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‘10 ' Backaground of the Invention
' With the ever increasing number of vehicles on
the roadways, there is a need for improved and more
efficient traffic management. One aspeét of traffic
management is identifying when a vehicle is present and
15 classifying the vehicle. Since the 1950s, point detection
‘devices, such as in-ground inductive loops, have primarily
been used for intersection control and traffic data
collection. The in—grbund inductive loops basically
utilize wire loops placed in the pavement, for detecting
20 the presence of vehicles through magnetic induction. Many
limitations exist with point detection devices such'as
inductive loops. For example, inductive loops are
. expensive to install, difficult to maintain, and cannot
D claséify vehicles. More recent traffic sensor systems use
25 radar, active audio, such as ultrasound beams, or video to
detect or classify vehicies. These systems can not bnly
be used és detection devices for highway monitoring but
- also can provide more detailed information from a traffic
scene. While active audio systems utilizing transmission
30 and detection of audio signals have been used, passive
' audio systems have not yet been widely developed. Passive
Ty audio systems can utilize relatively inexpensive sensing
devices while potentially covering a wide area. Further,
passive audio systems are insensitive to weather and light
35 conditions.
Classification type neural networks can be used
to recognize and classify input patterns based on example



‘classify vehicles. Mre recent traffic sensor systens use 25 radar,
active Waiis@¥4uch as ultrasound beans, or video to det epdT/os9ssp8si fy
vehi cl es. These systens can.not only be used as detection devices for
hi:ghway monitoring but also can provide nore detailed information froma
traffic scene. Wile active audio systgs utilizing transm ssion 30 ~and
~detection of audio signals have been used, passive audio systens have not
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set of Connﬁﬁﬁhgnﬁegﬁaiiﬂ@@ﬁbﬁﬁgﬂggfgfﬁ§fyy-were implemented using
: hardware, software implementations are now very common.
The overall behavior of a neural network is determined by
10  the structure and stréngths of the-adjustahle connections,
the synaptic weights, between the computational elements.
The synaptic weights are adjusted during the training
phase, when examples representative of those the network
must ultimately classify and their correct classifications
15 are provided to the network. After tbe.training.phase,
the network is conditioned to respdhd*uniqueiy toa
_particular input signal to-provide'a desired output
signal. Neural networks.are particularly suited for use
in'systéms.where speed and accuracy in pattern recognition
20 is desired. :

_ Summary of the Invention |
To overcome the limitations in the prior art
described above, and to overcome other limitations that
will become apparent upon reading and understanding the
25  present specification, the present invention provides a
system and method for classit?ing'objects-based_on passive
sound. Sound waves produced by objects, such as vehicles,
are measured by a microphone. An analog to digital
converter converts the analog signal to a digital signal
30 which is converted into a power spectrum by a spectral
analyzer. Fuzzification functions are applied to the )
power spectruh to create a vector of predetermined v
dimension that characterizes the power spectrum. A neural
network then classifies the object based on the
35 characterizing vector. '



devices to produce a cl assi fi cation of an input pattern.,VhiIe neur al
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Figure 2 is a block diagram showing the system

10 of the present invention;
Figure 3A shows sound pressure levels input into
the sytem H

Figures 3B and 3C show Fourier transforms of
sound pressure levels;

15 Figure 4A and 4B show Fast Fourier Transforms of
a sound pressure input at discrete frequencies within a
bin; : )

. Figure 5 shows a digitized power spectrum;

_ Figure 6 shows a fuzzification function used to
.20 produce the vector characterizing the power spectrum;

Figure 7'shows a plurality of overlapping
fuzzification functions; -

Figure 8 shows a hardware implementation of the
present invention;

| ) 25 - Figure 8A shows a schematic diagram of a finxte'

1mpu1se response filter; and :
‘Figure 8B shows a schematic diagram of a root
mean square converter.

30 _ In the following detailed description of the
preferred embodiment, reference is made to the .
accompanying drswings which form a part hereof, and in
which is shown by way of illustration of a specific
embodiment of which the invention may be practiced. It is

35 @ to be understood that other embodiments may be utilized
andestructural changes may be made without departing from
the soope_of the present invention.



converter converts the analog signal to a digital signal 30 which is
conver W&P528413 a power spectrum by a spectral anal yzer PGHYSSPEt i on
functions are applied to the power spectrumto create a vector of

predet ermi ned di nension that characterizes the power spectrum A neural
‘network then classifies the object base4~on the 35 characteri zing
vector. - -3- Brief Description of the Drawi ngs The present invention wll
be nore fully descri Refennimg &ocFigure: b, 1 & L¥RAH HOAGWRYI BE/PRgS wher ei n
li ke referefgesKowr®s alcar deaindl traekr £Sape dexenples G @iTEerentand: Figure

