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Robust Sound Onset Detection using Leaky
Integrate-and-fire Neurons with Depressing

Synapses

Leslie S. SmithMember, IEEEand Dagmar S. Fraser

Abstract— A biologically inspired technique for detecting can exhibit differing magnitudes, spectral spreads and

filter are spike coded, in a way similar to the auditory perceptible to the very large, with the pre-onset sound

nerve (AN). These AN-like spikes are presented to a leaky

. ) : level having any possible level. Some onsets are wide-
integrate-and-fire neuron through a depressing synapse. g any p

Onsets are detected with essentially zero latency relative to Pand, with sudden co-occurring increases in intensity in
these AN spikes. Onset detection results for a tone burst, many parts of the audible spectrum: percussive sounds
musical sounds and the TIMIT corpus are presented. are a prime example. Others are narrowband, with the
Index Terms—onset detection, depressing synapse,increase in energy being associated with some small
integrate-and-fire neuron area(s) of the audible spectrum, such as a note played on
a flute. The flute note onset is a slow onset compared to

| INTRODUCTION say, the rapid onset in sound energy exhibited by a glass

This work describes a biologically inspired techniqueyjing onto a stone floor. We approximate the perceptual

perceptible changes in a sound. In [1] the temset de- j, energy: see section Il for details.

tectionrefers to the detection of discrete events in acous- pjammalian auditory systems are strongly attuned to

tic signals. Every sound source has an initial onset, agflsets from the earliest stage, with the auditory nerve
many have internal onsets (for example, animal vocalissponding more strongly to the start of a stimulus, and
sations, such as human speech, or sequences of musigdlain neurons in the cochlear nucleus spiking strongly
notes). Initial onsets are correlated with sudden increasgsstimulus start [2], [3]. Therefore modelling aspects of
in energy. Internal onsets also occur due to changgg early auditory system (the cochlea, auditory nerve
in spectral energy distribution, frequently including amaN) and cochlear nucleus) might offer engineering in-
increase in energy somewhere in the spectrum. Differegiynt into early auditory processing. From an ecological
sound sources have different onset characteristics. Onsgdgspective there are good reasons to believe that onsets
r%rovide a useful cue. The onset comes at the start of
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sound), and is therefore useful for priming a responseken for onset detection is unimportant. However, for
Initial onsets are relatively undamaged by reverberatioon-line applications (e.g. real-time speech segmentation,
since the first onset in the received signal will normallyeal-time sound direction finding, or real-time music
be from the direct path, and those onsets caused tognscription), only the sound up to the time of onset
reflections will generally be smaller. Indeed, these ais available, so that the latency of the detector becomes
normally ignored by animals when they estimate thienportant.
location of a sound source. (This is known as the In this, as in most onset detection work, we first
precedence effect, or law of the first wavefront [4].pandpass the sound signal into many bands. This has two
Other cues such as offsets are severely smeared outdvantages: firstly, it allows onsets in some small part
time in reverberant environments. of the spectrum not to be overwhelmed by the overall
The aim of this work is to provide a signal thatsignal strength, so long as they are not overwhelmed by
robustly indicates an onset. The signal is generated witte signal strength in the passbands that include their
low latency, during (rather than at the end of) the onsaiwn frequencies. Secondly, it allows onsets found to
We use this low latency to help group onsets in differefite annotated with the bands in which they have been
parts of the spectrum. In earlier work, more criticatietected. This is important for music transcription and
use was made of the short latency time, when onseisection finding applications. The onset latency should
were used to determine when to compute interaural tinbe constant both for different signal strengths (unlike
differences [5], [6]. The system detects onsets whidB]) and independent of band. The bandpass filters them-
may be either wide or narrow band, fast or (relativelyelves introduce a known fixed delay, and this needs
slow, large or (relatively) small, and starting from silencé be taken into account when combining onsets from
or some initial sound level. In this paper, we use thdifferent bands. Given this, onsets in different bands
technique to detect musical note starts, and to detenfy be grouped together, permitting onset detection in
certain phonemes in the TIMIT database [7]. background noise.
The technique is described in section Ill. We present Many different onset detection techniques have been
results in section V. used, in the context of segmenting either musical, or
speech sounds. The simplest of these are based on
Il. BACKGROUND signal energy, and are used in the context of segment-
Onset detection systems have been used in musig hummed or sung notes [13], and are intended to
transcription [1], [8], where they are used for start-ofimprove the note differentiation capability of the early
note identification. They have also been used for soungusic transcription systems (such as [14]). Some more
segmentation [9], lip synchronisation [10], monauradophisticated techniques use simple first order difference
sound source separation [11], [12], and determinirfgased estimates, [8], [15], which take the maximum of
when to measure interaural time differences for sourbe rising slope of the amplitude envelope as an index
direction finding [6] to avoid reflections. For off-line of onset. A more sophisticated variant of this is [1]
applications, the onset detection system can consider thkich uses the relative difference, essentially calculating

