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Abstract:Forthepurposeofdevelopingareal-timetransportationnoiserecognitionsystem,avarietyof
acousticalfeaturesandstatisticalmodelsof signalsare reviewed.Findingan appropriateacousticalcriteria
to discriminatebetweenseveraltypes of environmentalnoise is the goal of the present paper. The main
emphasisis put on the discriminationof transportationnoise,musicand speech. The resultscouldbe used
in transportationnoiseactivatedsystemsfor the "intelligent"monitoringand controlof aircraftand motor
vehicle'noise.

1. INTRODUCTION
The goal of this paper is to find some statistical features from
transportation noise signals to be used in a noise activated
monitoring and control system. A variety of different
parameters and signal processing methods have been
examined to distinguish between transportation noise and
other environmental sound sources such as speech and music.
Some parameters are required to distinguish between the low
frequency, random nature of transportation noise and more
complex spectra of speech, music and other sources of
environmental noise. In this study, aircraft, heavy vehicle and
mixture of traffic in dry and wet weather are considered as the
transportation noise sources.

A real-time intelligent system requires real-time data
acquisition, detection and pattern recognition. The pattern
recognition problem can be divided into several stages of
which feature extraction and source c1assification are two of
the most important ones.

The feature extraction methods used in seismology, which
deal with low frequency vibration recognition, are found
applicable to transportation noise recognition. The methods
for automatic discrimination between nuc1earexplosions and
natural seismic activity are also worth examining. Speech and
speaker recognition systems have employed a variety of signal
processing and pattern recognition methods, some of which
maybe used to identify transportation noise.

The energy ofa signal, the zero-crossing rate, the linear
'prediction coefficients and the autocorrelation function are
the time domain functions which have been used for
successful waveform recognition in other fields [1,2,3]. The
frequency spectrum envelope, averaged-peak frequency,
maximum-peak frequency in each band and the plot of the
first and second most prominent frequencies are the other
features that have already been used for transient events and
aircraft type recognition [1,2,8]. The Euc1ideandistance and
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the nearest neighbourhood are applied to compare the pattern
vector with the sample vector.

In the following sections the characteristics of
transportation noise are discussed and a signal modeling
procedure is developed. A patternc1assification method is
then presented together with a recognition algorithm.

2. CHARACTERISTICS OF
TRANSPORTATION NOISE

Aircraft noise and traffic noise are non-stationary ancltirne
dependent. Transportation noise emitted by cars, heavy
vehicles and aircraft is variable in both time and frequency
domains. Most of the acoustic energy is concentrated in the
lower frequencies. The amplitude and frequency of land
transportation noise is strongly dependent on the acceleration,
speed, operating mode and the conditions ofthevehic1eand
road. Also, the distance between the source and the observer
as well as the weather conditions are very important
parameters. Many random parameters such as the noise of
vehicle brakes and the sound of car horns and the vibration of
trailers are mixed with transportation noise. In the case of
aircraft noise, the type of aircraft and propulsion system, load,
take off or the landing mode, the angle of flight and the
weather conditions all determine the characteristics of the
noise heard.

3. TIME VARIATION OF ENERGY AND
SOUND PRESSURE LEVEL

In real-time signal processing, one of the most important
parameters to be measured is the energy of the signal. This
parameter has been used to differentiate between voiced and
unvoiced sounds and silence in [3]. Fig. I(a) is the result of
monitoring the energy of the signal from different
environmental noise sources. It shows that the energy of
background noise is considerably less than the energy of the

Vol. 24 (1996) NO.1 - 5



(3)

(2)

noise events of interest. When the sensing system is tumed off
the energy is equal to zero. In the present research an energy
threshold level is used to activate the recognition system and
discriminate between the "Off" position of sensing system
and the "Background" noise. Also, the energy is an indication
of the beginning and end points of noise events.The sound
pressure level of an acoustical signal is another parameter
which can be easily measured Fig.l(b)showsmonitoringof
sound pressure level from the same events in Fig. lea) under
the same conditions. As the logarithrnic plot is much noisier
than the linear plot, particularly for the values close to zero,
the linear plot is more useful for activating the recognition
system.

