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Appendix A Digital Representation of Sound

About this appendix

This appendix provides a brief explanation of how sound is represented digitally. An
understanding of the basic principles introduced here will be helpful in using Canary.

Digital sampling

Before a continuous, time-varying signal such as sound can be manipulated or analyzed with a
digital computer, the signal must be acquired or digitized by an analog-to-digital (A/D) converter.1
The A/D converter repeatedly measures or samples the instantaneous voltage amplitude of an
input signal at a particular sampling rate, typically thousands or tens of thousands of times per
second (Figure A.1). The digital representation of a signal created by the converter thus consists
of a sequence of numeric values representing the amplitude of the original waveform at discrete,
evenly spaced points in time.
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Figure A.1.  Sampling to create digital representation of a pure tone signal.
Measurements of the instantaneous amplitude of the signal are taken at a sampling
rate of 1/∆t. The resulting sequence of amplitude values is the digitized signal.

The precision with which the digitized signal represents the continuous signal depends on two
parameters of the digitizing process: the rate at which amplitude measurements are made (the
sampling rate or sampling frequency), and the number of bits used to represent each amplitude
measurement (the sample size).

                                                

1Recent Macintosh models (including Quadra, Performa, Centris, PowerMac, and Powerbook models) come
equipped with a built-in A/D converter, which takes its input from the Mac’s microphone jack. A/D
converters can also be purchased from third-party manufacturers (e.g., MacRecorder from MacroMind
Paracomp) for use with these or other Mac models.
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Appendix B A Biologist’s Introduction
to Spectrum Analysis

About this appendix

This appendix provides some conceptual background for making and interpreting spectrograms
and spectra with Canary. It introduces the short-time Fourier transform (STFT), the mathematical
technique used by Canary for making spectrograms. We treat the STFT here as a black box, but
one that has controls on its outside that affect its operation in important ways. One aim of this
appendix is to convey enough qualitative understanding of the behavior of this box to allow
intelligent use of its controls. Specific details of the controls are covered in Chapter 3. A second
aim of this appendix is to explain some of the limitations and tradeoffs intrinsic to spectrum
analysis of time-varying signals. More rigorous mathematical treatments of spectral analysis, at
several levels of sophistication, can be found in the references listed at the end of the appendix.

Several approaches are available for explaining the fundamentals of digital spectrum analysis.
The approach taken in this appendix is geared specifically to spectrum analysis with Canary;
thus some of the terms and concepts used here (e.g., “analysis resolution” and “grid resolution”)
may not appear in other, more general discussions of spectrum analysis, such as those listed at
the end of the appendix.

The discussions in this appendix assume a basic understanding of how sound is recorded and
represented digitally. If you are not already acquainted with concepts such as sampling rate and
amplitude resolution (sample size), read Appendix A.

Time-domain and frequency-domain representations of sound

Any acoustic signal can be graphically or mathematically depicted in either of two forms, called
the time-domain and frequency-domain representations. In the time domain, the amplitude of a
signal is represented as a function of time. Figure B.1a shows the time-domain representation of
the simplest type of acoustic signal, a pure tone. Such a signal is called a sinusoid because its
amplitude is a sine function of time, characterized by some frequency, which is measured in cycles
per second, or Hertz (Hz). (In terms of real-world physical quantities, the amplitude may
represent a measurement such as the pressure exerted by vibrating air or water molecules, or a
voltage at some point in an electric circuit.) In the frequency domain, the amplitude of a signal is
represented as a function of frequency. The frequency-domain representation of a pure tone is a
vertical line (Figure B.1b).
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Appendix C Sound Amplitude
Measurements

About this appendix

This appendix provides a summary of the relationships among sound power, sound intensity,
and sound pressure. These quantities are sometimes confused, in part because all three are often
expressed as levels using a decibel (dB) scale. First we define each quantity and explain how they
are related to each other. We then explain the use of a dB scale to express relative levels of
power, intensity, and pressure. An understanding of the basic principles introduced here will be
helpful in using Canary.

This appendix is not intended to be a comprehensive review of any aspect of the physics of
sound. The goal is to provide a minimal level of understanding needed to use Canary effectively.

The references cited at the end of this appendix provide further background.

Sound power, intensity, and pressure

Sound consists of traveling waves of alternating compression and rarefaction in an elastic
medium (such as air or water), generated by some vibrating object (a sound source).

Sound power

A sound source transfers acoustic energy to the surrounding medium at some rate. The average
amount of acoustic energy radiated in all directions by a source per unit time is called the sound
power of the source. Since the usual unit of measurement for energy is the joule, power is usually
expressed in joules per second, or watts. One watt equals one joule per second.

Because sound power is a characteristic of a sound source, its value does not depend on where an
observer or a measurement instrument is located relative to the source. The power of a sound
source may vary over time.

Sound intensity

Consider a sound source radiating sound at a constant power uniformly in all directions. If no
sound energy is lost as it radiates away from the source, the total power passing through the
surface of any sphere centered on the source is the same, irrespective of the size of the sphere. At
greater distances, the same amount of power is distributed over spheres with progressively larger
surface areas, resulting in a lower density of power per unit area. This density of power passing
through a surface perpendicular to the direction of sound propagation is called sound intensity,
and is usually expressed in watts per square meter.
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The surface area of a sphere of radius r is equal to  4πr2. Therefore the intensity I (in watts/m2)
of sound at distance r (in m) from a source that is radiating acoustic power equally in all
directions is given by

    
I = W

4 r2  (C.1)

where W is the sound power of the source (in watts).

Sound pressure

Sound pressure is the (usually small) alternating incremental change in pressure from ambient
pressure that results from a sound. When no sound is present in a medium (i.e., there is no
propagating pressure change), we say that sound pressure is zero, even though the medium does
exert some static ambient pressure. The dimensions of pressure are force per unit area. The usual
unit of sound pressure is the pascal (abbreviated Pa); one pascal equals one newton per square
meter.1 Since the smallest audible sound pressures in air are on the order of 10-6 Pa, sound
pressures are usually expressed in µPa.