sound after the onset as well as before, and the timgntensity/intensity. Another variant is [16] which uses
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troughs in loudness to segment sung notes. A differetat the depletion of the neurotransmitter reserves at the
approach uses filter based techniques: [10] uses a wavelgtapse between the inner hair cell (in the Organ of
based filter and [9], [17], [18] use the difference betweeBorti) and the spiral ganglion neuron (see [23]). The
a long-term and a short-term average. Both Pont andset response is much stronger in the auditory brain-
Damper [19] and Smith [9], [17] use the coincidencsetem cochlear nucleus, where there are a number of cell
detecting capabilities of leaky integrate-and-fire neurontypes (octopus, and some bushy and stellate cells) which
A related approach uses expectation based techniquespond specifically to onsets [2], [24]. How this onset
[20] to detect sudden increases in intensity. Work bsesponse is mediated is not known: it may be due to
Hu and Wang [21] employs the peak of a firing rat¢heir synaptic innervation (many AN fibres converge on
derivative in tandem with coincidence across frequenciéisese cells), or to the nature of the synapses themselves,
to indicate onset. The simplest techniques tend to fird to the form of the leakiness of these cells (i.e. to the
only the most prominent onsets, while techniques whigharticular ion channels expressed in their membrane),
rely on finding troughs can have a longer latency. Filtear to their morphology, or to some combination of
techniques can be optimised for particular source typ#sese. Nor is it known precisely how the outputs of
and for particular reverberation characteristics, and c#imese onset cells are used: they appear to innervate the
perform better, but require a convolution, and can havenaedial superior olive and lateral superior olive [24], both
long latency. The technique we describe uses depressinglicated in sound direction finding, as well as other
synapses in conjunction with leaky integrate-and-firauditory brainstem areas.
neurons, with the parameters set to detect increases i\ number of different models for depressing synapses
energy which correspond to onsets. have been put forward [25]-[27]. The primary effect
Signal coding is important in permitting the systenof all of them is that the first few spikes to arrive at
to work with a wide dynamic range. Most sound sysa depressing synapse have a much larger effect than
tems use a coding system which is either linear (whidhose that follow soon after. This is a form of onset
provides more resolution at high signal levels than isnhancement. Hewitt and Meddis [23] suggested a form
required) or logarithmic. We have used a spike based depressing synapse at the inner hair cell to spiral
coding similar to that of [22] which in turn has muchganglion dendrite synapse. We are not aware of work
in common with the coding used on the auditory nerveuggesting depressing synapses in the cochlear nucleus,
It requires multiple spike trains per bandpassed channkelt depressing synapses are very common in mammalian
but preserves the precise signal timing (critical in intemeural systems.
aural time difference calculation [5]), and provides the
advantages of log compression while permitting analysis ~ !!l- THE ONSET DETECTION TECHNIQUE
of low-level signals. Unlike the auditory nerve coding, The overall technique is illustrated in figure 1. Sound
the onset and steady-state responses are identical. from a microphone (or a sound file) is bandpass filtered.
The physiological mechanism of the auditory systemlultiple trains of spikes are generated from each band,
onset response is not entirely clear. It starts at tlad these are applied to depressing synapses on leaky

auditory nerve, and this aspect appears to be relatetegrate-and-fire neurons. The spiking outputs of these

May 17, 2004 DRAFT



IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL.X, NO. XX, XXXXXXXX 2003 4

Spi ke \’CO

M cr ophone generat i on \>_ B. Spike generation
/ 75 g?gﬁf‘ms The representation used has some similarity with that
I == \>_ of the mammalian auditory nerve. One advantage of the
. 7 spike based representation we use is that it enables the
\E * system to work over a wide dynamic range through the
- — E>>— use of multiple spike trains coding the output of each
fites PN channel. Each spike codes a positive-going zero crossing.