produces by RSR ot JeRieR MRBe BrRed Sosr UGS ap RRLBISETOL
the systempdss sfrudtune 8secfheyncreatersound; waves, shdeh ayend pressure
I evel sgi NnpUshdicat Wi stitatice patterns in the air. The magnitude
| of sound waves may be expressed in different ways, such as
displacement, particle velocity or pressure, although the
preférred measured property of sound waves is sound
pressure, the fluctuation above and below atmospheric
10 pressure which results from the sound wave. - Structure 8,
which may, for example, be a structure such as a bridge, a
sign bridge or other supporting structure, supports
microphone 10, which measures the sound waves, preferably
the sound pressure level of the sound waves, as vehicles
15 approach and pass structure 8. Microphone 10 transducés
the,sound energy into electrical energy. Microphone 10
produces an Analog signéi based on sound pressﬁre'leVels
as measured by microphone 10 as a function of time. The
- analog signal is éént_to the classitication system through
20 connector 12. While Figure 1 shows an independent passive
audio sensor, such a sensor could be used in conjunction
with a video systenm, to:complemeﬁt the ﬁideo systemn,
especially at night or in low visibility weather.
Referring to Figure 2, a block diagram'of the
25 system for analyzing the passive audio input is shown.
The analog signal.representing the sound pressure levels
associated with a vehicle passing microphone 10 is sent
into the classifying system at input 20. Analog to
digital converter 22 converts the analog signal to a set
30 of discrete numerical values to represent the sound
pressure-levels. The sampling rate of analog to digital
converter 22 may vary from_sYstem to system, depending on -
the sound emitted from the object to be classified.
Spectral analyzer 24 transforms the digitized
35 sound pressure levels from the sound pressure domain,
which is a function of time, to the frequency domain.
Standard spectral conversions rely on some form of the
Fast Fourier Transform (FETi. The FFT is a digital



Fi gures 3B and 3C show Fourier transforns of sound pressure |levels; 15 -
Figure 4A and 4B show Fast Fourier Transforns of a sound pressure input at
‘discrete fWe8&Md3es within a bin; Figure 5 shows a digiti FEAYSEHRH

i spectrum Figure 6 shows a fuzzification function used to 20 produce the
~vector characterizing the power spectrum Figure 7 shows a plurality of
“overl apping fuzzification functions; Figuré®8 shows a hardware

i npl eivent ati on ' 1t o 25 . i shows a
schematic di agrgéf%&jég#l@%ﬁéo ’% %ﬁ?g@%&%ﬁgg"ﬂf?’{%}; %!hé; | gure gABB shows
a schematic di afranséerm oH@ fungtionuh(s)cédavasiEe1low8hi| ed Description
of the Preferred Enbodi nent 30 In the follow ng detail ed
description of the preferred enbodi pRE) = {he¢tpedHétds s made to the
accaonpanyi ng drawi ngs which forma. part hereof, and in which is shown by

way of illustration of a specific enbodi nent of which the invention may be
-practiced. It ivhese H{f) He endanction ofiathet ficequensyii font Standard
utilized FFTs suffer from peak reduction and leakage problems when

5 confronted with non-integer frequencies. Generally, the

 spectral power in one "bin," a frequency interval,
cqntains’leakage from freqﬁenCy components from other
bins. Data windowing is typically used to attempt to
solve the leékage and peak reduction problems, but still |
10 has side effects of its own. Each data ségment is
multiplied, bin by bin, by the window function before the
FFT is computed, to weight each data segment. A square
window with unit height is equivalent to no windowing.
Some examples of data windowing functions commonly used in
15 FFT power spectral estimation include the Parzen window,
the Hanning window and the Welch window. These functions
all reduce leakage, although none eliminate it. _
Figure 3A shows a graph of the sound pressure
levels received by the system, h(t), as a function of
20 time. To determine the power at a particular frequency,
f, the Fourier transform, H(f), of the function is
_ computed. For example, if a predominant frequency exists
) : at 32.0 Hz, and the Fourier transform for 32.0 Hz is
- computed, H(32.0), the distribution will resemble the
25 distribution shown in Figure 3B. Such a distribution has
a peak amplitude 42 of A decibels at the frequency for
which the Fourier transform was computed. If, however,
the predominant freguency exists at 32.2 Hz instead of
32.0 Hz, and the Fourier transform is still computed for
30 the one hertz wide bin centered at 32.0 Hz to determine
the power at 32.0 Hz, the power distribution will resemble
v the distribution shown in Figure 3C. The distribution of
Figure 3C has sidelobes 48, which cause a reduction in
_ peak amplitude 46 to an amplitude of less than A decibels.
35 If the Fourier transform was computed for the'frequency
32.2 Hz, hovever; a distribution similar to the



and structural changes nmay be made wi thout departing fromthe scope of the
pr eseniyd dae4si On. -4- Referring to Figure 1, a typipedusosnsivey scene is
shown. Car 2 and truck 4 are exanples of different types of vehicles that
travel over roadway 6. As vehicles pass structure 8, they create sound
waves, which are 5 physi cal disturbane patterns in the air. - The
magni t ude of sound-waves may be expressed i'n different ways, such as

di spl acenenfispripution ghayn thp Sigures 3Br woukd: FRERHE « HXGRRY dhecd
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measur gs thfﬁégfle@ YR VL oeritr@® paaky whil8hS 28 NHof! fiditat i/ ¥e @hel he sound