The RMS magnitude of the pressure change that results from sound of a given intensity depends
on a property of the medium known as the characteristic impedance.2 Characteristic impedance is
equal to the density of the medium  (in kg/m3) times the speed of sound in the medium c (in
m/sec). The units of characteristic impedance are mks rayls, named after the famous acoustician
Lord Rayleigh. 1 mks rayl equals 1 kg/(m2 sec).

Pressure and intensity are related by

    
I =

p 2

c
(C.2)

where p is the RMS or root mean square pressure in Pa, c is the characteristic intensity of the
medium, and I is intensity in W/m2. The RMS pressure is equal to the square root of the average
of the squared pressure.3

Sound pressure is the quantity that is directly measured by most sound measurement or
transduction devices, such as sound level meters and microphones.

Sound levels: the decibel scale

Sound power, sound intensity, and sound pressure are all different physical quantities with
different dimensions. But all are commonly expressed in decibels, which is sometimes a cause of
confusion. Decibels are dimensionless units used to express the logarithm of the ratio between a
given value and some specified reference value; some authors require that the values used in the
ratio be powers.

                                                

1Some older acoustic literature uses pressure units of dynes per square centimeter (dyn/cm2). One pascal
equals 10-5 dyn/cm2.

2Characteristic impedance is also sometimes called specific acoustic resistance (Urick 1983).

3If the sound is a constant-amplitude sinusoidal tone, RMS pressure is equal to the peak pressure divided
by √2.



Appendix C:  Sound Amplitude Measurements

Canary 1.2 User’s Manual 3

Sound levels: definition of decibel measurements

In general, the term “level” in acoustics refers to the logarithm of the ratio of two quantities.

For a given sound power W, the sound power level in dB is given by

    

Sound Power Level = 10log 10
W

W ref

 

 
 
 

 

 
 
 (C.3)

where Wref is some reference power, which should be clearly stated.

For a given sound intensity I, the sound intensity level in dB is given by

    

Sound Intensity Level= 10log 10
I

Iref

 

 
 
 

 

 
 
 (C.4)

where Iref is some reference intensity. The commonly used reference intensity in air is 10-12 W/m2

(or 1 pW), which is approximately equal to the threshold of audibility of a 1000 Hz tone to a
human. For a given sound in air, the intensity level calculated using this reference level is usually
within 0.1 dB of the sound pressure level calculated using the standard reference pressure of 20
µPa (see below). The reference intensity for sea water is the intensity that corresponds to the
standard reference pressure of 1 µPa (see below), equal to .65 aW/m2 (=.65 × 10-18 W/m2).

For a given RMS sound pressure p, the sound pressure level in dB is given by

    

Sound Pressure Level = 10log 10
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where pref is some reference pressure. Squaring the pressure values when calculating sound
pressure level ensures that the numerical dB values for intensity and pressure will be the same for
a given measurement, provided that the reference values for intensity and pressure are chosen
appropriately. The standard reference pressure in air is 20 µPa, which is approximately equal to
the threshold of audibility of a 1000 Hz tone to a human. Use of 20 µPa and 10-12 W/m2 as the
reference values for pressure and intensity in air yields dB pressure and intensity levels that are
usually within 0.1 dB of each other. (The exact difference depends on the value of c, which
depends on temperature and pressure; see below).

Why the decibel scale is useful

There are two reasons why the decibel scale is often a more convenient way of expressing power,
intensity, and pressure than using the corresponding physical units. First, the values that
commonly occur for the physical units of sound power, intensity, and pressure all span very large
numerical ranges. For example, acoustic power outputs of sound sources range from
approximately .000000001 watt for a whispering human voice to 40,000,000 watts for a Saturn
rocket taking off. The range of sound intensities between a barely audible 1000 Hz tone and the
same frequency at the intensity threshold of pain is .000000000001 watt/m2 to 1 watt/m2.
Sound pressures range from 20 µPa for sounds at the threshold of human audibility to
100,000,000 µPa for a jet engine at a distance of 25 m. It is often inconvenient to work with such
large measurement ranges. The dB scale compresses these very large ranges to more manageable
ones. For example, if we take 20 µPa as our reference level for sound pressure, the range of sound
pressures between a barely audible sound and the jet engine at 25 m is 0 to 134 dB.
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The second reason why the decibel scale is useful is that the ability of the human auditory system
to discern a difference in intensity between two tones is roughly logarithmically related to the
intensity ratio of the tones (Moore, 1989). The “just noticeable difference” or jnd in sound
intensity of pure tones (typically around 0.2-0.4 dB) is nearly constant across most of the human
hearing range when expressed in decibels. The jnd in intensity or pressure would vary hugely over
the range of audible intensities if expressed in watts/m2 or µPa.

Note that positive dB levels indicate the measured value is greater than the reference value;
negative dB levels indicate that the measured value is less than the reference.

Some pitfalls to avoid in using dB measurements

Perhaps the most common mistake made in using dB levels is the failure to state the reference
value used. The statement that a sound was measured with an intensity or pressure level of 87
dB, without specifying the reference intensity or pressure, is analogous to the statement that the
mass of some object is 46%. Even though the values of 20 µPa and 10-12 W are common standards
for determining pressure and intensity levels in air, the value used should always be explicitly
stated. The preferred way of expressing sound pressure levels is to write (for example) that a
given sound has a “sound pressure level of 87 dB (re 20 µPa)”.

The standard pressure and intensity reference values for dB levels in air and water have been
chosen to result in the same (or very similar) dB levels for pressure and intensity within a given
medium . This is convenient because it allows one to know for example, that a sound with a
pressure level of 100 dB in air (re 20 µPa) also has an intensity level of approximately 100 dB in
air (re 1 pW/m2), without having to convert the pressure dB level to absolute units, calculate the
intensity, and then calculate the intensity level in dB.

When comparing dB levels of sounds in different media, remember that (1) the “standard”
reference values for calculating pressure and intensity dB levels may be different, and (2)
differences in characteristic impedance mean that the relationship between pressure and intensity
may be very different in different media. Thus a sound pressure of 100 dB in air (re the standard
value of 20 µPa) is not the same pressure as 100 dB in sea water (re the standard value of 1 µPa).
The former is a pressure of 2 Pa, while the latter is 0.1 Pa. Furthermore, a sound pressure of 2 Pa
in air has an intensity of 10 mW/m2, which is an intensity level of 100 dB (re 1 pW/m2); but a
sound of 2 Pa pressure in water would have an intensity of .0026 mW/m2, which is an intensity
level of 126 dB (re .65 aW/m2). When comparing pressures or intensities of sounds in different
media, it is simplest to use absolute pressure or intensity values, rather than dB levels.