Each spike trainS;, for : = 1... N, (where N is the
Fig. 1. Onset spike generation system. Note that spike generatiorhiamber of spike trains generated from a single bandpass

shown for only three bands, and that depressing synapses and onset o
channel) has a minimum mean voltage le#glthat the

generation is shown for a single level for three bands.
signal must have reached prior to crossing zero during
the previous quarter cycle (where the cycle is assumed
neurons signal onsets to be at the filter centre frequency). If there @espike

trains, thesely; are set by

A. Bandpass filtering E; = D'E, (1)

Sounds (from a number of different sources an®r i = 1... N, for some E, fixed for all frequency
formats, but all sampled at a rate of at least 16Ksarhands.D was set either to 1.414 or 2, providing a 3dB
ples/second, 16 bits linear) were bandpass filtered usidgy6 dB difference between the energies required in each
a Gammatone filterbank [28]. The Gammatone filterbariland. Note that if a spike is generated in bandhen
has a response similar to that of the basilar membra@espike will also be generated in all the bansfor
in the cochlea: that is, the 6dB down point bandwidtA < &’ < k. This technique is similar to that used in
is approximately 20% of the centre frequency. ThE2], where Ghitza noted that it led to an improvement
filter density was chosen to ensure considerable overli@pautomatic speech recognition in a noisy environment.
between adjacent filters. For differing signals, different
bands were used, 15 in the case of a simple tofe Onset generation
pulse, but normally 32 or greater, with center frequencies The auditory nerve-like representation described
ranging from less than 250Hz to greater than 6kHz. Aabove does not enhance onsets, unlike the real mam-
important issue in the design of the filters is delay: sinamalian auditory nerve. However, the manner in which it
the output of each filter is employed in conjunction witltodes the signal can be used to build a neurally inspired
adjacent filters, ideally the insertion delay should benset detection system.
similar for all the filters. The Gammatone filter delay The spikes generated are passed through a depress-
is proportional to the reciprocal of the bandwidth [29]ing synapse, to a leaky integrate-and-fire neuron (onset
and this delay has been corrected when combining onse&iron). The synapse model employed is a 3 reser-
from different bands. Other filters, such as Butterworthoir model used in [23], [26] in the context of inner

have a more constant delay. hair cell to auditory nerve fibres, and later in [25]
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to model rat neocortex synapses. The model has thi®mapse to the same level. We have get 1100: each
interconnected populations of neurotransmittef; the spike lasts one timestep, so this high value reflects the
presynaptic neurotransmitter reservoir (availabl&)the total transfer of transmitter fromd/ to C; o = 100,
amount of neurotransmitter in the synaptic cleft (in use)jesulting in rapid depletion of the cleft transmitter level,
and R, the amount of neurotransmitter in the process @ind 8 = 9, resulting in relatively slow reuptake of the
reuptake (i.e. used, but not yet available again). Theased transmitter.

neurotransmitter reservoir levels are interconnected byAs can be seen from figure 1, each onset cell is

first order differential equations as follows: innervated by a number of auditory nerve-like spike

dM trains. These arrive from a number of adjacent bandpass
O —BR—gM 2) : i

dt channels, but all have the same sensitivity (i.e. value of
dcC . . . .
e gM — aC (3) i as described in section 1lI-B). Thus the input to the

dR onset neuron for sensitivity in bandpass channélis

— =aC - (R (4) 4

dt j=b+m

Iy(t) = Z wC;i(t) )

where o and § are rate constants, angl is positive P/l
during a spike, and zero otherwise. These are calculaigflereq is the weight associated with each synapse (here
each sample time (and, 5, andy adjusted for the these are all the same), afi,(¢) is the neurotransmit-
sample rate). We do not model loss or manufacture gy in the cleft associated with the synapse from AN-
neurotransmitter. We take the amount of post-synapfige fiper from bandpass channglat sensitivity level
depolarisation to be directly proportional €. i. The value ofm defines the size of the neighborhood
For a strong enough signal, AN-like spikes will arrivennervating the onset neuron, and has to be adjusted if the
at approximatelyF,. spikes per second, wherk. is bandpass channel spacing is altered. Each single post-
the centre frequency of the bandpass channel. Howevggnaptic potential is insufficient to make the onset neuron
an evoked post-synaptic potential (EPSP) will only bfre ensuring that spikes on more than one auditory
generated for the first few spikes. The recovery time ferve-like input are required. The neurons used are leaky,
set by the rate of transfer from the cleft to the reuptakg, that these spikes need to be nearly co-incident in time.
reservoir, and from the reuptake reservoir to the pre-\ye model the onset neurons using leaky integrate-and-
synaptic reservoir. If these are set low, then there Wilhe neurons. Leaky integrate-and-fire neurons are the
need to be a considerable gap in AN signals beforesgnplest model neurons which maintain any semblance
new onset is marked. Yet if they are set too high, ther the temporal behaviour of real neurons. They are a
post onset EPSP (i.e. the EPSP produced by an indefinif§gle compartment model whose below threshold be-

train of AN spikes) will be relatively high, resulting hayiour is described by a first order differential equation
in unwanted onset neuron firing. The model parameters dv

