple method for automatic detection of Cuskadling
is to threshold the cusk-eel number. Any portionk
hydrophone signal whose cusk-eel numbers exceed
threshold are now believec

we apply our detection algorithm to automating die¢ection
of instances of cusk-eel calling in extended hytme
recordings of soniferous fish activity (figure 7).

A sixty second sample of hydrophone recording was
processed by machine, based on the cusk-eel number
parameters and threshold obtained in sections &, and
llIC. The computer was tasked with determining \kleetor
not each one second portion of the recording coethi
instances of cusk-eel soniferous activity. The outpf the
automated detection system was compared with simila
analysis conducted by a human expert (figure 7& ditput of
the automated system is largely consistent wittdd@sions of
the human expert, except for a five second perig®-40
seconds) during which cusk-eel calls were extrenfiigtly
audible at the limit of the sensitivity of humanahieg. This
seems consistent with the preference of many bigtlodor

Qonservative identification. As well as assistingthwthe
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(indicating a cusk-eel when
none is present, likely with
low thresholds) and
probability of “false negative” error (failing tondicate cusk-
eel presence when a cusk-eel really is presemrdylikith high
thresholds). The best trade-off between these tnaslof error
will be different for different applications. Magnbiologists
will often choose to conservatively estimate thenhar of calls
and hence minimize false positives at the expehsehigher
false negative rate in order to avoid over-estingatfish
activity levels or numbers. However, for home-lagefense
applications, such as diver detection (see seciifn the
opposite is often true — we would rather have sexis false
alrms than risk missing a terrorist during a rdait (infrequent)
attack.

Cusk-eel numbers (feature values) were calculated50
sample recordings (1s duration each), labeled hbyuman
expert as containing cusk-eel calls, and 50 aduitiols
recordings of ambient noise, without Cusk-eel calls
threshold was chosen to minimize probability
misclassification over this sample data set.
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D. Automated analysis of a hydrophone recording

A major obstacle to the application of passive atiou
surveying techniques to fisheries science, is teednfor
laborious hand analysis of many hours of soundroiags by
human experts. In order to facilitate acousticdigs surveys,
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Figure 7. Machine analysis of a one minute segroésbund recording
in the presence of soniferous cusk-eels. Compafigtn expert human
analysis. Note the conservative estimation, i.aditrg off some false
negative errors for zero false positive errors iocaadance with
biologists’ measurement preferences. Six miscliassibns out of 60 one
second samples, all false negative errors.
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automation of labor intensive tasks, we envisagat this
technique may help benchmark consistent standardghé
interpretation of soniferous fish recordings duriagoustic
surveys.

IV. RECOGNIZING DIVER PRESENCE IN AN URBAN ESTUARY

We now apply the same passive acoustic detectgoridim
to the very different problem of automatically rgoing the
presence of SCUBA divers in a noisy urban estustgiressing
counter-terrorism concerns for port security anceeffl
protection.

ofA- Measuring the acoustic signature of a diver

A number of experiments have been carried out
investigate the acoustic signature of a diver amddentify
important characteristics of this signature whidghhbe used
for the automated recognition of diver presencestd evere
conducted, using our team of expert divers, inManhattan
region of the Hudson River near the Stevens Institof
Technology (figure 8).

to



Figure 8 (color online). Stevens Institute of Trealogy, Hoboken campus
and Hudson River where the diver detection testse wenducte(

The depth in the area of the test was between 3aneters.
An omni-directional hydrophone was placed on theerri
bottom and the diver swam along several paths féreint
distances from the hydrophone. The diver swam énntiiddle
of the water column at a height 1-2m above theobwttThe
diver swam along straight line paths of approxitya®&m
length, passing the hydrophone at ranges betweeanthtm.
Since the diver paths are known, and the diver instsucted
to swim at a constant speed, it is possible tanedé the range
from the diver to the hydrophone, for any giventigor of the
recorded signal. Fig.9 presents the spectrogratimeofecorded
signal. Bright vertical stripes indicate the acaussignal
produced by the diver, each time he breaths.

Figure 9 Spectrogram in the frequency band below 100 KHaxis)
versus time (X ax)s The entire record is approximately 160 sec
the diver moved 40m during this tim&he periodic signal of ti
diver breathing is clearly visible at all rangesnfrthe hydrophone.

The amplitude of the signal increases as the dsvéms
towards the hydrophone (left half of the figuredatecreases
as the diver moves away from the hydrophone (figiftof the
figure). The periodic signal is clearly visible @t measured
ranges (up to 20m) from the hydrophone.

