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The increasing availability of forensic audio surveillance recordings covering days or weeks of time makes human
audition impractical. This paper describes the rationale and potential application of several techniques for high-speed
automated search and classification of sound sources and sound events in long-term forensic audio recordings. Methods
that can operate directly on perceptually compressed bitstreams without full decoding are of particular interest. Example
applications include identification of aircraft overflights, the presence of human speech utterances, gunshot sounds, and
other forensically relevant audio signals.

INTRODUCTION
An emerging problem in audio forensics involves the
virtual explosion of data made available by long-term
surveillance and soundscape audio recordings [1-5].
Long-term audio surveillance recordings may contain
speech information and also non-speech sounds such as
environmental noise, audible warning and alert signals,
footsteps, mechanical sounds, gunshots, and other
acoustic information of potential forensic interest.
Manually searching and auditioning hours and hours of
audio material to detect subtle, telltale sound events can
be both tedious and error prone.
In this investigation we assess several techniques for
high-speed automated search and classification of sound
sources and sound events in long-term forensic audio
recordings. The fundamental objective of these
techniques is to transform the audio signal into a
domain in which the desired signal attributes can be
identified and classified.
The most promising current techniques use some form
of short-time spectral analysis to localize in time,
amplitude, and frequency the signal parameters of
interest, and then to match these parameters to the
classification dimensions. Although many techniques
have been applied to this problem, the need for
improved identification and classification techniques
remains an open research question.
1 SEGMENTATION AND INTERPRETATION
Prior work that is relevant to forensic analysis of longterm surveillance recordings comes from several
different research areas. These include techniques to
process an audio recording to detect the presence of
speech or music, distinguish between speech and non-

speech sounds, recognize a particular speaker or song,
and identify portions of the recording that have
attributes of interest for subsequent manual
investigation or follow-up [6-14]. Insights and
techniques are also borrowed from the field of
computational auditory scene analysis [15].
Three example systems and applications are
representative of the prior research in this field. In 2005,
Härmä, et al. [1], reported on an experiment with an
automatic acoustic surveillance system that used a
microphone to monitor the acoustical environment in an
office for a two month period. The system identified
“interesting” acoustical events and recorded them for
additional processing. The basic detection and
segmentation process used an adaptive spectral model to
track the slowly-varying background noise profile, and
an acoustic activity detection algorithm based on the
departure of the currently measured spectral snapshot
from the background noise profile. The acoustic events
indicated by the detection algorithm were then analyzed
to create a feature vector consisting of parameters such
as RMS value, spectrum centroid, duration, and
bandwidth. A k-means clustering algorithm was applied
to the event parameters to classify acoustic events based
on their parameter similarity.
A system described in 2010 by Wichern, et al. [10],
used a variety of derived parameters, such as loudness,
spectral centroid, and harmonicity, to enable
classification and potentially identification of
environmental sounds in continuous audio recordings.
Like Härmä, et al., the Wichern experiment relied upon
a parameterized representation to enable clustering and
classification, but unlike Härmä’s background spectral
profile, Wichern, et al., calculated the parameters
continuously for the entire audio stream, and used the
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observed changes in those parameters to infer the onset
and end of the acoustic events. Wichern, et al., also
experimented with a framework to retrieve audio events
based upon user query information.
Also in 2010, we developed a procedure to identify
changes in sonic texture as an indication of audio events
for an application involving extreme time-scale
compression of long-term audio recordings [16]. Our
definition of sonic texture was the time-variant
fluctuation in the 1/3rd octave band levels. The method
used a one second time interval and a 1/3rd octave
spectral average to capture the time-variant spectral
character of the signal. The event criterion was to
monitor a threshold change in one or more of the 1/3rd
octave bands. For each 1 second frame, the process
examined the next several frames to determine any
repetitive fluctuations. The result was a map of the
textural transitions, with a goal to retain the time
segments with a high number of sonic texture
transitions, at the expense of the segments with lower
activity.
2 SPECTRAL TEMPLATE CONCEPT
The insights derived from these existing techniques
have led us to consider a time-frequency orientation in
which two separate two-dimensional filters, or
templates, are constructed. One template is designed so
that it preferentially selects spectral components that are
narrow in frequency but relatively broad in time,
corresponding to tonal or quasi-harmonic content, while
the other 2-D filter is designed to pass spectral
components that are broad in frequency but relatively
narrow in time, corresponding to impulsive, abrupt, and
other similarly brief events. This approach is intended to
uncover coherent acoustic information in the presence
of incoherent broadband noise, and is in several ways an
extension of our prior work on forensic audio quality
enhancement [17]. The current spectral implementation
uses similar data handling and formatting procedures to
the audio enhancement system described before.
2.1 Application principles
The key features of the proposed audio identification
and classification system are:
•
•