. . — =-V/r+1(t) (6)
(which are the rates of transfer between each reservoir) dt
are set so that the first few spikes arriving result iwhereV is the voltage-like state variable of the neurons,
near total depletion of the presynaptic reservoir. Foris the membrane time constant, af(d) is the external

simplicity, we set the maximal weight on each depressirdgiving input. WhenV' reaches the threshol@ (set to
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1 here) from below, the neuron fires and is reset bandpass filter had 15 bands, from 250 to 750 Hz, and
(to O here). There is a refractory period following thid5 different levels of sensitivity were used in the AN-
during which the neuron is unable to fire. Many differenlike spike coding. The onset cells were innervated by a
versions of the leaky integrate-and-fire neurons haweaximum of 11 bands (so that those near the middle
been described: see [30], chapter 14 for a useful reviewere more strongly stimulated). It is clear that the AN-
This approach tends to reduce the effects of noidike representation captures both the white noise and the
(which might result in occasional but uncorrelated firingone burst, and that the onset cells spike over all the
in auditory nerve-like inputs in adjacent channels). Onsbands at the start of the white noise, and in a small
neuron firing is always the result of the most recemumber of localised low sensitivity bands at the start of
post-synaptic potential: post synaptic potentials are mutte tone burst. The high sensitivity onset detectors do
larger before the synapse depresses, so that onset spilasfire again because the noise has kept the synapses
generally occur as a result of (and at the same tinte these onset cells depressed. Although the envelope of
as) AN-like spikes coding increases in energy in thiae white noise varies widely, there are no stray onsets
bandpassed signal. In this sense, there is zero latem®tected. This reflects the sensitivity of the onset detector
between the bandpassed signal onset and the onset sgikeenvelope modulations that are perceived as onsets.
The degree of leakiness of the onset neurons deté@esting the system with a regular pulse train, each pulse
mines the degree of coincidence of incoming excitatoiig detected as a single onset when the pulses are spaced
spikes required to cause firing. Some experimentati@part by about 60ms or more: below this separation, the
has been done with this leakiness: because the spike stetem treats the pulse train as a single entity, with an
on the AN fibres is proportional té,, the neurons with onset only at the start. Around 60ms, the first few pulses
lower F,. receive fewer incoming spikes, and hence hawe detected as onsets, but not subsequent ones.
lower leakage than those with highgr’s. However, we  Next we show that onsets are generated with low
have found that making the leakage directly proportionétency (excluding the filter delay), and that the latency
to F. does not work well: at low frequencies, thds largely independent of the signal strength. Figure 3
leakiness is too low, causing firing to occur too oftershows the onset of a 6kHz signal of maximal intensity,
and at high frequencies, the leakage is too high, resultiagd the onset times found for varying signal strengths.
in onsets being missed. As a result, we set the leakaflee actual onset time is 0.0148 seconds. At high signal
proportional to frequency (leakage 1/7 = 0.15 % f.) level, the onset is found at 0.0158 seconds, a delay
for only a part of the frequency range, usually betweesf 1ms. The filterbank delay i = (n — 1)/27b
500Hz and 1000Hz, making the leakage constant beld@0] where n is the filter-bank order (here 4), ard

500Hz, and above 1000Hz. is the bandwidth. At 6kHz, the equivalent rectangular
bandwidth is0.108 x 6000 + 24.7 = 672.7Hz [31], so
IV. RESULTS that D = 0.71ms. The additional delay may be due to

We first consider a 440 Hz tone burst in a noisthe fact that AN-like spikes are emitted at positive-going
background. Figure 2 shows the stimulus waveform, ttmero crossings where the pre-crossing level exceeds some

coding produced from this, and the onsets generated. TWadue. From figure 3 the first of these occurs 1 cycle after
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the AN-like spike not being generated until the signal

is stronger: that is, these delays are due to the onset

not being detected until the initial signal has become

o

°

©50 000000000000 000D

stronger. At lower signal levels, the off-centre frequency

response of adjacent filters is small, so that it takes

a number of AN-like spikes before the post-synaptic

activity at the onset cell exceeds threshold. Below 54dB

attenuation, no AN-like spikes are generated.
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Fig. 2. Tone burst at 440Hz in white noise (Tone is 12dB louder). Top ; ; ; ; ; ; ;
0.012 0.013 0.014 0.015 0.016 0.017 0.018 0.019 0.02

shows the sound waveform, middle shows the AN-like spike output, seconds

and bottom shows the onset cell firings. In the middle image, each

subgraph shows the firings for one frequency band of the AN-likeig- 3. Onsets caused by a 6kHz stimulus with 3 cycle (0.5ms) rise
cells. The subgraph for the lowest frequency band is at the bottoffine. Top shows the stimulus. Bottom shows the onset time found for
Within each subgraph, the dark area is made up from a number &fenuation varying in 6dB steps.