Figure 10 shows the spectrum of the recorded sifymaa
diver’'s breathing sound and the difference betwhenand the
spectrum for an example of background river noist wo
diver present. Examination of the difference sigimaicates
that a component of diver sound in a particulagqdency
range, frgn Offers the highest signal to noise ratio (SNRy: F
the purposes of detecting diver presence, it ietbee sensible
to filter all hydrophone signals at this frequenafich we will
refer to as the “prominent diver frequency”.
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Figure 10. The spectra of the recorded signalghibreathing sound of a
diver and SNR in the Hudson River.

B.

Calculating a characteristic number for divers
We now describe the procedure for computing a fkighl
discriminatory “swimmer number” for diver soundstsiy the
raw hydrophone signal is band-pass filtered in gheminent
diver frequency range,fyign, in order to improve SNR. Figure
11 shows an example of a hydrophone signal, redofolea
diver in the Hudson River, after band-pass filtgrin
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Figure 11. Acoustic signal of a diver, band-paksréd at
prominent diver frequency.
Next, an envelope is fitted to the signal. Negatiakies are
removed and consecutive peaks are connected. Bhimg
signal is then smoothed by low-pass filtering (fegd2).
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This envelope is now Fourier transformed to give
spectrum. Figure 13 shows the spectrum of the epedior an
example of a diver in the Hudson River, whereasirégl4
shows the spectrum of the envelope for an exaniptgpical
Hudson River background noise with no diver present

Figure 13. Envelope spectrogram for river with dipeesent.

Figure 14. Envelope spectrogram for typical riveise with
no diver present.

In signals recorded with a diver present, therelésarly a
cluster of energy around the diver's breathing dresty
(around 0.3 Hz or about three breaths per secohithvis not
present in background river noise. This gives ts@ useful
discriminating feature. We can now integrate ovelikaly
range of human breathing rates to give a singleacieristic
number, the “swimmer number”, for divers.

Integrating over a range of frequencies is useintes it
enables generality, i.e. the algorithm can copé divers who
breathe at a variety of different rates. It shobédnoted that
generality comes at a cost. By integrating overaage of
possible breathing rates, we sacrifice optimal dete
performance for any specific breathing rate. Inmterof
detection errors, we are trading off false posgielaiming
that there is a diver present when there is not) faise
negatives (failing to detect a diver when one yeislpresent).
This trade off can be adjusted by adjusting thegeaof
integration. In this paper, for proof of principleye have
integrated over the range 0.2 to 0.4 Hz.

&. Variation of swimmer number with range and adevel

The swimmer number, calculated by integrating the
spectrum of the hydrophone signal envelope, isulisef a
discriminating feature, in that it takes large eauwhen a
swimmer is present and small values when no swimisier
present, even in the presence of noise. This leatigally to a
simple algorithm for automatic diver detection. gty instant
in time, the previous few seconds of hydrophonaaigre
used to calculate a swimmer number value. The swimm
number is then compared against a threshold. Swimme
numbers above the threshold are classified asétidg diver
presence, those below are classified as indicatimgdiver
presence. Care must be taken when choosing theshiid
value since threshold choice, background noiseldeead
maximum detection range are all closely related.

Swimmer number values were calculated for sampfes
hydrophone data featuring a diver in the HudsoreRilt has
been possible to estimate the range from the divethe
hydrophone for each sample (see section A). We thas
estimate the fall off in swimmer number with rar{§igure 15).

It is convenient to work with the logarithm of tlsvimmer
number values, giving a log(swimmer number) plepressed
in dB scale.

RanT 1

Figure 15. Drop off in log(swimmer mber) value with range. Comparis
with log(swimmernumber) calculated for various ambient noise caoorkt
Noise level 1: River noise with low traffic levelst nigh time. Noise level &
River with ferry and helicopter noise. Noise levaél Rough surfee
conditions, large waves and two helicopters presdnise level 4: Seve
background noise sources including airplane ané:dykr traffic, spee
boat and ferry.

Superimposed on this plot (figure 15) are the lagsner
number) values for various samples of backgroundentor
which no diver was present. Extrapolating the plmtsvides
information about the maximum range at which a doan be
detected. If a discriminating threshold is set tovadue just
above the swimmer number value for “Noise level Wwg
might expect “Range 1" to be the maximum range lichva
diver can be detected. However, recent work, [Bhvws that,
in theory there is a 50% probability of detectidrthas range,
and significant detection probabilities at greaserges.



In practice it may be necessary to use a more combee
threshold to ensure robustness to noise levels hwhiary
considerably in an urban harbor environment. Agairere
must be a design tradeoff between extending theinmuoemx
detection range and achieving robustness of detedtcisions
at lesser ranges. To investigate variation of dietecanges
and appropriate threshold levels with noise levelsimmer
numbers were calculated for various kinds of baokgd noise
which are present intermittently in the Hudson Ri{see
figure 15). During occasional episodes of extreraekiground
noise (e.g. “airplane, helicopter, speed boat ardyf) the
possible detection range is considerably reducexveder, it
should be noted that these levels of noise arexgeme as to
prohibit conversation between two personnel stantiigether
on a boat during these conditions.