Characteristic impedance

The characteristic impedance of an elastic medium is the product of the medium’s density ( ) and
the speed of sound in the medium (c). The density of air (in kg/m3) is approximately equal to

    
= 1.29

273
T + 273

 
  

 
  

P
0.76

 
  

 
   (C.6)

where T = temperature in °C, and P  = barometric pressure in meters of mercury (Beranek, 1986).

The speed of sound in air (in m/sec) is approximately equal to

    
c = 331.4 1 + T

273
(C.7)
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where T = temperature in °C (Beranek, 1986). Over the range -30° to +30°C this is approximately
equal to

c = 331.4 + 0.607 T (C.8)

For water, see Millero, et al. (1980) for formulas for density, and MacKenzie (1981) for formulas
for speed of sound.

For further reading

Beranek, L.L.  1986.  Acoustics, revised edition. Published for the Acoustical Society of America
by the American Institute of Physics.  xii + 491 p.

Beranek, L.L.  1988.  Acoustical Measurements, revised edition. Published for the Acoustical Society
of America by the American Institute of Physics.  xiv + 841 p.

Mackenzie, K.V.  1981.  Nine-term equation for sound speed in the oceans. J. Acoust. Soc. Am.
70(3):  807-812.

Millero, F. J., C-T. Chen, A. Bradshaw, and K. Schleicher.  1980.  A new high pressure equation of
state for sea-water. Deep-Sea Res. 27A: 255-264.

Moore, B.C.J.  1989.  An Introduction to the Psychology of Hearing, 3rd ed. Academic Press, New
York. 350 + xvi p.

Urick, R. J.  1983. Principles of Underwater Sound, 3d edition. McGraw-Hill, New York.
422 + xiii p.
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Figure B.1.  Time-domain and frequency-domain representations of an infinitely long
pure sinusoidal signal with a frequency of 500 Hz. (a) Time domain. (b)  Frequency
domain.

Any sound, no matter how complex, can be represented as a sum of pure tones (sinusoidal
components). Each tone in the series has a particular amplitude, relative to the others, and a
particular phase relationship (i.e., it may be shifted in time relative to the other components). The
frequency composition of complex signals is usually not apparent from inspection of the time-
domain representation. Spectrum analysis is the process of converting the time-domain
representation of a signal (which is the representation directly produced by most measuring and
recording devices) to a frequency-domain representation that shows how different frequency
components contribute to the sound.

The complete frequency-domain representation of a signal consists of two parts. The magnitude
spectrum (Figure B.2b) contains information about the magnitude of each frequency component in
the entire signal. The phase spectrum (not shown) contains information about the phase or timing
relationships among the frequency components, but in a form that is not easily interpreted. Since
the phase spectrum is rarely of practical use in most bioacoustic work and is not provided by
Canary, it is not discussed further here. Henceforth, unless otherwise noted, we use the term
“spectrum” to refer to the magnitude spectrum alone.
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Figure B.2.  Time-domain and frequency-domain representations of an infinitely long
sound consisting of two tones, with frequencies of 490 Hz and 800 Hz. (a) Time
domain. (b)  Frequency domain.

The Fourier transform is a mathematical function that converts the time-domain form of a signal
(which is the representation directly produced by most measuring and recording devices) to a
frequency-domain representation, or spectrum. When the signal and spectrum are represented as
a sequence of discrete digital samples, a version of the Fourier transform called the discrete Fourier
transform (DFT) is used. The input to the DFT is a finite sequence of values— the amplitude
values of the signal— sampled (digitized) at regular intervals. The output is a sequence of values
specifying the amplitudes of a sequence of discrete frequency components, evenly spaced from
zero Hz to half the sampling frequency (Figure B.3). Canary implements the DFT using an
algorithm known as the fast Fourier transform (FFT).
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Figure B.3.  Schematic representation of the discrete Fourier transform (DFT) as a
black box. The input to the DFT is a sequence of digitized amplitude values (x0, x1,
x2, ... xN-1) at N discrete points in time. The output is a sequence of amplitude
values (A0, A1, A2, ... A(N/2)-1) at N/2 discrete frequencies. The highest frequency,

f(N/2)-1, is equal to half the sampling rate (=  1/(2T), where T is the sampling period,
as shown in the figure). The output can be plotted as a magnitude spectrum.

In practice, a spectrum is always made over some finite time interval. This interval may
encompass the full length of a signal, or it may consist of some shorter part of a signal.

Spectral analysis of time-varying signals: spectrograms and STFT analysis

An individual spectrum provides no information about temporal changes in frequency
composition during the interval over which the spectrum is made. To see how the frequency
composition of a signal changes over time, we can examine a sound spectrogram. The spectrograms
produced by Canary plot frequency on the vertical axis versus time on the horizontal; the
amplitude of a given frequency component at a given time is represented by a grayscale value
between white and black (Figure B.4).1  Spectrograms are produced by a procedure known as the
short-time Fourier transform (STFT).

                                                

1There are other ways of representing amplitude, such as by color, or by using contour lines, but grayscale
spectrograms are most widely used by biologists.
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Figure B.4.  Sound spectrogram of one syllable from song of a rose-breasted
grosbeak, digitized at 22.3 kHz.

There are two convenient ways to describe the operation of the STFT. One approach is to think of
the STFT as dividing the entire signal into successive short time intervals or frames (which may
overlap each other in time). Each frame is used as the input to a DFT, generating a series of
spectra (one for each frame) that approximate the “instantaneous” spectrum of the signal at
successive moments in time. To display a spectrogram, the spectra of successive frames are
plotted side by side with frequency running vertically and amplitude represented by grayscale
values (Figure B.5a). We call this the “spectral slice” model of STFT analysis. A given STFT can
be characterized by its frame length, usually expressed as the number of digitized amplitude
samples that are processed to create each individual spectrum.