waves, as ve

t ransduces ?ﬁt“%ga?ﬂll’?% ‘ap %%?ggt Eﬁgfil f’ﬁ%‘éﬁﬁ’% M-Croehigeprlgduces
an anal og si gnal "basespevtraduathalyeesu2é doesl not use a windowing
function thereby avoiding the peak reduction tendencies of
_ data windowing. 1Instead, spectral analyzer 24 first
10  performs a Fast Fourier Transform at a plurality of
fractional offsets from the characterizing frequency of
each bin. For example, within a one hertz wide bin with a
characterizing freguency of 32.0 Hz and including the
frequencies between 31.5 Hz and 32.5 Hz, spectral analyzer
15 24 could transform eleven discrete frequencies, each
- discrete frequency offset 0.1 Hz. Spectral analyzer 24
then ahalyzes the fFT at eachgdiscrete-frequency to
determine where the predominant frequency is within the
bin. In one embodiment, spectral analyzer 24 finds the
20 predominant frequency within the bin by comparing the FFT -
' at each offset frequency and determining at which
frequency the highest central peak-exists; The highest
central peak will have the least leakage and the maximum
power and will represent the frequency closest to the
25 predominant frequency within the bin. The number of
discrete frequencies that spectral analyzer 24 analyzes
within a bin depends on the degree of accuraéy desired.
For higher accuracy, frequencies analyzed are separated'by
. a smaller interval. For example, for more accuracy than
30 the aforementioned 0.1 Hz intervals, spectral analyzer
could analyze fregquencies at smaller intervals,'such_as
100 sighals in 0.01 Hz intervals. _
_ Spectral analyzer 24 then selects the signal
with the.maximdm-power-value and sets all other values to
35 zero. The selected maximum power value is substituted for
the power value of the characterizing frequency of the bin
to represent the power in the bin. For example, in
Figures 4A and 4B, the predominant ffequency-within the



as neasured by m crophone 10 as a function of tine. The anal og signal is
~sent to the classification systemthrough 20 connector 12. Wiile Figure
-1 shows aWwoR9sBndent passive audi o sensor, such a sensor PEHUBYMOIIBused in
conjunction with a video system to conplenent the video system especially
at night or inlowvisibility weather. Referring to Figure 2, a block
di agram of the 25 system for anal yzi ng-zde passive audi o input is shown.
The anal og si gnal representlng t he sound pressure |evels associated with a
vehi cl e passi ndpin centered &6 32.6di¢ ist32.2hézc| aThef FFRgofyehem at i nput

20. Analog to r I ansl | 30
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sanpling rate (PleaéFn&'PS&"Fé"ﬂr gR® showmin Fdgure Ady EP§CEral, ARAINERY o
syst'em dependi2ag a%iabetﬁéuﬁdaler&édkﬁd:ifdmIiirbhﬂeﬁbbyckubétbmﬁ.x@ e ed.

From the SbundEaMeEsyrataont 12-44fn Th ok, &, EioBpe FRE i ad V' °
f requency donandossranQatUespeed¢ndnannnﬁna§uanQYruiyhbn thecbinandf t he
Fast Fourier TigpsbebPe(bEtter dprdvinates ¢he pdwer within the bin,
for the lower power value at 32.0 Hz. Thus, spectral
analyzer 24 selects the maximum power value,'a(f);'within
10 the bin to'repreéent the bin.

The output of spectral analyzer 24 is a power
spectrum, or power spectral density, of the input function
showing the amount of energy present at each particular
frequency bin. Because the input signal, the sound

15 pressure levels, wasldigitized at A/D converter 20, the
output of Spectral analyzer 24 is a stream of discrete -
points representing the power at each frequency, as shown
in Figure 5. Rather than transmitting as an output the

_ power at all frgquehcies, spectral analyzer 24 can be

20 configured to output only predominant fregquencies in the

sound pressure levels, thereby facilitating classification
~ of the objects. In ohe embodiment, spectral analyzer 24
only sends the power from the fregquency bins as an output
if the power in the bin is at a local maxima, such as

25 local maxima points 50. In another embodiment, spectral
analyzer 24 only sends the power of frequency bins of the
highest N peaks as an output, where N is some
predetermlned number.

Returning to Figure 2, the power spectrum, as

30 shown in Figure 5, is received by dimension reducer 26.
The power spebt:uh may be represented by a vector with a
number of dimensions equal to the total number of possible
frequencies. in the preferred embodiment, however, most
of the frequencies have a power value of zero, since only

35 the power values at the local maxima are preserved at
spectral analyzer 24. For example, if there are 512
frequencies bins, of which only a minority of frequencies

" have non-zero values, a.512 dimensional vector is of a




5 approxi mati on of t he Fourler transform The Fouri er transformof a

functi YPPA13 5. as follows: [err] where H(f) is a funcPFUNSHYO3 e
frequency, f. Standard FFTs suffer from peak reducti on and | eakage probl ens
when 5 confronted with non-integer frequencies. GCenerally, the spectral
power in.one "bin," a frequency intervaB~ contains |eakage from frequency
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particul ar §pggredfuensionality. |

Dimension reducer 26 performs fuzzification on

10 the received power spectrum to reduce the dimension,
specifically,-by applying overlapping fuzzification
functions to the spectrum. FFTs have a natural bias
toward lower frequencies. Thus, a. fuzzification functlon
is needed which is wider at higher frequencies to undo

1s that natural bias.  Fuzzification is accomplished by
convolution of the power spectrum with a set of
nonsymetrical functions as ehown in Figure 6. In a
preferred embodiment, fuzzification function 60 is wedge
shaped, having a unit height and centered at a

20 characterizing frequency of 2", where n is an integer.