V. CONCLUSIONS AND DISCUSSION

We can either settle for a conservative (high \djue
discrimination threshold (severely reducing the edgbn
range), or we must expect occasional “false pasitiletection
errors (i.e. noise levels trigger the detectiontesyswhen no
diver or fish is present). One approach to thifatift problem
would be an adaptive threshold, i.e. an algorithrictv
continually adjusts the threshold in response tyimg noise
levels. A second approach is to explore other patte
recognition approaches for recognizing signals flm@mmon
noise sources in the river environment (e.g. mdioats,
aircraft etc.). This would enable extended detectianges
from low threshold values while eliminating many tife
resulting false positive detection errors by reépigg them as
common noise sources.

A limitation of the diver detection application ithat
detecting diver presence is contingent on a redbtitong

This paper has demonstrated an algorithm for automasSegment of hydrophone signal. Since our algoritttengpts to

passive acoustic detection and identification whadn be
applied to a variety of underwater entities whichiterepeated
pulses of sound.

identify packets of sound which occur at the disdsteathing
rate (approximately one breath every three seconeisdh
swimmer number must be derived from at least 6sewfsor

The algorithm has been demonstrated with two Ve@jgnal. The diver detection results described is plaper were

different applications. Firstly, measurements o€ tkiocal
activity of soniferous fish in their natural haitdield
conditions have yielded algorithm parameters thetbée the
automated analysis of large amounts of hydrophaata tb
facilitate acoustic surveying of fisheries. Not yrdoes the
algorithm provide a means of automating labor isites
analysis tasks, but it also offers a means of bmacking
uniform standards for analysis of acoustic survatadwvhich
until now has been dependent on relatively subjediiuman
analysis. Secondly, diver characteristics have bderived
from a series of experiments, measuring the aaouatiiation
from divers in the Hudson River. Extensive measemsiof a
variety of noise conditions in the river have albeen
collected. Exploiting these characteristics, weehdgtermined
suitable algorithm parameters which enable robattdion of
the presence of a diver from a single, passive dpitine
signal, in an extremely noisy urban estuary envirent.

Future work will seek to enhance detection perfarcea

derived using 10s portions of signal. This posgsablem of
localization, i.e. the diver may change his positturing the
detection process. However, the focus of this wadsk
addressing the problem of sound source presenstindifrom
the additional problem of estimating sound sourositfon).
This work might conceivably be combined with adufitl
techniques in order to also track the trajectoryaofound
source. Additionally, our expert divers have repdrthe need
to move very slowly in the turbid and cluttered erv
environment, with typical speeds of around 0.3msausing
perhaps £1.5m error on position measurements deffivem
10s of hydrophone signal, a reasonable and realestiel of
accuracy for a difficult, noisy environment. Thisue is less
significant in the fish detection problem, since thore rapid
pulse repetition frequency (20-25Hz) enables detecfrom
much shorter samples of signal (0.15s).

For a discussion of how this work may be extenadesotve
problems of localization and tracking of movinggets, see

using both hardware and software. We are presen{@]-

performing experiments to explore the use of beammihg
multiple hydrophone arrays to suppress variouskifdnoise.
It is thought that this may prove particularly usdbr reducing
sources of noise such as waves and wind. Secotiaky,
application of various signal processing techniqueay
improve detection range. These include incorpogative use
of matched filtering techniques and also noise seggion
techniques based on understanding of the spedtextidity
and correlation properties of common noise sourtegdly,
the discriminating feature, presented in this papeght be
combined with other kinds of features, enabling enoobust
discrimination techniques in high dimensional featspaces.
Intermittent episodes of extreme noise remain moblic.

A limitation of the soniferous fish application tisat, while
this work enables the identification of the presencf
soniferous fish calling at any given instance, riere difficult
problem of automated identification and countingcofmplete
calls has not yet been addressed.

Further investigations are necessary of the respohthis
algorithm to scenarios involving multiple divers eeveral
simultaneous fish vocalizations. It is worth notitigat far
greater diver detection ranges might be possibleuieter
waters. The noise problems addressed in this @apezxtreme
and could be viewed as a worst case scenario.

We also plan to carry out more extensive investigat of
the acoustic signatures of the objects of interEst. diver



detection we are investigating the variation of wstc
signature with different types of SCUBA equipmettifferent
ranges and orientations of the diver to the hydoogeh
different individual divers and different diver lathing rates.
For fish recognition, we will extend our pilot studof
automated cusk-eel detection, exploring the seitsitiof
detection techniques to the number of call pulsats duration,
and pulse repetition frequency. For both applicejoit is
hoped that future investigations may reveal addiicuseful
features, enabling more robust detection.
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