Figure la) Energymonitoringof environmentalnoise, b) Sound
pressurelevel monitoringof the same noise eventsshownin (a).
The samplingfrequencywas 5 KHz for 512 samples.

In Fig. I(a) and (b) each number represents a separate
classofnoiseeventsasfollow:l)thesensingsystemisoff,2)
a B&K 4230 calibrator, pure tone 1 KHz, 3) Background
noise, 4) Aircraft noise, 5) A piece of classical music, 6)
Aircraft noise, 7) Aircraft noise, 8) Speech, 9) Rock music
and 10) Aircraft noise.

4. LINEAR PREDICTION MODEL OF TIME
SIGNAL

The "Linear Prediction Model" of time signals is one of the
most powerful existing techniques available to discriminate
between different waveforms. Different characteristics of this
method have been used successfully in the field of speech and
speaker recognition [3,4,5]. Also, there is a wide range of
applications in the field of seismology to classify the nuclear
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explosions and earthquakes automatically [1,2,8]. The basic
idea of the linear prediction model ofa signal is to model the
signal as a linear combination of its past and present values
with a hypothetical input to the system. The input of such a
model is white noise or an impulse and the output is the given
signal. Inastationaryandinvertibleprocess,if xn is the time
signal,the general form of such a statistical model can be
represented as:

p q

xn• k~laen-k+l~lb/wn-/+e. Is k e p, 1 s l s q (I)

where,0k' bl are the model coefficients, wn is the white

noise sequence,p and q are the orders of model and e. isthe

residual error. Thus, the output signal, X n is a linear

combination of past outputs and present and past inputs. The

estimated coefficients, akand b{,areuseful parameters for

pattern classification. The frequency domain representation of

equation (I) is:

1+ !b/z-/

H(z) - G 1+ /~~e-k
k-}

where G is the system gain. H(z) is the general pole-zero
model which is called an autoregressive moving average
model ARMA(p,q). Equation (I) can be simplified as an all
pole model or autoregressive model, AR(p), equation (3),
when b/-O. It can be considered as a recursive filter with
feedback as follows:

p

xn·k~jaen-k+e.

where, p is the order of the AR model. The most applicable
frequency spectral match for the AR model is found by
dividing 0

2 by the magnitude squared of the FFT from the

sequenceofl,oj,az,···,aa.Fig.2(a)istheresultof20-polefit

(AR) to a power spectrum ofa signal computed from the noise

of an aircraft in landing mode.

5. DISCRIMINATION OF AR COEFFICIENTS
Transportation noise mainly contains low frequency energy
and the randomness of the noise is greater than other acoustic
sources such as speech and music. A low order AR model for
the I KHzfiltereddatafromdifferentaircraft,heavyvehicles
and mixture of traffic noise-has been examined, There is a
strongsimilaritybetweentheplotofthefirsta~dsecondAR
coefficients of aircraft and road traffic noise. The same
similarity has been found for classical music, rock music and
continuous speech. A second order AR model gives a
considerable separation between speech, music and
transportation noise. In Fig. 2(b) the results of200 data from
two pieces of classical music, apiece of rock music and an
interview are compared with the same number of data from
aircraft noise and a mixture of traffic noise. Fig.2(b) shows
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Figure 2. a) Frequency spectrum of the autoregressive model with
20 poles using 512 samples from aircraft noise in landing mode.

Figure 2.b) Plot of the first and the secondcoefficientsofa2-pole
AR model to discriminate between speech/ music and
transportation noise.