The range of n variee depending on the range of
frequenciee that the system receives. First leg 62 of
fuzzification function extends between frequencies 27! and
2" while second leg 64 extends between freqguencies 2® and

- 25 2™l More specifically, fuzzification function is defined
between the frequencies of 2"‘1 and 2" as:

x-21
zn_zn'-i

y=

and is defined between the frequencies of 2" and 201 ag:

Xx-201

y== 2m1..2'n )

where x is the frequency and y is the height of sa:.d
function. . :

30 Fuzzificat:.on functions 60 have overlapping
' reg;ons 62 where they are non-zero, as shown in Figure 7.
Each fuzzification function 60 determines how much energy



f, the Fourier transform H(f), of-the function is conputed. For exanple, :
if a predom nant frequency exists at 32.0 Hz, and the Fourler tr Lorn1for
32.0 Hz iwooskepused, H(32.0), the distribution will resentd] éﬁg‘g

di stribution shown in Figure 3B. Such a distributioon has a peak anpl i tude
42 of A decibels-at the frequency for whichh the Fourier transform was '
conputed. |f, however, the predom nant fréquency exists at 32.2 .Hz instead

of 32.0 Hz, anc&é h,e‘eFQJ.\r g._?g_ gggaﬁégé%qé wiidH ﬁ%@l&%ﬁdsbois@entei&d?. one

hertz wi de bin centered

detern1ne wer
power “di st ri but¥toiags sor PYcRpP¥CINEion s19n % P&i‘gﬁgﬁ Pn&?éﬁ?gg’ggc °£r ‘
di stribution ofedrictiich 30 bgSthelgholes o endrigyh ataeachadiscoetéon in peak
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simlar tost he functfiomh yidlbreduce sthavdinensionad ity ﬁ/ﬁuﬂ!er\é%%\‘—?r ¥ cept
the central qrd'ﬂ&'% sCENFRE 28 Plattior fithctibhUh cbPPedPorads egk ciieon
caused by conputing the Fourier tran ?orn1a
component of the output vector. Data after the
dimenszon reduction process has the additional effect of
being less redundant than in- the frequency form. For
10 example, at higher frequencies, two adjacent bins have
similar wavelengths, thereby having redundant information.
on the other hand, at lower frequencies, the information
contained in two adjacent fregquencies will represent very
different wavelengths. The asymmetric fuzzification
15 functions group together more high frequency bins than
corresponding low frequency bins. The vector data
" produced by dimension reducer 26 also has a property that
is desirable for input to neural networks, namely that the
vector ‘undergoes small displacements in the vector space
20 when there are small changes in energy at a particular
frequency or for small frequency shifts.

_ _ Neural network 28 is a classification type
neural network. Neural network 28 receives as input the
vector produced by dimension reducer 26 and transmits as

25 output a classification designator indicative of the class

) of -he object associated with the input vector. A

preferred embodiment of a classification neural network
for use with the present invention is described in '
commonly-assigned U.S. patent application entitled "Facet

30 Classification Neural Network," filed on December 8, 1993
and now U.S. Patent Application Serial Number 08/163,825.

| Before neural network 28 can perform its task of

classification, it must be trained such that its synaptic
weights are appropriately set for proper classification.

35 Training module 30 receives training data, which includes
example sound wave data as well as correct classification
of the example data. Training data are vectors
representing sounds over a predetermined period of time.



32.0 Hz when the predom nant frequency was at 32.2 Hz 5 results in a
cent-r aWORSER4Ehi ch i s not indicative of the actual powePCHHSHSOBBst s at

that particular frequency. Spectral analyzer 24 does not use a w ndow ng
function thereby avoiding the peak redigd on tendencies of data w ndow ng.
“Instead, spectral analyzer 24 first 10 ~perforns a Fast Fourier Transform
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| | the fraining data for examples of sounds which are similar
but which ‘belong to opposite classes. A method of
training the preferred neural network is described in the
aforementioned U.S. patent application entitled "Facet

15 Classification Neural Network." These identified examples
provide potential elements to be included in the final
classification model of neural network 28, as embodied in
the synaptic weights. Once all potential model elements
are identified, training module 30 prunes the network, by

20 allowing the model elements to compete to be included in
the final model. The smallest necessary and sufficient
subset of model elements is selected for inclusion. A
preferred pruning method is also described in the "Facet
Classification Neural Network" patent application.

25 | Neural network 28 produces a class designator
for each vector received from dimension reducer 26. -Each
vector represents a predetermined time interval, typically

. a short time interval to allow correét classification of
the object generating the sound. Thus, in the . _

30 aforementioned embodiment wherein the predeterﬁined time
interval is 0.1 seconds, neural network 28 produces a
class designator every 0.1 seconds for each sound sample.
Neural network 28 classifies each vector independently.
Therefore, it is possible that not all of the