horizontal spike trains. Spikes from the highest sensitivity channel are

at the bottom, and spikes from the lowest sensitivity channel are at the . .
) Next we consider some musical sounds. We have
top. In the bottom image, each subgraph shows the onsets found at a

single sensitivity level, for all frequency bands. The subgraph for tHeXPerimented with two single note instruments: a saxo-

highest sensitivity is at the bottom. The top subgraph shows the legthone sound and a flute sound: the results are similar. We
sensitive level at which onsets were found. Inside each subgraph, the

lowest frequency channel is at the bottom, and the highest at the té&port the saxophone sound here. Two styles of playing
were considered: tongued and slurred. In the tongued
style, each note has a distinct start: the musician uses
their tongue to interrupt the flow of air before the start of
the stimulus onset, at 0.015 seconds. This suggests thath note. In the slurred style, there is no break between
the 1ms delay is made up of the 0.71ms filter-bank delayptes. For the tongued saxophone sound (figure 4), one
the 0.17ms cycle time of the signal, plus another 0.12nean see the brief breaks between the notes in the spectral
due to the actual latency of the onset detecting systemiew (top part). In the AN-like representation (middle
We note that it is not until the signal is 24dB attenuatepart), one can see the individual notes, and the (brief)
that the onset time changes. This delay, and the delageaks between them. Note that the energy between notes

in the onset up to an attenuation of 36dB are due tibes not go down to zero, and, indeed, does not fall
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much in the lower frequency bands at all. As a resulbf the notes missed result from relatively small changes
apart from the very first onset which is detected in all thi@ the energy distribution, without any preceding dip in
bands, further onsets are detected in the higher frequermwerall local energy. The technique used requires that
bands. All the onsets are detected (including the last odetectable onsets have a distinct increase in energy in a
which is relatively quiet). number of adjacent bands. The change in energy between

adjacent slurred notes is not always sufficient to trigger

ncy

onset detection. If we use narrower bands, for example,
using a bandwidth one half of the original bandwidth,

and use 18 bands per octave, all the note onsets are

r—w — found. Alternatively, a pitch movement detector can be

1|
))

|

used. Such detectors were initially used in music tran-

scription without onset detection [14], and are generally

H

mixed with onset detection in more modern systems [13],
[16].
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Fig. 4. Tongued saxophone sound. Top shows the spectral view = Sl S wm — :
8E = ——— S : E|
between 0 and 3kHz (dark areas are low energy, light areas high ‘st VR ‘ ‘ E

05 1 1.5 2 25 11

energy). Middle shows the AN-like representation, for every third band B — : : : —5

40 i
20

of 48 bands with centre frequencies between 300 and 3000Hz. Bottom e W ‘ - ‘ s

;
shows the onsets found with 15 bands 3dB apart. Middle and bottom 28} a
organization are as in figure 2. E

N
5 o

With the slurred style, the notes run into each other, “t

and this is visible in the AN-like representation (see %

[T
S5
o T

. 1.5 25
time(seconds)

figure 5, top). As a result not all note onsets are found:

the first one is found easily, but the 2nd, 5th and 8th are

. . . . .Fig. 5. Slurred saxophone sound. Top shows the AN-like representa-
missed. Considering the extent to which the harmonlc:_sg _ P p_ _ P
tion, for every third band of 48 bands with centre frequencies between

overlap, and considering that the bandpass channels ¥¥6 and 3000Hz. Bottom shows the onsets found with 15 bands 3dB
are using are wideband, this is not surprising. The staggart. Middle and bottom organization are as in figure 2.
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instrument, namely a Spanish guitar. Unlike the saxos

The same analysis was employed with a multi-note

TABLE Il
ANALYSIS OF GUITAR NOTE ONSETS THERE ARE17 SOUND

NSETS 4 OF WHICH ARE FINGER NOISE LF IS LOW FREQUENCY

phone, a guitar can play up to six notes simultaneously.