An alternative description considers the STFT as equivalent in function to a bank of bandpass
filters, each centered at a slightly different analysis frequency. The output amplitude of each filter
is proportional to the amplitude of the signal in a discrete frequency band or bin, centered on the
analysis frequency of the filter. To display a spectrogram, the time-varying output amplitudes of
filters at successive analysis frequencies are plotted above each other, with amplitude again
represented by grayscale values (Figure B.5b). We call this the “filterbank” model of STFT
analysis. A given STFT can be characterized by its bandwidth, the range of input frequencies
around the central analysis frequency that are passed by each filter. All of the filters of a single
STFT have the same bandwidth, irrespective of analysis frequency.1

These two descriptions of STFT analysis are related in specific ways that are discussed further
below. Depending on the context, one or the other of these models may be a more convenient way
to think about the STFT. Canary’s controls and measurement panels are designed to facilitate
considering spectrograms and spectra from either perspective. In the remainder of this appendix,
we will refer to both models in discussing how Canary generates spectrograms and spectra.

                                                

1There are other time-frequency representations  (for example, the wavelet transform) that employ
different filter bandwidths at different center frequencies.
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(a)

(b)

Figure B.5.  Two ways of considering a sound spectrogram. Both spectrograms are
of the same signal shown in Figure B.4, but with different horizontal and vertical
resolution. (a) Each vertical bar represents the spectrum of a single short time
interval or frame, and approximates the “instantaneous” spectrum at a point midway
through the frame. (b)  Each horizontal bar represents the amplitude of the time-
varying output of one bandpass filter.

Frame length, filter bandwidth, and the time-frequency uncertainty principle

The frame length of a STFT determines the time analysis resolution ( t) of the spectrogram.
Changes in the signal that occur within one frame-length of each other (e.g., the end of one sound
and the beginning of another, or changes in frequency) cannot be resolved as separate events.
Thus, shorter frame lengths allow better time analysis resolution.

Similarly, the bandwidth of a STFT determines the frequency analysis resolution ( f) of the
spectrogram: frequency components that differ by less than one filter-bandwidth cannot be
distinguished from each other in the output of the filterbank. Thus a STFT with a relatively wide
filter bandwidth will have poorer frequency analysis resolution than one with a narrower
bandwidth.

Ideally we might like to have very fine time and frequency analysis resolution in a spectrogram.
These two demands are intrinsically incompatible, however: the frame length and filter
bandwidth of a STFT are inversely proportional to each other, and cannot be varied
independently. Although a short frame length yields a spectrogram with finer time analysis
resolution, it also results in wide bandwidth filters and correspondingly poor frequency analysis
resolution. Thus a tradeoff exists between how precisely a spectrogram can specify the spectral
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(frequency) composition of a signal and how precisely it can specify the time at which the signal
exhibited that particular spectrum.1

The relationship between frame length and filter bandwidth applies to spectra as well as
spectrograms. The spectrum of a single frame at a particular point in time can be thought of as a
cross-section or vertical slice through the output of a filterbank. The bandwidth of the filters in
the bank is determined by the length of the frame.

Figure B.6 illustrates the relationship between frame length and filter bandwidth. The two spectra,
of a 1000 Hz pure tone digitized at 22.3 kHz, were made with different frame lengths and thus
different bandwidths. Spectrum (a), with a frame length of 1024 points (46.0 mS)2, shows a fairly
sharp peak at 1000 Hz because of its relatively narrow bandwidth filter; spectrum (b), with a
frame length of 256 points (11.5 mS), corresponding to a wider bandwidth filter, has much
poorer frequency resolution.

                                                

1The spectrogram is one of many different types of time-frequency representations (TFRs) that show how
the frequency spectrum of a signal changes over time. The TFR with the highest resolution is the Wigner
distribution. Spectrograms and all other (reasonable) TFR’s are smoothed (blurred) versions of the
Wigner distribution. The smoothing of the spectrogram is controlled by the length and shape of the
spectrogram’s windowing function. The uncertainty principle gives a lower bound on the amount of blurring
that takes place when passing from the Wigner distibution to the spectrogram. Although it might be
tempting to use the Wigner distribution without smoothing, there are practical disadvantages to this.
See the recent book by Cohen for further discussion.

2The frame  length of a STFT can be expressed either in “points” (i.e.,  the number of digital samples in
the frame), or in seconds. The time between successive points is equal to the inverse of the sampling rate
(1/fs), so the frame length in seconds equals the number of points in the frame divided by the sampling
frequency.
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(a)
filter bandwidth

(b)

filter bandwidth

Figure B.6.  Relationship between frame length and filter bandwidth.1 Each
spectrum is of a single frame of a 1000 Hz tone, digitized at 22.3 kHz. In both
spectra, FFT size = 2048 points, window function = Blackman, clipping
level = -130 dB.
(a) Frame length = 1024 points = 46.0 mS; filter bandwidth = 135 Hz.
(b) Frame length = 256 points = 11.5 mS; filter bandwidth = 540 Hz.

Making spectrograms

A spectrogram produced by Canary is a two-dimensional grid of discrete data points on a plane
in which the axes are time and frequency. At each gridpoint, an estimate of the amplitude of
sound energy is plotted as a grayscale value. In a spectrogram displayed in “boxy” mode, the
gridpoints are at the corners of the boxes (Figure B.7). The grayscale value in each box reflects the
amplitude at its upper left corner.

Figure B.7.  Low-resolution boxy spectrogram of part of a song of an American
robin, digitized at 22.3 kHz. The grayscale value in each box represents an estimate
of the energy amplitude at the time-frequency point that is at the upper left corner of
the box. Filter bandwidth = 353 Hz, frame length = 256 points (= 11.5 mS). Grid
resolution = 11.5 mS x 86.9 Hz.