6. ACOUSTICAL PATTERN
CLASSIFICATION OF ENVIRONMENTAL
NOISE SOURCES

After studying different measurable and available features and
, their abilities to discriminate between different acoustical

sources, an attempt was made to combine the extracted
features to make a decision system. The energy ofa signal is
a good indication of the start and the end of noise evcnts.In
addition the energy of the signal is a discriminating factor
between an "Off" signal and "Background" noise. In the
presentstudythepattemrecognitiontaskisdividedintotwo
classes of recognition:
I. Short-time acoustical source recognition, which is quick
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enough not to miss the noise event. This is important as the
ultimate goal of source recognition is to activate a system as
the noise event starts. The data acquisition, data processing,
feature extraction and patten recognition must not take more
than a portion ofa second. In such a short time extracting the
detailed information from the acoustical source is impossib~
(Basically a person's hearing system is also not able to
recognise similar sound sources in avery short time either)..
2. Long-time acoustical source recognition, which does not
take more than 50 seconds duration. This case is useful to
identify the particular vehicle or aircraft. To differentiate
betweendifferenttypes of aircraft, a satisfactory number of data
is required to compare with the data base already made from
statisticalmanipulation of data recorded from aircraft noise.

7. SHORT-TIME ZERO-CROSSING OF
TIME SIGNAL

The zero-crossing is the number of zero crossings level of
signal per duration of sampling. In the case ofa pure tone,
zero-crossing is a good measurement for frequency, but for
broadband signals eg. transportation noise, itcanonlybea
rough indication of frequency content. Direct measurement of
zero-crossing fora discrete signal is difficult because the
value of the signal is rarely zero. The process of detecting
zero-crossing at a given time is based on the sign change of
the product of multiplication of one data point value before
and one data point value after that time.

8. SHORT-TIME AUTOCORRELATION
FUNCTION '

The autocorrelation function has a lot of useful properties in
real-time signal processing and detection. An important
property of the autocorrelation functionfor the present study,
is the considerable difference in its form for transportation
noise and the other acoustical sources. The main reasons for
this difference are likely to be the low frequency nature of
traffic noise and its randomness. The number of peaks and the
number of zero-crossing in the case of speech and music, is
considerably higher than that of aircraft and traffic noise.
(The number of zero-crossings of the autocorrelation function
is totally different with to meaning of the zero-crossing
function of time signals). Fig. 3(a) is the result of200 plots of
zero-crossings of the autocorrelation function with respect to

the zeroth element of the autocorrelation function.

9. THE LOCATION OF PEAKS
The acoustic energy of transportation noise is mainly
concentrated in the low frequencies. It seems to be reasonable
to draw the plot of the first and second peak frequencies which
usually occur at frequencies lower than 1000Hz. Fig. 3(b) is
the plot offl and f2,the first and second frequencies of the
most prominent energy peaks in the 200 samples of heavy
vehicle noise and the speech and music, that were given in
previous sections. The discrimination line shows a good
separation between the two classes of acoustical sources.

Vol. 24 (1996) NO.1-7



150 ····;1

O.O-\---.-----.--L....--.-----,---~

0.025.000.

Figure 3. a) Featureextractionfrom the autocorrelationfunction
for 200 samplesof traffic noise and speech/music.
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[(X-l'lx)2t(Y-l'lyh0.5<[(X-1'2x)2t(Y-1'2yho.5 (4)

In equation (4) the Euclidean distances between sample
and patterns are compared. This method is implemented to
discriminate between speech and, music and transportation
noise based on ARcoefficients and zero-crossing rate in the
autocorrelation function.

The pattern vectors made from the acoustical signature of
the environmental sources can be compared with the sample
vector made in the same manner. The statistical pattern
recognition finds the nearest neighbourhood between the
sample vector and pattern vector. If the reference pattern ofm
types of noise source is represented as a vector [6,7]:

P,·(lV2i'·..·'Pni) i=1,2, ..m (5)

and the sample pattern of noise character is represented as:

S.(sl's2' ....'sn) (6)

then the sample vector and the reference pattern vectors can
be compared. To evaluate the similarity between a sample and
references, the following set of conditional distances has to be
computed:

D(S,lj) - [j~1 (Sr Pji)2.Wjl'5 i=1,2, ..m, j=l, 2,..n (7)

if the averaged frequency spectrurn array is Yj -yl.y2' ....yn'

n is the number of data in each spectrum array and m is the

number of spectra. Fig. 4(a) illustrates the averaged frequency
spectrum pattern made from the overflight duration of aircraft
VH-TAD with 512 samples and a 2 KHz sampling frequency.

where wj i is the weight of nth parameter for a noise source
type andean be defined as the estimated variance of the nth
parameter for the ithsource. The sample is assigned to a type
of noise source using the condition that the distance scoreisa
minimum. The pattern made by the averaged spectrum from 5
types of aircraft have 256 elements per spectrum. The mean
and variance of the data can be calculated and compared with
the same parameters in sarnple vectors based on equation (7).

11. FREQUENCY SPECTRAL PATTERNS
A short-time data acquisition cannot provide enough
inforrnationtodiscriminatebetweendifferenttypesofaircraft
and vehicles. The averaged frequency spectrum is a feature for
long-time acquisition. An averaged spectrum has been used
successfully to identify 5 different types of aircraft (after
detection of transportation noise, 5 types of aircraft will be
identified when the noise event is finished). The main feature
used to identify the type of aircraft is the minimum Euclidean
distance between the averaged frequency spectra of the
sample and the patterns. The averaged spectrurn of noise can
be expressed as follows:

l:~:~uecon"e:1I~
1000.0- "r II

800.0- IINc
: II- II

600.0-. 'I. ~
400.0- ~ ~:lII •
200.0- •••• II

o~ooo ~o~.o 1000.0 1500.0 2000

~ I!!!]

Figure 3.b) A plot of the first and the second frequencies of
mixture of heavy vehicle noise compared with speech/music.
The sampling frequencyis 5 KHz with 512 samplesused.

to.EUCLIDEAN DISTANCE AND NEAREST
NEIGHBOURHOOD

In the case of short-time data acquisition and pattern
recognitionthefeatures(eg.ARcoefficientsorflvst2from
sample data) have to be compared with the related features in
pattern space. By considering the discrimination line, which

has the same distance from the means of two classes of noise,
the distance between the feature from the sampled data and the
mean of the feature from each pattern can be used to
discriminate between different types of sounds. The closest
distance indicates the type of sample data statistically. Oneof
the simplest distance measurements is the Euclidean distance.
If the coordinates of the sample feature is (x,y) and the means
of the feature from source-I and source-2 are located at,
(1'1x,l'ly) and (1'2x,1'2v),respectively,thenthesamplebe[ongs

to source-l if the following condition satisfied:
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12. DECISION MAKING AND AIRCRAFT
RECOGNITION

The order of various feature extraction stages and classifiers is
crucial in making a right and quick decision about the type of
acoustical source. The first thing to know is the correlation
between features and sources and realising the stage of
decision making based on the extracted feature. The best
method is to move from general criteria for a rough
classification to specific criteria for a fine classification.

A decision making algorithm based on the discussed
features, is presented in Fig. 5. The level of energy in short
intervals is measured and compared with the threshold Ievels
of background noise and noise events. When a noise event
starts, the system will change the sampiingrate and start to
measurethezero-crossingrateoftimesignal,autocorrelation
function and the FFT. Then the AR model of the signal is
determined. All information from these features is compared
with some selected threshold values. After evaluating the type
of noise, if it belongs to the transportation noise class, the
monitoring system will be activated and then the spectral
features will be calculated. They are compared with the
patterns in the data base to find whether they are matchedtoa
recognisable aircraft. The acoustical sources to be classified in
the present research are: a) Sensing systemOff,zerovoltage
acoustical input, b) Background noise, c) B&K 4230
calibrator, 94 dB, 1 KHz, d) Traffic noise in rainy weather, e)
Music and speech,2 pieces of classic music, 1 piece of rock
music and one piece of reading the news by male speaker,f)
Transportation noise in dry weather including 5 types of
aircraft,amixture of traffic, a sample of heavy vehicles and a
mixture of traffic, train and aircraft noise together.

frequencies of interest, ego Fig. 4(c) shows the growth of
frequencies higher than 1200 Hz and Fig. 4(d) shows the
multipiicationsofthosefrequenciesby3.