In the fragment of music analysed, only one note is All sounds All except finger noise
. _— Filter Full | LF onl Both || Full | LF onl Both
started at a time, but new notes overlap existing notes (as y y
Hits 12 12 16 9 10 13
is generally the case with guitar music). In this case, it5 s s T 5 5 1 4
is difficult to see from the AN-like representation where Insertions | 1 2 3 4 4

notes start or end. The note information is shown in table

m IS MAIN NOTE, SSUBSIDIARY NOTE, g GRACE NOTE AND f

FINGER NOISE

Sound number 1 2 3 4
Sound onset time| 0.53 | 0.6 | 0.71 | 0.83 | 0.92
Sound type f S f
Found (full band)| Y N N Y Y
Found (low freq.)| Y N Y N Y
Sound number 7 8 9 10
Sound onset time| 1.08 | 1.26 | 1.32 | 1.43 | 1.53
Sound type m f
Found (full band)| Y N Y Y Y
Found (low freq.)| Y Y Y N Y
Sound number 11 12 13 14 15
Sound onset time| 1.6 | 1.76 | 1.86 | 1.93 | 2.07
Sound type m f m
Found (full band)| N Y Y Y N
Found (low freq.)| Y N Y Y
Sound number 16 17
Sound onset time| 2.18 | 2.27
Sound type g m
Found (full band)| Y Y
Found (low freq.)| N Y

TABLE |

TABLE OF NOTE TIMES AND NUMBERS FOR GUITAR SOUNDKEY:

made by the guitarist but not resulting in musical notes).
The AN-like spike trains show quite rapid onsets and
slow offsets, in the lower frequency bands, characteristic
of the vibration of an undamped plucked guitar string.
From the AN-like spike trains, (figure 6, top), it is clear
that the higher harmonics do not last as long. Note 1 is
visible in all channels. However, subsequent notes are
not. Note 15, for example is only visible in some lower
frequency channels, and note 16 is most visible in the
higher frequency channels. In listening, the most salient
notes are 1, 5, 7, 11, 14, and 17. Two different analyses
have been applied. In the first of these, 60 bands between
75 and 3kHz were used, and the onsets are shown in
figure 6. In this analysis, onsets are found for most of
the notes: notes 3, 7, 11, and 15 are missed. Most of
the finger noises are also found. In the second analyses,
24 bands between 75 and 300 Hz were used, with the
bandwidth set to one quarter of the original width. In
this analysis, nearly all the notes were found, the only
exception being notes 9 and 12, and a very brief grace
note, note 16. Fewer finger noises are found. Because of

the delay of the gammatone filter, the onsets are found

The guitar sound is complex. The sounds themselvesther later with the second technique than with the first

have been grouped into main notes (the strongest note®ire, and this delay has been taken into account. Table I

the sample), subsidiary notes (less strong notes), gratews the results in terms of hits etc. It is important to

notes (one very short note), and finger noises (noiseste that although the main notes do have clear onsets,
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the subsidiary notes start from a high background soustbw attack time.

level, hence finding these onsets is non-trivial.
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Fig. 6. Spanish guitar sound. Top shows the spectral view. Next
40
shows the AN-like representation, for every third band of 60 bands 2

with centre frequencies between 75 and 3000Hz. The onsets of notes ° " ime (seébsnds) ? *

are marked by the triangles below this. Second bottom shows the onsets

found with 16 levels 3dB apart. Bottom shows onsets found for theig 7. Female TIMIT utterance. Top shows the AN-like representa-
frequency range from 75Hz to 300Hz (24 bands). AN-like spikes anghn, for every band of 48 bands with centre frequencies between 100
onset spikes organization are as in figure 2. See text for details.  and 7500Hz. Bottom shows the onsets found with 9 levels 3dB apart.
Organization is as in middle and bottom part of figure 2.
Turning to speech, we present results for speech from

the TIMIT dataset [7]. We have applied our technique We have correlated the onsets found with the pho-
to the entire training segment of the TIMIT corpusnetic transcription supplied with the TIMIT dataset. To
AN-like output and onsets are shown for example mabgchieve this, we first had to find the actual times of
and female utterances in figures 7 and 8. The widebandsets from the onset spikes. We took the onsets at
nature of the speech is very visible in the AN-like outpugach sensitivity level, and clustered them by demanding
as are the areas of near silence inside the continuaugap of at least 0.01 seconds between groups. Using a
speech. The onsets are also spread across the bagdp.overcomes possible problems caused by the different
In addition, onsets tend to start in the bands of highedelays in the filterbank. As can be seen from the bottom
sensitivity, and then to occur slightly later in the lowehalves of figures 7 and 8, the onset spikes are already

sensitivity bands. This is because some onsets havejuate tightly grouped. This is partly a result of the filter
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PHONEME TYPES IN THE3260MALE TIMIT UTTERANCES(99138