                                                

1Filter bandwidths are often measured as the width of the band between the frequencies where the
amplitude of the filter’s output is 3 dB below the peak output frequency. The arrows indicating the filter
bandwidths in this figure are placed at a lower amplitude for clarity of illustration.
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Canary lets you independently specify the spacing between gridpoints in the horizontal and
vertical directions, and thus the width and height of the boxes in a boxy spectrogram (Figure B.8).
These spacing values are called, respectively, the time grid resolution  and frequency grid resolution
of the spectrogram. Canary’s Spectrogram Options dialog box lets you specify time and frequency
grid resolution directly, or indirectly by specifying the amount of overlap between successive
frames, and the FFT size, respectively. The relationships between time grid resolution and frame
overlap, and between frequency grid resolution and FFT size are discussed below. See Chapter 3
for a detailed discussion of how to control these parameters in Canary.

(a)

(b)

Figure B.8.  Boxy spectrograms of the same signal as in Figure B.7, with the same
analysis resolution (filter bandwidth and frame length), but different grid resolutions.
(a) Grid resolution = 5.8 mS x 86.9 Hz. (b)  Grid resolution = 1.4 mS x 10.9 Hz.

Grid resolution should not be confused with analysis resolution. Analysis resolution for time and
frequency are determined by the frame length and filter bandwidth of a STFT, respectively.
Analysis resolution describes the amount of smearing or blurring of temporal and frequency
structure at each point on the grid, irrespective of the spacing between these points. The following
sections seek to clarify the concepts of analysis resolution and grid resolution by showing
examples of spectrograms that illustrate the difference between the two.

Analysis resolution and the time-frequency uncertainty principle

At each point on the spectrogram grid, the tradeoff between time and frequency analysis
resolution is determined by the relationship between frame length and filter bandwidth, as
discussed above. According to the uncertainty principle, a spectrogram can never have extremely
fine analysis resolution in both the frequency and time dimensions.

For example, Figure B.9 shows two spectrograms of the same signal that differ only in frame
length and filter bandwidth. The signal consists of two repetitions of a sequence of four tones.
Each tone is 20 mS long and has a frequency of 1, 2, 3, or 4 kHz. In spectrogram (a), with a frame
length of 64 points (= 2.9 mS; filter bandwidth = 1412 Hz), the beginning and end of each tone
can be clearly distinguished and are well-aligned with the corresponding features of the
waveform. However, the frequency analysis resolution is poor: each tone appears as a bar that is
nearly 800 Hz in thickness. In spectrogram (b), the frame length is 512 points, or 23 mS (filter
bandwidth = 176 Hz), or about as long as each tone in the signal. Most of the frames therefore
span more than one tone, in some cases including a tone and a silent interval, in other cases
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including two tones and an interval. The result is poor time resolution: the beginning and end of
the bars representing the tones are fuzzy and poorly aligned with the actual features of the
waveform (compare, for example, the beginning time of the first pulse in the waveform with the
corresponding bar in the spectrogram).

(b)

(a)

Figure B.9.  Effect of frame length and filter bandwidth on time and frequency
resolution. The signal consists of two repetitions of a sequence of four tones with
frequencies of 1, 2, 3, and 4 kHz. Each tone is 20 mS in duration. The interval
between tones is 10 mS. Both spectrograms have the same clipping level, time grid
resolution = 1.4 mS, frequency grid resolution = 43.5 Hz (FFT size = 512 points),
and window function = Hamming.
(a) Wide-band spectrogram: frame length = 64 points ( = 2.9 mS), filter bandwidth

= 1412 Hz.
(b) Narrow-band spectrogram: frame length = 512 points ( = 23.0 mS), filter

bandwidth = 176 Hz.
The waveform between the spectrograms shows the timing of the pulses.

What is the “best” analysis resolution to choose? The answer depends on how rapidly the
signal’s frequency spectrum changes, and on what type of information is most important to show
in the spectrogram, given your particular application. For many applications, it may be best to
start with an intermediate frame length  (e.g., 256 or 512 points) and filter bandwidth. If you need
to observe very short events or rapid changes in the signal, a shorter frame may be better1; if
precise frequency representation is more important, a longer frame may be better. If you need
better time and frequency resolution than you can achieve in one spectrogram, you may need to
make two spectrograms: a wide-band spectrogram with a small frame for making precise time

                                                

1If the features that you’re interested in are distinguishable in the waveform (e.g., the beginning or end
of a sound, or some other rapid change in amplitude), you’ll achieve the best precision and accuracy by
making time measurements on the waveform rather than the spectrogram.
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measurements, and a narrow-band spectrogram with a larger frame for precise frequency
measurements.

Time grid resolution and frame overlap

Time grid resolution is the time between the beginnings of successive frames. In a boxy
spectrogram, this interval is visible as the width of the individual boxes (Figures B.7 and B.8).
Successive frames that are analyzed may be overlapping (positive overlap), contiguous (zero
overlap), or discontiguous (negative overlap). Overlap between frames is usually expressed as a
percentage of the frame length.

Figure B.10 illustrates the different effects of changes to frame length and time grid resolution.
Each pulse in the signal is a frequency-modulated tone that sweeps upward in frequency over a
range of 380 Hz centered at 1, 2, 3, or 4 kHz. Spectrograms (a) and (b) both have a frame length
of 512 points (= 23.0 mS; filter bandwidth = 176 Hz). (a) was made with 0% overlap (grid
resolution = 23.0 mS), whereas (b) was made with an overlap of 93.8% (grid resolution = 1.4 mS).
In the low-resolution spectrogram (a), each box is as wide as a frame, which in turn is about the
same size as each pulse in the signal. The result is a spectrogram that gives an extremely
misleading picture of the signal. Spectrogram (b), with a greater frame overlap, is much
“smoother” than the one with less overlap, and it reveals the frequency modulation of each pulse
in the signal. It still provides poor time analysis resolution, however, because of its large frame
length— notice the fuzzy beginning and end to each bar on the spectrogram and the poor
alignment with the corresponding features in the waveform. Comparison of the spectrograms in
Figure B.10 demonstrates that improved time grid resolution is not a substitute for finer time
analysis resolution, which can be obtained only by using a shorter frame (Figure B.10c).
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(a)

(b)

(c)