~
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Figure 4. ComparisonbetweendifTerentspectralpattemsofan
aircraftnoise,a) Apatternofaveragedfrequencyspectrum,b)A
pattern of linear average-weighted frequencyspectrum,above
1200Hz, c) A patternof linearmaximumfrequencyspectrum,d)
A patternof linearmaximum-weightedfrequency, above1200Hz.

The major problem with this feature is its large nurnberof
spikes and its instability. We can put emphasis on crucial parts Figure5. Decisiontree for transportationnoise recognitionand
of the averaged or maximum spectrum by weighting the monitoring.

A further indicator of the source of noises, particularly
aircraft, is the pattern ofthemaximurn amplitude in each
frequency band. This pattern is comparable to the averaged

... spectrum pattern but the maximum spectrum pattern captures
the peaks of short-duration frequency components, which are
not observable in the averaged spectrurn.

Yj-MaxXij j-I,2, ...m, j-I,2,... (10)
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Traffic noise in rainy weather contains a lot of high
frequency signals that makes it easily identifiable from the
other transportation noise. The high rate of zero-crossing in
the time signal is the main characteristic of this signal. The
4230 B&K calibrator gives a constant zero-crossing rate and
sound pressure level.

There are two major stages in the algorithm; the first is
training and the second is operating. Both stages are adaptive
and will be activated only by transportation noise. The main
reason that they are made adaptive is that the duration of
overflight is different for different aircraft noise events.
Therefore, finding the exact start and endpoints of the event
can avoid interferences caused in the subsequent stages due to
incorrect data. An example of that is the process of averaging
the frequency spectrum which has a crucial role in aircraft
noise recognition.

13. INTELLIGENT TRANSPORTATION
NOISE MONITORING

A sound pressure level monitoring system can be activated
when the traffic noise or aircraft noise dominates the
background noise. Such a recording and monitoring system
can automatically record the desired noise. The described
program is able to calculate the time duration of an event and
the maximum and the mean of the sound pressure level during
an event. In a quiet environment this program counts the
number of vehicles and aircraft with a noise level more than a
selected threshold. The results of operating an intelligent noise
monitoringsystemforthenoisegiveninFig.l,arepresented
in Fig. 6. The monitoring system is activated only by
transportation noise. When the nature of sound changes or the
leve1 of energy and sound falls to less than some particular
value, the system stops monitoring.

Figure6. a) The energymonitoringof transportationnoiseby an

~~t~~~e~~ n~i;~ ~O~i;o~~~nSl'~er~s:~:e t~:v~~m~:~~~eri~;en~}
transportationnoiseby an intelligentnoise monitoringsystemfor
the samenoise eventsas in (a).
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14. CONCLUSION
In this paper some useful features for discriminating between
the transportation noise and other environmental noises, such
as music and speech, have been introduced.

The features used to discriminate the transportation noise
from the other sounds are the energy of the signal, sound
pressure level, linear prediction coefficients, autocorrelation
function, peak frequency and zero-crossing. The AR
coefficients and the autocorrelation function provide reliable
criteria to discriminate between transportation noise, and
music and speech in short-time data acquisition. These
features have been used successfully to activate an intelligent
noise monitoring system. There is also some false recognition
when the speech segments are not continuous.

Spectral features for long-time data acquisition are used to
recognise the type of aircraft. The result of this research is
likely to be applicable to other acoustical noise recognition,
such as intelligent noise control [9], counting vehicles,
acoustical diagnosis of defects in machines and even to
medical diagnosis systems.

Further development of the model is planned. This will
include the recognition of other environmental noises such as
bird and animal noises, wind and thunderstorm sounds.
Techniques will also be developed to recognise sounds when
they occur concurrently with other noises in the environment.
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