35  classifications will be uniform for a stream of vectors
representing the many samples which make up a single
vehicle’s audio signature. Temporal integrator 34 is a
post-processor which analyzes the strean of class



within a bin depends on the degree of accuracy desired. For higher
accuracy, frequencies analyzed are separated by a smaller _interval ., ‘For
exanpl e, wo®s2m® accuracy than 30 the aforementioned FTUPNIH®,val s,
spectral anal yzer coul d anal yze frequencies at smaller intervals, such as
100 signals in 0.01 Hz intervals. Spectral analyzer 24 then selects the
signal with the maxi num power value and sats all other values to 35
zero. The sel ected maxi mum power value is substituted foqr ,the o%er val ue
sAERES
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as shown in FigystesiA IrSpepreferzed embodimentoitemporalydakegrateri 34

roblemb bsti i : ,
EB, mhiChgi:ucégdﬂég'éﬂé1ﬁﬂiﬂér ofPRY&Es YAl e fdn Hasidtators ihowachn Figure

t her ef or e. bet t%f‘s%p'ﬁ%ﬁt [},&,@;eg ?hggaér;’g\gﬁjéaﬁncﬁ/ﬂ%mﬁr} th'gsglj'gigggi‘m
~ designators being the class of the vehicle. :
Referring to Figures 8, 8A and 8B, a hardware
_ implementation of the present invention will be described.
10 While a hardware implementation is described, those '
skilled in the art will readily recognize that the present
invention can be implemented'uéing hardware, software, or
any combination thereof. Further, while a digital
implementation is described, a continuous time
15 implementation could also be used by utilizing
corresponding analog components. Microphone: 100 -
transduces sound waves into an analog electrical signal.
Analog to digital converter 102 receives the analog signal
and converts it to a digital signal. The digital signal
20 is sent in parallel to a plurality of filters 104.
Filters 104 fuzzify the digital signal over particular
frequencies, by applying fuzzification functions to the
signal. In one embodiment, filters 104 are a plurality of
finite impulse response (FIR) filters. Each FIR filter
25  characterizes the signal over different frequency bands by
' applying a transfer function defined by a characterizing
frequency. The outputs of all FIR filters perform the
function of fuzzifying the ofiginal digital signal.
Preferabiy, FIR filters apply overlapping wedge-shaped
30 waveforms to the signal, the characterizing frequency of
each waveform being A, where A represents the frequency of
the peak in the transfer function, each filter having a
different value for A. The wedge-shaped_whveforms are
defined between the frequencies of B and A as: '

Xx-B

V=35

35 and defined between the freguencies of A and C as:



for the | ower power value at 32.0 Hz. Thus, spectral analyzer 24 selects

t he mawgospepawer value, H(f), within 10 the bin to perusssmai7st he bin.
The out put of spectral analyzer 24 is a power spectrum or power spectral
density, of the input function show ng the amount of energy present at each
particul ar frequency bin. Because the +¥®ut signal, the sound 15

- pressure levels, was-digitized at A/D converter 20, the output of spectral
anal yzer 24 is a stréamof discrete poingsarepresenting the power at each
frequency, as shown in Figure 5. RatR€T"BOEn transmitting as an output the
power at all frequencies, spectral analyzer.24 can be 20 configured to

t put onl ' i es s d | |'s, thereby ,
Faci 11 tati noReFaCH, 18 tne FRUFIREP 4o 3o RHE nEAGRE LE LY Tl
anal yzer 24tzangfernfunetionondion fnaquencies abave 6i aAndRelew dbw put if -

the power inRgtRerbin is at a |ocal maxi ma, such as 25 | ocal maxi ma
bower of frequency bi REFSFELIE 1R FHabEe\0hs  Bomaks Aebht it afidian \ T,
sone pisedet efnandigitadbly . implenented ne-tApgFIR £iltex LevehowpectThen as 30
shown in Fi gueBul: ££5m €6E XAS donvErtelS'i8Nrbd1¢64 Bf a first of n
storage registers 110; each of which act as delays as the
data is shifted to subsequent storage registers. The
number of storage registers, n, depends on.the resolution
10 required'to get sufficient approximation_of the wavefornm
applied by the filter. For an embodiment where filters 104
apply the aforementioned wedge-shaped functions, a 30 to
40-tap FIR filter is a typical range of storage registers
chosen. . Thirty to 40 storage registe:s-ﬁre chosen because
15 they result in about a one percent-érfor'in approximating
the ideal freguency response of the wedge-shaped '
functions. The more storage registers that are used, the
better the FIR filter will'apprdxinate the ideal freguency
responée. Lower frequency bands also require more storage
20 elements to achieve the same level of approximation error.
As data bits are shifted to subsequent storage registers,
each data bit is multiplied by a weighting coefficient 112
corresponding to a storage regisfer at multiplier 114. '
The products are summed at summer 116 to provide the
25  filter output. Thus, the output of a FIR filter is a
linear time convolution of the weighting coefficients and
the digital input signal. Alternatively, filters 104 may
be infinite impulse response (IIR)-filtérs which utilize
feedback'paths to reduce the number of muitipliers and
30  storage locations required, or may be implemented using
comparable analog type components. |
Referring back to Figure 8, the output of each
filter 104 is received by a corresponding root mean square
(RMS) converter 106. Each RMS converter 106 approximates
35 the amount of power in the frequencies received from the '
corresponding filter. Figure 8B shows a more detailed



The power spectrun1nay be represented by a vector with a nunber of

di rensions equal to the total nunber of. possible frequencies. |n the

pr ef err ed™ H%S?ﬁ‘?nant, however, nost of t he frequenci es ha\?grﬁ"m?s val ue
of zero, since only 35 - the power values at the |ocal maxinma are
preserved at spectral analyzer 24. For exanple, if there are 512
frequenci es bins, of which only a ninoritﬁ'6T frequenci es have non-zero

val ues, a 512 o than S

r equi red f or tﬁé%‘h qu a fﬁ%%ﬁdﬁwtdgﬁ ﬂ#hﬁén‘mﬁ};g 3’ esirable to

reduce the di n8heragel regisfienshd2fcreceivecdatianbits fram dheect ed nature of