Figure B.10.  Different effects on spectrograms of changing frame length (time
analysis resolution) and time grid resolution. The signal is two repetitions of a series
of four frequency-modulated tones, each 20 mS long, with 10 mS between tones.
Each tone sweeps upward in frequency through a range of about 380 Hz centered
around 1, 2, 3, or 4 kHz. Spectrograms (a) and (b) have the same frame length, but
(b) has finer time grid resolution. (b) and (c) have the same grid resolution, but (c)
has a shorter frame length (finer time analysis resolution). In both spectrograms, filter
bandwidth = 176 Hz (frame length = 512 points = 23.0 mS), frequency grid
resolution = 43.5 Hz (FFT size = 512 points).
(a) Frame length = 512 points = 23.0 mS (filter bandwidth = 176 Hz);

Time grid resolution = 23.0 mS (overlap = 0%).
(b) Frame length = 512 points = 23.0 mS (filter bandwidth = 176 Hz);

Time grid resolution = 1.4 mS (overlap = 93.8%).
(c) Frame length = 64 points = 2.9 mS (filter bandwidth = 1412 Hz);

Time grid resolution = 1.4 mS (overlap = 50%).
The waveform between the spectrograms shows the timing of the pulses.

Frequency grid resolution and FFT size

Frequency grid resolution is the difference (in Hz) between the central analysis frequencies of
adjacent filters in the filterbank modeled by a STFT, and thus the size of the frequency bins. In a
boxy spectrogram, this spacing is visible as the height of the individual boxes (Figures B.7 and
B.8). Frequency grid resolution depends on the sampling rate (which is fixed for a given digitized
signal) and a parameter of the FFT algorithm called FFT size. The relationship is

frequency grid resolution = (sampling frequency) / FFT size

where frequency grid resolution and sampling frequency are measured in Hz, and FFT size is
measured in points.1 Thus a larger FFT size draws the spectrogram on a grid with finer frequency
                                                

1A point is a single digital sample.
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resolution (smaller frequency bins, vertically smaller boxes). The number of frequency bins in a
spectrogram or spectrum is half the FFT size.1

Figure B.11 illustrates the different effects of changes to filter bandwidth and frequency grid
resolution. Spectrograms (a) and (b) both have a filter bandwidth of 1412 Hz (frame length = 64
points = 2.9 mS). However, the frequency grid resolution in (a) is 348 Hz, whereas in (b) it is 43.5
Hz. Spectrogram (b), with finer grid resolution, is “smoother” than (a), but it still provides poor
frequency analysis resolution because of its wide bandwidth— the bars representing the pulses in
the signal are still quite thick in the vertical dimension. Only by using a narrower bandwidth
(Figure B.11c) can we get finer analysis resolution.

(a)

(b)

(c)

Figure B.11.  Different effects on spectrograms of changing filter bandwidth
(frequency analysis resolution) and frequency grid resolution (FFT size). The signal
is the sequence of frequency-modulated tones shown in Figure B.10. Spectrograms
(a) and (b) have the same filter bandwidth, but (b) has finer frequency grid
resolution. (b) and (c) have the same grid resolution, but (c) has a narrower
bandwidth. In both spectrograms, filter bandwidth = 1412 Hz (frame length = 64
points = 2.9 mS), time grid resolution = 1.4 mS.
(a) Filter bandwidth = 1412 Hz (frame length = 64 points = 2.9 mS);

Frequency grid resolution = 348 Hz (FFT size = 64 points).
(b) Filter bandwidth = 1412 Hz (frame length = 64 points = 2.9 mS);

Frequency grid resolution = 43.5 Hz (FFT size = 512 points).
(c) Filter bandwidth = 176 Hz (frame length = 512 points = 23.0 mS);

Frequency grid resolution = 43.5 Hz (FFT size = 512 points).
The waveform between the spectrograms shows the timing of the pulses.

Spectral smearing and sidelobes

The spectrogram (or a single-frame spectral slice) produced by a STFT is “imperfect” in several
respects. First, as discussed above, each filter simulated by the STFT has a finite band of
frequencies to which it responds; the filter is unable to discriminate different frequencies within
this band. According to the uncertainty principle, the filter bandwidth can be reduced— thus
improving frequency resolution— only by analyzing a longer frame, which reduces temporal
resolution.

Second, the passbands of adjacent filters overlap in frequency, so that some frequencies are
passed (though partially attenuated) by more than one filter (Figure B.12). Consequently, when a
                                                

1Ordinarily, the FFT size of a discrete Fourier transform equals the frame size. Canary allows you to
specify a larger FFT to obtain finer grid resolution. This is achieved by zero-padding the selected frame
length up to a frame whose length is equal to the FFT size.
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spectrum or spectrogram is constructed by plotting the output of all of the filters, a signal
consisting of a pure tone becomes “smeared” in frequency (Figure B.12c).

Input frequency

(c)

Amplitude

f

Frequency

1

0

(a) 1

0

Filter
output 

amplitude

f

(b)

. . .. . .

Input frequency

Filter
output 

amplitude

1

0

Figure B.12.  Spectral smearing resulting from overlapping bandpass filters.
(a) A single hypothetical bandpass filter centered at frequency f. For clarity of

illustration, sidelobes to the main passband are not shown (see text and Figure
B.13).

(b) A set of overlapping filters. Each curve shows the filter function of one filter in a
bank simulated by a STFT. Frequency f falls within the passbands of the filter
centered at f, and of two filters on either side.

(c) Spectrum of a pure tone signal of frequency f produced by the filterbank shown
in (b). The spectrum consists of one amplitude value from each filter. Because
the filters overlap, the spectrum is smeared, showing energy at frequencies
adjacent to f.

Third, each filter does not completely block the passage of all frequencies outside of its nominal
passband. For each filter there is an infinite series of diminishing “ripples” in the filter’s response
to frequencies above and below the passband (Figure B.13a). These ripples arise because of the
onset and termination of the portion of the signal that appears in a single frame. Since a spectrum
of a pure tone made by passing the tone through a set of bandpass filters resembles the frequency
response of a single filter (Figure B.12), a STFT spectrum of any signal (even a pure tone) contains
frequency ripples. In a logarithmic spectrum, these ripples show up as “sidelobes” (Figure B.13b).
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Figure B.13.  Frequency response of a hypothetical bandpass filter from a
set of filters simulated by a short-time Fourier transform, showing ripples or
sidelobes above and below the central lobe, or passband. The magnitude of
the sidelobes relative to the central lobe can be reduced by use of a window
function (see text). Note that a spectrum produced by passing a pure tone
through a set of overlapping filters is shaped like the filter frequency
response (see Figure B.12). (a) Linear plot. (b)  Logarithmic plot.