3 PHONEMES PROCESSEDAND THOSE DETECTED(WITHIN 28MS OF

ANNOTATED PHONEME START). SENSITIVITY IS DEFINED TO BE

A NA DA A A DA DA A NA DA A NS
SS S5 S5 o5 S5 05 905 O5 o5 oo o5 oo

e —_— T = ——— . . .
i [E—— Co—— e of an onset. This onset coincidence across frequencies
e - -
3 e — v — E is akin to that used in [21]. We do not examine the
e aT— — o -
e e e e — structure of the onset pulses for classification: utilising
18E o, — pr— |
 —— —————— g this structure for onset labelling is part of ongoing
19E v - Ve |
10E o P il .l — | A
e — : research. The results are shown for males in table IlI
18E — . S W v . 3
v E d females in table IV
1HE — T y__—— and females in table IV.
R el mm [ S o [ ) e .
18E SN — Phoneme type| Phoneme event% Onsets detected Sensitivity H
1RE J— : J— : Bl p— N
e — — affricative 1426 1361 0.95
18E —T, | |— T — L _— )
TBE L ‘ ‘ ‘ L ~ 3 closure 17020 2757 0.16

0 0.5 1 15 2 25 3

‘ 12 fricative 15135 11745 0.78

: i nasal 9978 2678 0.27

F 10 semivowel 14265 7839 0.55

E ° stop 17866 13577 0.76

E e vowel 40468 29536 0.73

e '

F ° TABLE III

J—

s RATIO OF TRUE POSITIVE$POTENTIAL TRUE POSITIVES
time (seconds)

Fig. 8. Male TIMIT utterance. Top shows the AN-like representation,
for every band of 48 bands with centre frequencies between 100 and
7500Hz. Bottom shows the onsets found with 12 levels 3dB apart. There is a clear correlation between the types of

Organization is as in middle and bottom part of figure 2. phoneme and the onsets found, and almost no varia-
tion between male and female. Phoneme onsets may
be missed because the onset of this phoneme and the

delay changing little from band to band, partly of the lowprevious one overlap, or because that phoneme does not

latency of the onset detection (excluding filter delaystart with, or contain an onset. Many of the vowels,
and partly a result of the latency of the onset detectimemivowels and nasals that are missed follow other
being near independent of the actual signal level insideiced sounds, but sharper filtering (as suggested re-
the filtered band. This tight grouping allows the simpleently [32]) may allow these to be recovered. However
grouping mechanism above to work. Grouping resul&7% of the starts of sequences of voiced sounds (vowel,
in a sequence of onset intervals for each sensitivityasal and semivowel) are found. The fricatives missed
level. We then integrated the results from the differertre either just missed by a few milliseconds, or occur just
sensitivity levels by replacing any overlapping intervalbeside a stop. Non-existent onsets may be found because
by a single interval. This resulted in a new overala true onset is broken into multiple onsets. Envelope

sequence of intervals, each representing the existenegiations inside a phoneme are sometimes misidentified
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Phoneme type| Phoneme event% Onsets detecter# Sensitivity H

provides an effective early representation over a wide

affricative 640 611 0.95

closure 7153 1127 016 dynamic range, enabling onset detection. Because of the

fricative 6334 4919 0.78 spiking nature of the system, the latency is essentially

nasal 4144 1111 0.27 that of the filterbank: further, the onset pulses are es-

semivowel 5914 3284 0.56 iallv oh locked . th

stop 7511 5735 0.76 sentially phase locked (see [6]). Importantly, the onsets

vowel 16911 12350 0.73 detected fit with the informal definition of an onset as a
rapid increase in the energy present in some part of the

TABLE IV

auditory spectrum.

PHONEME TYPES IN THEL360FEMALE TIMIT UTTERANCES . . . .
The system has some similarity to its biological

(41454PHONEMES PROCESSEDAND THOSE DETECTED(WITHIN _ .
analogue, and exhibits some of the qualities of that

28MS OF ANNOTATED PHONEME STARW]. SENSITIVITY IS AS . . .
system. Although neurally inspired in the use of cochlear

1. ) . : .
PEFINED IN TABLE filters, AN-like spike representation of the output of
these filters, depressing synapses, and leaky integrate-

and-fire neurons, it is certainly not a model of the

as onsets. This happens most frequently for vowels aRgural system. The gammatone filters are modelled on
results at least partly from the onset detector beiﬁBe auditory filters, but their precise characteristic is not
confused by slow envelope modulation inside Sir,g|gelieved to be crucial to the system operation (although
vowels. The bulk of false positives, 83%, occur withigharper filters do help with musical sounds). Indeed,
vowels, with 12% inside sibilances. The remaining 5H#£Ccent work suggests that the gammatone filterbank is
occur in stops or at the beginning of the recording (du@’ oversimplified model, and that frequency selectivity
to extraneous recorded noise). Turning to stops, e level dependent [32]. Although the spike generation
particular stops, 'dx’ and 'q’ account for 75% of theSystem has some commonality with the auditory nerve,
missed stops: we believe that these stops are largely fdf deterministic, and spikes are generated in phase on
associated with an increase in energy. If we consid&¥€rY cycle. This is unlike the auditory nerve where the
the stop consonants (b, 'd’, 'g’, 'p’, 't', and k) as in spikes are stochastic, and have a maximum rate much
[21] the sensitivity of the system is 0.97, compared t@Wer than the highesk's we are working with.