“the ssound dat a t JYphed 5 I 6g a¥f disti nct
co&%ﬁ@iﬁ’%"i‘iﬂ:& Phe hhifa bits ' &Fé dlﬁm

(L eauoncl o et Bl 344 i, s b A R a3 bl 3 1
a | owner QSnensoﬁnemetgum[bﬂnsqnamesrdéutakeﬁ6ape120;rprdvtdﬁdﬁ ¢hiei on on 10
'gggl ;fﬁg' ‘ésgrfaﬁﬁ 'iz‘*.%n. Qx[Je‘i-@ ©1b8S WHE Ribber B¥ TapsSaby: DY
orage registers, determines the time constant, which
determines the interval over which events affect the

. . output of converter 106. In an alternative enbodiment, a

‘10 digital to anaiog converter can convert the output of ’

- filters 104 to an analog signal, and RMS converter 106 can
be implemented using analog componenté. The output of RMS
converters 106 are sent to the neural network, which then -
produces a classification designator for the object.

15 .'. Although a preferred embodimént has been
illustrated and described'fOr the present invention; it
will be appfeciated by those of ordinéry skill in the art
that any method or apparatus which is calculated to

~ achieve this same purpose may be substituted for the

20 specific configuration§ and steps shown. It is intended
that this covers any adaptations or variations of the
present invention. Thérefore, it is manifestly intended
that this invention be limited only by the appended claims
‘and the eguivalents thereof.



functions to the spectrum FFTs have a natural bias toward {ower

f r equeRgGh G§a94fUS, a fuzzification function i's needed WRcpisshsoatsder at
hi gher frequencies to undo 15 that natural bias. Fuzzification-is

acconpl i shed by convol ution of the power specirum w th a set of
nonsynetrical functions as shown in Figyge 6. I odlnent
fuzzification function 60 is wedge shaped, havuﬂ mim E mrg
centered at wha¥) is cladmedt dsiszi ng frequency of { erer

i nteger. The range of n varies depending on the range of frequenC|es t hat
the systemreceives. Fi r st | eg 62 of fuzzif ication function -extends

bet ween frequencies. [érr]Aaﬁ&‘fé??]aVW#?eF%ﬂ§§§ﬁ¥91ﬁ}QE453§F89d§°5etmeen

frequenci es draddiﬁymi925n obgect. eddteing asniridaldaid fsyatemi cati on function
i s defined betmgﬁﬁ he frequencies of [err] and [err] as: [err] and is :
“defined bet 8w é fequenC|es of [err] and [err] as: [err] where x is the
frequensy and y is t hanhshghegotosdigitahrdnyertss; .

Fuzzification funct | OR3afl PEYCcONGELEIIY Ehurd vaive @Mﬁe&aﬂaﬂcare
non-zero, as shown in Figure 7. Each fuzzification f % i on: 60 detern1nes
how nuch enékgyconvertin analog sound wave aracter

associated with said object, said sound wave
characteristics measured from a time interval, into a
10 power spectrun,
_ means for applying a fuzzification function to
said power spectrum to create a vector of a predetermined
dimension, said vector characterizing said power spectrum;

and :
15 a neural network tor_receivingisaid vector and
ror_producing a classification designator based on said

vector.

2. The passive audio classification system |
according to claim. 1, further comprising processor means
- 20 for analyzing classification designators produced by said
neural network over a plurality of said tims intervals and
for generating a signal indicative of the class of said
object.

3. The passive audio classification system
25 according to claim 1 further comprising measuring means
for measuring sound wave characteristics of said sound
emitted from said object. '

4. The passive audio classification system .
according to claim 1, wherein said spectral analyzer only
30 outputs predominant frequencies in the power spectrum.

5. The passive audio classification system

according to claim 1, wherein said means for applying said
fuzzification function applies a predetermined number of



-9- is "near" the frequency at which function 60 is centered. It does so by
convolution, or by nultiplying the height of function 60 by the anount of
energy at W®9%4135crete frequency and summing the products] 9B 78f n 5
functions wll reducer”"mm'~ [ at y of the vector to n dinensions.
Fuzzification functio m"mﬂmg "L the nth conponent of the output
vector. Data after the *di fensi oh reducti orys=ocess has the additiona
effect of being less redundant than in the frequency form For. 10

exanpl e, at hi gbverlapping @éymetnicawedgenshaped functions te sadde| engt hs,
thereby having pgger depdctriin v idreateCsaldcpPrédetermitibd HineRddonal
frequencies, the information contained in two adjacent frequencies wll
repr esent very'ﬁ??ggFEnt wavel engt hs. The asymmetric fuzzificati-on 15
functions group together nore high frequency bins than correspondi ng | ow

fredquency bins. The vector %ﬁ*&ggygegugyodé%%i?%%&@mal so has

a property that is desirabl e to_neura 'y that the
vector und8r goedceordingiitaiciadme fvswharetn each AL Sl overlapping
' ‘asymmetric wedge shaped functions has a unit height, is

_ centered at a frequency of 2" and is defined between the
frequencies ' of 27! and 2" as:

x-21
28281

y=

and is defined between the frequencies of 2 and 2°*! as:

' x-221
Ve gmigs
10 where x is the freguency and y is the height of said
function. -

~ 7. A method of classifying an object emitting
sound, said method comprising the steps of: '
' receiving analog sound wave characteristics
15 associated with said object, said sound wave
characteristics from a time interval;
converting said analog sound wave
) characteristics to digital sound wave characteristics;
' ' ' . converting said digital sound wave
20 characteristics to a powér spectrun;

' applying a fuzzification function to said power
spéctrum to create a vector of a predetermined dimension
for characterizing said powéer spectrum; and

producing a class designator at a neural network
25 based on said vector.