Window functions

The magnitude of the sidelobes (relative to the magnitude of the central lobe) in a spectrogram or
spectrum of a pure tone is related to how abruptly the signal’s amplitude changes at the beginning
and end of a frame. A sinusoidal tone that instantly rises to its full amplitude at the beginning of
a frame, and then instantly falls to zero at the end, has higher sidelobes than a tone that rises and
falls smoothly in amplitude (Figure B.14).
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Figure B.14.  Relationship between abruptness of onset and termination of signal
in one frame and spectral sidelobes. Each panel shows a signal on the left, and its
spectrum on the right.
(a) A single frame of an untapered sinusoidal signal has a spectrum that contains a

band of energy around the central frequency, flanked by frequency ripples, as if
the signal had been passed through a bank of bandpass filters like the one
shown in Figure B.13; the ripples appear as sidelobes in the logarithmic (lower)
spectrum.

(c) A single frame of a sinusoidal signal multiplied by a “taper” or window function,
has smaller sidelobes; the ripples are too small to be visible in the linear
(upper) spectrum.

The magnitude of the sidelobes in a spectrum or spectrogram can be reduced by multiplying the
frame by a window function that tapers the waveform as shown in Figure B.14.1 Tapering the
waveform in the frame is equivalent to changing the shape of the analysis filter (in particular,
lowering it sidelobes). Canary supplies five window functions to choose from. Figure B.15 shows
spectra of a pure tone made with each of the available window functions. These are also the
shapes of the resulting analysis filters. Each window function reduces the height of the highest
sidelobe to some particular proportion of the height of the central peak; this reduction in sidelobe
magnitude is termed the sidelobe rejection, and is expressed in decibels. Given a particular frame
length, the choice of window function thus determines the sidelobe rejection, and also the width
of the center lobe. The width of the center lobe in the spectrum of a pure tone is the filter
bandwidth. For example, the rectangular window function has a narrower filter bandwidth for a
given frame length than the Hamming window function, but the Hamming window has lower
sidelobes. Figure B.16 shows filter bandwidths corresponding to various frame lengths for each of
the five window functions, in order of increasing sidelobe rejection.

                                                

1Window functions are also sometimes called “tapers”.
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Figure B.15.  Single-frame spectra of a 500 Hz tone made with five different
window functions. Frame length = 2048 points, FFT size = 8192 points for all
spectra. The vertical arrows indicate the sidelobe rejection in dB for each window
function.
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Figure B.16.  Filter bandwidths corresponding to different frame lengths for each of
Canary’s five window functions, in order of the windows’ increasing sidelobe
rejection, given a sample rate of 22.3 kHz.
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For further reading

The books and articles listed below can provide entry at several levels into the vast literature on
spectrum analysis and digital signal processing.

Beecher, M. D. 1988. Spectrographic analysis of animal vocalizations: Implications of the
“uncertainty principle.” Bioacoustics 1:(1): 187-207.

Includes a discussion of choosing an “optimum” filter bandwidth for the analysis of
frequency-modulated bioacoustic signals.

Cohen, L.  1995.  Time-frequency analysis. Prentice-Hall, Englewood Cliffs, NJ.

Hlawatsch, F. and G.F. Boudreaux-Bartels.  1992.  Linear and quadratic time-requency signal
representations. IEEE Signal Processing Magazine, 9(2): 21-67.

A technical overview and comparison of the properties of a variety of time-frequency
representations (including spectrograms), written for engineers.

Jaffe, D. A.  1987.  Spectrum analysis tutorial. Part 1: The Discrete Fourier Transform; Part 2:
Properties and applications of the Discrete Fourier Transform. Computer Music Journal,
11(3):  9-35.

An  excellent introduction to the foundations of digital spectrum analysis. These tutorials
assume no mathematics beyond high school algebra, trigonometry, and geometry. More
advanced mathematical tools (e.g., vector and complex number manipulations) are
developed as needed in these articles.

Marler, P. 1969. Tonal quality of bird sounds. In: Bird Vocalizations: Their Relation to Current
Problems in Biology and Psychology (ed. R. A. Hinde), pp. 5-18. Cambridge University
Press.

Includes an excellent qualitative discussion of how the time and frequency analysis
resolution of a spectrum analyzer interact with signal characteristics to affect the
“appearance” of a sound either as a spectrogram or as an acoustic sensation.

Oppenheim, A.V. and Schafer, R.W. 1975. Digital Signal Processing. Prentice-Hall, Englewood
Cliffs, NJ. xiv + 585 p.

A classic reference, written principally for engineers.

Rabiner, L.R. and Gold, B.  1975.  Theory and Application of Digital Signal Processing. Prentice-Hall,
Englewood Cliffs, NJ. xv + 762 p.

Another classic engineering reference.

Yost, W.A. and Nielsen, D.W.  1985.  Fundamentals of Hearing: An Introduction. 2d ed. Holt,
Rinehart and Winston, New York. x + 269 p.