•

Implementation of temporal and spectral filters
that operate in the time-frequency domain.
Description of the sonic events in terms of
time-frequency
templates,
treating
the
spectrographic information as an image
processing task.
Use of multiple time-frequency resolutions in
parallel to match the processing resolution to
the time-variant signal characteristics.
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These features are intended to mimic the approach used
by human forensic examiners when considering longterm surveillance data. The examiner can benefit by
examining a spectrographic (frequency content vs. time)
display to look for features and patterns worthy of
detailed examination.
2.2 Example framework
A spectrographic representation of one hour of audio
recorded outdoors in a semi-rural area is shown in
Figure 1. The recording contains a plethora of sound
sources that overlap in time and in frequency. There are
frequent bird vocalizations and the sounds of domestic
animals, mechanical sounds from vehicles, and a variety
of sounds attributable to wind.
Frequency [kHz]
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Figure 1: Spectrographic representation.
The spectrogram was created using the 1/3rd octave
filterbank with 1 second average spectra. The resolution
of each “pixel” in the spectrogram is therefore 1 second
in width by 1/3rd octave in height. The white and light
gray portions indicate time-frequency intervals in which
the spectral energy is high, while the dark gray and
black regions indicate low energy. The horizontal
textural bands indicate steady-state or quasi-stationary
sound sources, while the light colored vertical lines
indicate impulsive sounds (relatively short duration with
relatively broad frequency extent).
In Figure 1, consider the event visible as a bright
interval at approximately 36 minutes in the 4-10kHz
range. That sound source corresponding to that
distinctive feature is probably not immediately
recognizable from the spectrographic information alone,
but additional context information and analysis can be
employed to suit a particular investigation. In this case,
the particular sound is an overflight by a single-engine
piston-powered aircraft. The subsequent bright areas
between 40 and 50 minutes are a power lawnmower’s
internal combustion engine starting up, followed by the
sound of the mower moving with the spinning blade
engaged.
Figure 2 shows an enlarged time scale spectrographic
representation of the aircraft overflight and the
beginning of the lawnmower event from ~36 minutes
into the record shown in Figure 1.
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Figure 2: Enlarged portion of the spectral segment
shown in Figure 1.
Decomposing the spectrographic representation of
Figure 1 and Figure 2 can be thought of as an image
processing exercise. For example, we can be interested
in locating the vertically-oriented edges in the
spectrographic image. The edges can be interpreted as
the onsets and ends of sonic events as they evolve with
time. Applying a high pass filter to the each of the 1/3rd
octave filter output sequences produces the magnitude
display shown in Figure 3, where the steepest detected
edges are indicated as light gray and white.
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Figure 3: Spectral change “edge” representation.
The temporal edges can be further refined to enhance
particular onset requirements. We currently determine
the most appropriate detection settings for a particular
recording by manual iteration. Fully automating the
event/edge detection selections is a key part of our
ongoing research.
2.3 Application considerations
Two fundamental issues arise when applying this
spectral method. First, the time scale aspects must be
adjusted to provide a meaningful level of detection. For
example, the onset information depicted in Figure 3
includes speckle texture due to the quasi-stationary
noise present in the recording, which can tend to
obscure narrowband events of short duration in noisy
recordings.
The second fundamental issue is the way in which
sound events with a very gradual amplitude envelope

appear from the spectrographic viewpoint. The
proposed spectral method is best suited for sonic events
with a sharp onset, and events that occur gradually, such
as a high altitude aircraft approaching from a distance,
do not provide a suitable “edge” in the 2-D framework.
Developing appropriate techniques
to reveal
information regarding low-level sound events and
sounds with slow amplitude envelope onset and/or
release remains a research topic.
2.4 Implementation Optimization
The work on this identification and classification
procedure has been conducted via software written in
the C language and in Matlab. We have deliberately
avoided any hardware-specific implementations up to
this point because the research is driven by algorithmic
flexibility and experimentation rather than time and
efficiency constraints. A fully functional system would
clearly require fast algorithms and implementation
details that would allow processing at many times faster
than real time. There is great potential for using
graphics-oriented signal processing hardware in this
regard.
A related development has been to use perceptually
compressed audio bitstreams as the front-end for the
analysis process without the need to decode the audio
waveform itself [18]. Perceptual compression systems
such as MP3 produce a bitstream containing a timevariant spectral analysis of the original signal and scale
factors for the encoded audio, and this information can
be extracted from the bitstream and interpreted without
synthesizing the audio material itself. Since the 2-D
filters used in the proposed identification and
classification system operate in the frequency vs. time
domain, allowing the initial processing to occur on the
spectral parameters extracted from the perceptual coder
bitstream could lead to greater potential efficiency
compared to a process involving reconstructing the
compressed bitstream into a time signal, only to have to
perform a subsequent spectral analysis again on the
decoded audio.
3 CONCLUSIONS
The availability of long-term audio surveillance
recordings presents both opportunities and challenges
for the field of audio forensics. Research to extract
meaningful and forensically useful information from
long-term recordings via automated processing remains
an essential goal. The work described in this paper
includes several features that will be a useful basis for
future comprehensive solutions.
Many audio forensic investigations operate with an
official query, such as “Are there any gunshots present
in the recording between time X and time Y?” In these
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cases it would be desirable to have a suite of gunshotrelated templates to use for the identification and
classification task, and the proposed method will
potentially be very useful. Similarly, in cases where the
request is to determine if there are any distinctive
sounds in a certain long segment of a recording, an
automated method to identify candidate sound events
can save time and potentially improve the examiner’s
efficiency and reliability. Nevertheless, in other cases
the audio forensic examiner may be asked a more
general question, such as “Can you help identify any of
the audible background sounds between time X and time
Y?” In response to such a query, the use of automated
methods may be of less applicability due to the highly
subjective nature of the query.
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