8. The method of classifying an object emitting
sound according to claim 7,' further comprisihg' the steps
of analyzing classification designators produced by said
neural network for a plurality of said time intervals and



20 when there—are—Sﬂaff—thanges~+n energy at a particular frequency or
forsﬂmwdmﬂnnguenc ral. network 28 is a cl aspctsssio3ers t ype
neur al networKk. mﬂ ”3' jﬂ ecei ves as input the vector produced by

di mensi on reduce as 25. ° output a classification
desi ghat or indicative of the cl ass of =hé=object associated with the input
vector. A preferred enbodi ment of cl assification neural tmnrk for use

with the prmqmnh signal gindicakive rPfC(ﬁhﬂ)Hlﬁsgsgfgﬁe U.S. patent

_'app|lcatICN1dﬁ;§dU .ed "Facet 30 - Classification Neural Network," filed on
Decenber 8, 1993 dnd now U.S. Patent Application Serial Nunmber 08/163, 825.
Before neural network 28 can performits task of classification, it nust be

trai ned such that its9synEheinetkodint chassifying am objess: emitting per
classificat 'sfbﬁnﬁiccor&mgnwgcmlaa ?vﬂ:éﬁﬁf?* We stel bﬁgaﬂalzziﬁ@' ch

exanpl & dat SepeiEiPAEian, deafunating, tron i Suratisy gioneiditing © 1"
predetern1nd¢tpcwemd obmprt!es the ldteps of.
comparing the number of class designators in
" each different class; and ' . -
' determining which said class hee the greatest
10 nunber of class designators.

10. The method of classifying an object
eﬂitting sound according to claim 7, further comprising
the step of minimizing peak reduction when converting
digital sound characteristics to said power spectrum.

5 11. The method of classifying an object
emitting sound according to claim 10, wherein minimizing
peak reduction cempriees the steps of:

dividing a trequency bin into a predetermined
nunber of frequency intervals; : :

20 ' converting said digital sound characteristics at
each of said predetermined freguency intervels to said

power spectrum, each converted freguency having a_central'
peak; o | - o
' analyzing said series of converted signals to
25 determine which converted signal has the highest central
- peak; and _ _ : _
:  assigning a power value from said signal with
the highest central peak for said power value of said
freguency bin. -

30 _ 12. The method of classifying an object

'~ emitting sound according to claim 7, wherein applying
fuzzification functions to said power spectrum comprises
the steps of: | |



The predeterm ned peri od i's chosen such that the frequency characteristics

of the sound are fair ‘wi |l vary accordi ng to each

appl i cat i KO HIHne nt of classifying vehicles, aPETNESMAT8 G of
0.15 second per samm)ﬂﬂﬁ ﬂuu“m t he period chosen is too short, the
sound sanple will not nf or ﬁa,t_i on to provide a si gnature of
the vehicle. If the period is too Iong on 't he ot her hand, the conponent
frequenci es may change. igeft °Er g@u}g} ﬁﬂuxlﬁ)litf %ﬂﬁi&@cﬁtion
effects. Traini ng rrgdul e 30 t en searc es the al n| n a for exanpl es
of sounds whi chTUPELLPRS | CYen A mg@n"gefﬁﬁg“f’ﬂc RS &. A net hod

of .training thecpnebluted result, mmshidsfdnetiomecbnm@aaﬁ @ enenti oned
uU. S. patent app f%&'ﬁ Classification Neural-
"Net wor k. ' Thesel':ill1 %Q%E' ﬁ%%g %%w e potential elenents to be

incl'uded i A the fi naI cl Afskgning eachpgaidoronveluted gremilt 1o ay
enbodi ed in thecéfﬁéﬁd»ﬂdi&ﬁ; WHinporientc ol kapat ¢eeter. nodel el enent s are
identified, traihing nodule 30 prunes the network, by 20 al I owi ng the

nodel el enents to conpete to be included in the fi nal nodel. The small est
necessary and sufficient subset of nodel elenents is selected for
inclusion. A preferred pruning nethod is also described in the "Facet