A good general text on human hearing that includes some discussion of the elementary
physics of sound and an appendix that introduces basic concepts of Fourier analysis.
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Sampling rate

Canary’s Sound Recording dialog enables you to choose the sampling rate at which a signal is to
be digitized. The choices available are determined by the A/D converter hardware and the
program (called a device driver) that controls the converter; most converters have two or more
sampling rates available.1  The highest frequency available with the Macintosh built-in A/D
converter depends on which model of Macintosh you are using. Commercial digital audio
applications use higher sampling rates (44.1 kHz for audio compact discs, 48 kHz for digital
audio tape). Once a signal is digitized, its sampling rate is fixed.2

The more frequently a signal is sampled, the more precisely the digitized signal represents
temporal changes in the amplitude of the original signal. The sampling rate that is required to
make an acceptable representation of a waveform depends on how rapidly the signal amplitude
changes (i.e., on the signal’s frequency). More specifically, the sampling rate must be more than
twice as high as the highest frequency contained in the signal. Otherwise, the digitized signal will
have frequencies represented in it that were not actually present in the original at all. This
appearance of phantom frequencies as an artifact of inadequate sampling rate is called aliasing
(Figure A.2). The highest frequency that can be represented in a digitized signal without aliasing is
called the Nyquist frequency, which is half the frequency at which the signal was digitized. The
highest frequency in a spectrogram or spectrum calculated by Canary is always the Nyquist
frequency of the digitized signal. If the only energy above the Nyquist frequency in the analog
signal is in the form of low-level, broadband noise, the effect of aliasing is to increase the noise in
the digitized signal. However, if the spectrum of the analog signal contains any peaks above the
Nyquist frequency, the spectrum of the digitized signal will contain spurious peaks below the
Nyquist frequency as a result of aliasing. The usual way to guard against aliasing is to pass the
analog signal through a low-pass filter (called an anti-aliasing filter) before digitizing it, to remove
any energy at frequencies greater than the Nyquist frequency. (If the original signal contains no
energy at frequencies above the Nyquist frequency or if it contains only low-level broadband
noise, this step is unnecessary.)

                                                

1The device driver for the built-in Macintosh sound input port is included as part of the system software.
Device drivers for other A/D converters are supplied with the converter, usually as a file that must be
placed in the System folder.

2Some digital signal processing programs (e.g., MATLAB’s Signal Processing Toolbox) enable you to
resample a digitized signal at a lower rate than the original sampling frequency by discarding some
samples, or to increase the nominal sampling rate by interpolating samples.
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(a)

(b)

Figure A.2.  Aliasing as a result of inadequate sample rate. The same analog
waveform is shown in both figures. Vertical lines indicate times at which samples are
taken. (a) Sampling frequency approximately five times the signal frequency. (b)
Sampling frequency approximately 1.5 times the signal frequency. The resulting
digitized signal (gray waveform) exhibits aliasing: it portrays a waveform of lower
frequency than the original analog signal.

In order to interpret a sequence of numbers as representing a time-varying signal, one needs to
know the sampling rate. Thus, when a digitized signal is saved in a file format that is designed for
saving sound information, information about the sampling rate is usually saved along with the
actual data points comprising the signal. If you try to open a file with Canary that contains sound
data, but no information about the sampling rate, Canary asks you for the sampling rate.

Sample size (amplitude resolution)

The precision with which a sample represents the actual amplitude of the waveform at the instant
the sample is taken depends on the sample size or number of bits used in the binary representation
of the amplitude value. Some A/D converters can take samples of one size only; others allow you
to choose (usually through software) between two or more sample sizes. Some Macintosh models
provide only 8-bit sampling capability; others allow you to choose between 8-bit and 16-bit

samples. An 8-bit sample can resolve 256 (=28) different amplitude values; a 16-bit converter can

resolve 65,536  (=216) values. Sound recorded on audio CDs is stored as 16-bit samples. When a
sample is taken, the actual value is rounded to the nearest value that can be represented by the
number of bits in a sample.

Since the actual analog value of signal amplitude at the time of a sample is usually not exactly
equal to one of the discrete values that can be represented exactly by a sample, there is some error
inherent in the process of digitizing (Figure A.3), which results in quantization noise in the digitized
signal. The more bits used for each sample, the less quantization noise is contained in the
digitized signal.
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Figure A.3.  Digitizing error with a hypothetical 2-bit sample size. 2-bit samples can
represent only four different amplitude levels. At each sample time (vertical lines),
the actual amplitude levels are rounded to the nearest value that can be represented
by a 2-bit sample (horizontal lines). The amplitude values stored for most samples
(black dots) are slightly different from the true amplitude level of the signal at the time
the sample was taken.

The sample size determines the maximum dynamic range of a digitized sound. Dynamic range is
the ratio between the highest amplitude and the lowest non-zero amplitude in a signal, usually
expressed in decibels. The dynamic range of a digitized sound is 6 dB/bit.1

Storage requirements

The increased frequency bandwidth obtainable with higher sampling rates and the increased
dynamic range obtainable with larger samples both come at the expense of the amount of memory
required to store a digitized signal. The minimum amount of storage (in bytes) required for a
digitized signal is the product of the sample rate (in samples/sec), the sample size (in bytes; one
byte equals 8 bits), and the signal duration (seconds). Thus, a 5-second signal sampled at 22.3
kHz with 8-bit precision requires about 110 Kbytes of storage. The actual amount of storage
required for a signal may exceed this minimum, depending on the format in which the samples are
stored. For reasons of programming efficiency, Canary always uses a 32-bit format for its internal
representation of a digitized signal, irrespective of the sample size with which the signal was
digitized. The amount of memory (RAM) required by Canary to store a signal while working with
it is thus four times the minimal requirement for a signal sampled with 8-bit resolution. When a
signal is saved as a disk file, its storage requirements depend on the file format used and may be
less than the amount of storage required by Canary’s internal representation. For example, if a
sound is recorded with 8-bit precision and saved in SoundEdit or AIFF format, it will be saved
with 8-bit precision, (even though Canary uses 32 bits while working with the sound).

No matter what file format is use, digitized sound files take up a lot of storage space. If you plan
on storing many or long digitized signals and need to save storage space, you might consider using
a data compression program such as Compact Pro (shareware, from Cyclos, PO Box 31417, San
Francisco, CA  94131-0417 USA; available from many users’ groups and bulletin boards), StuffIt
(Aladdin Systems, Inc.), or Disk Doubler (Salient Software, Inc.). These programs can often
compress digitized sound files by 50% or more (the amount of compression will vary from file to
file). Compressed files must be expanded before they can be used with Canary.

                                                

1The dynamic range of a signal in decibels is equal to 20 log(Vmax/Vmin), where Vmax and Vmin  are the

maximum and minimum voltage in the signal. For a digitized signal, Vmax/Vmin  = 2n, where n is the

number of bits per sample. Since log(2n) = n* .3, the dynamic range of a digitized signal is 6 dB per bit.