their result of 0.93 at 30dB SNR. The overall selectivity N €arlier work we used a different onset detector [9],
(the ratio of useful to total detections) is defined as (trdd 7]- This used a difference of averages technique, re-

positives)/(true positives + false positives). Here it haaulting in a 15-25ms latency. In addition, this latency was

the value 0.75. level dependent. The advantage of the system reported
here is that it has essentially zero non-deterministic
V. DISCUSSION AND FURTHER WORK latency, whatever the signal level. That is, onsets are
A neurally inspired technique for the robust detectiodetected as soon as they occur in the bandpassed signal.
of onsets in sound has been presented and tested withhés allows onsets to be used directly (that is, in near
simple tone burst, some musical instrument sounds arehl time). One application of this is determining when

the TIMIT corpus. The spiking AN-like representatiorto measure time delays and intensity differences between
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sensors, important for determining the bearing of sourtgpes that cause them which would lead to a reduction
sources in reverberant environments [5], [20], [33]. in false positives. In [21] such a system is detailed for
The cells in the cochlear nucleus which we arthe separation of stop consonants which shares much in
modelling are sometimes called "onset cells”. They gebmmon with the generation of AN-like spikes presented
this name from their spiking behaviour when a simplaere.
stimulus (such as a tone pip) is used to stimulate theThe current system is non-adaptive. This has the ad-
animal hearing. However, it is not clear what functiowantage of simplicity, but the disadvantage that it implies
they might have in the context of more complex (antluman tuning of all the parameters. In fact, the parame-
ecologically realistic) sounds. ters are not critical: however, if the system were adaptive,
In the introduction, we characterised onsets infothe tuning would be simpler. In particular, there is an
mally. When we are dealing with musical notes, it isnteraction between the precise characteristics of the flow
clear what is meant by the onset of a note. But whaates between the reservoirs in the depressing synapses,
is meant by an onset in the context of continuoute degree of interconnection (or spread) between the
speech is much less clear. Obviously, the start of @pike generation stage and the onset neurons, and the
utterance is an onset, as clearly is speech after a pausaeight at the depressing synapses. Incorrect parameter
epenthetic silence. But the amount of energy in contisettings show themselves by either the onset neurons
uous speech varies rapidly, and is distributed uneverfiying insufficiently, or too often. Providing adaptation to
over the spectrum. This envelope variation occurs atnaaintain a degree of homeostasis would make the system
number of time-scales, with a period ranging from 40msasier to use. It is also highly biologically plausible.
to 200ms (characteristic of phoneme production) down The implementation used here has been entirely soft-
to more rapid modulations, with a period of less thaware based. The simplicity of the processing makes hard-
10ms (characteristic of amplitude modulation). We hawsare implementation a practical possibility. Bandpass
implemented an onset detector which is inspired by tHitering is a straightforward technique in many forms
biological system, and whose time constants have beehimplementation. The deterministic spike generation
set to detect what we informally think of as an onsetechnique here is simple to implement in VLSI, whether
By applying more complex sound signals to this systentigital or analogue. Depressing synapses may present
we have started to try to answer what onset cells mightore of a problem. A different type of depressing
be useful for in more complex soundscapes. Onsets asgapse (essentially a two reservoir model) has recently
still found in background sound, as can be seen from theen implemented in sub-threshold analogue VLSI [34]:
guitar example (figure 6). We have analysed the annthe three reservoir model used here does matter because
tated TIMIT corpus: fricatives, affricatives and selected allows us to adjust both the degree of depression and
stop consonants are almost all detected, as are the stdrés rate of recovery independently. Several models of
of most voiced sequences. Investigation continues intdrdegrate-and-fire neurons have been implemented, both
more intelligent way of grouping relatively slow onsetsin analogue VLSI [35], and in FPGA digital technology
The next challenge is to correlate the pattern of onsg6]. Work is already under way (in conjunction with

cell firing with the individual phonemes and phonem®xford University) on hardware implementation of the
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system. [14]
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