Cl assification Neural Network" patent application. 25 Neur al
network 28 produces a class designator for each vector received from

di mensi on WeaseMi3 26. - Each vector represents a predeterm T8
interval, typically a short tine interval to allow correct classification
of .the object generating the sound. _TIILQ, in the 30 aforenentioned
enbodi nent wherein the predetermned tine interval is 0.1 seconds, neural
network 28 produces a class designator every 0.1 seconds for each sound
sanpl e. Neural network 28 classifies each vector independently Therefore,
it is possible that not all of the 35 classifications will be uniformfor
a stream of vectors representing the many sanples which make up a single
vehicle's audio signature. Tenporal integrator 34 is a post-processor

whi ch anal yzes the stream of cl ass -11- d ators from neural network
28. Tenporal integrator 34 conbineg,the resu er time and creates an
integrated result which is the put! o re%stem In a preferred
enbodi ment, tenporal integrator /4 ' % :
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function of fuzzifying the original digital signal. Preferably, FIRfilters o

apply overl appi ng wedge- shaped 30 waveforns to the signal, the

char act er WO %29 equency of each.wavef orm being A, where A?¢¥QW%%%H?S t he
_frequency of the peak in the transfe Jction, each filter having a
different value for A The wedge- shaped veforns are defined between the
frequencies of B and as: [err] 35 and defined between the. frequencies

of A and C as: -1 [err] where x is the frequency and y is the height
of . the transfer functldonj For frequencies above C and below B, x is zero.
Referring to Figure ., f nore detailed diagramb5 of adigitally .
i npl.emented n-tap FIRfi|Jter is shown. - The output fromthe A/ D gqnverter
is received by a firgD of n storage regi steng 110, each of AN t as
del ays as the data i%gSh fted rs. The\nunber
of storage registers,yjn, | depe
. [ _
o
o
<
=2
Q
w
< t(SEC)
! ®
Fig. 3A
~ A
m .
=
=
=
O
o.
e
£
]
32.0
FREQUENCY (Hz)
_ - _ .
—~ A
o
K=
0
i
=
o
o
=
!
32.0 _
FREQUENCY (Hz)

Fig. 3C



10 required to get sufficient approxi-mation of the waveform applied by
the filter. For an enbodi nent where filters 104 apply t he af orenenti oned

wedge- shapwa9s29#83 i ons, a 30 to 40-tap FIR filt is a typPCRUSPHIT of
istorage registers chosen. Thirty to 40 stora ﬁlglsters are chosen

- because 15 they result in about a one percent error in approxinmting the
i deal ‘frequency response of the wedge-shaped functions. The nore storage
registers that are used, the better the FIRfilter will approximte the
ideal frequency response. Lower frequency bands al so require nore storage
20 el ements to achieve the sane | evel of approxinmation error. As data

bits. are shifted to subseqyent storage registers, each data bit is

mul tiplied by a weighting doefficient 112 corresponding to a storage
register at multiplier 114.} The products are sumed at sumer 116 to
provi de the 25 filter output. Thus, the output of a FIRfilter is a

| i near time convol ution &=t he meighting coefficients and the digital input
signal. Alternatively,~filtlers 104 may be infinite inpul se response (IIR)
filters which utilizeﬁgeeanck paths to reduce the nunber of nultipliers
and 30 storage | ocgttong required, or may be inplenmented using

conpar abl e anal og typ{ﬁconronents. Referring back to Figure 8, the output
of each - S : A _

O
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filter 104 is received by a correspondi ng root nmean square (RVS) converter

106. Each RMS converter 106 approxi nmates 35 t he anobunt of power in the
frequenciwe 9sremgs ved from the correspondi ng 1;$IJ§:) Fi gur ®CE SEHWEB 2 nore
detail ed -13- diagramof a digital enbodi t“Yof RMS converters 106.

Storage registers 120 receive data bits fromthe corresponding filter. The
data bits are squared at nultiplier 122 and sunmed at sumrer 124. The
square root 5 of the sum-of squares is taken at 126, providing the output
of RMS converterllOG. The nunber of taps, or storage registers, determn nes
the time constanf, which detérmnes the intervafxover which events affect

- the output of copverter 106. . In an alternativ&{&rbodi nent, a 10 digital
to anal og converfer can convert the outputyof ¥{{1%ers 104 to an anal og
si gnal, and @/5 converter 106 can be inpl gpenjed Using anal og conponents.
The-out put 0@ RMS gapverters 106 are sentyf®xth¢ Neural network, which then
produces a cg@iss| M dagi on designator for % n& obj ecl, 1%
Al t hough a anfek’f edq etbodi nent gbas been¥ x X%
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illustrated and described for the present invention, it will be appreciated
by those of ordinary skill in the art that any nethod or apparatus which is
- cal cul at edWO®Sa¥M1Beve thi s sanme purpose may be substit ut ed PCEUSOHES1ZR)
"specific configurations and steps shown h is intended that this covers
any adaptations or variations of the pr@s/e invention. Therefore, it is
mani festly intended that this invention be limted only by the appended
clainms and the equival ents thereof. What is clained is: 1. A passive
audi o classificati on system for classifying an object emtting sound, said .
system conpri si ng: an analog to digital converter; neans for
converting sound vlave characteristics for converting anal og sound wave
characteristics agsociated with said object, said sound wave
characteristics ndasured froma time interval, into a 10 power spectrum
means for appﬁi ng a fuzzification function to

60 60 '

20 01 02 03 od
| ' FREQUENCY (dB)

Fig. 7



sai d power spectrumto create a vector of a predeterm ned di nension, said

vector characterizing said power spectrum and 15

a neural -

net wor k f JWO982MIYi ng sai d vector and for producing a cl as®¥CTUSEH3ET

desi gnator based on said vector. 2. Thi p@sive audio classification system

~according to claim1,

further conprising processor

means 20

for anal yzi ng

classification designators produced by said neural

of said tine intervals and for generatin

a signal

network over a plurality
i ndi cative .of the class

of said object.

3. The passive audio clasZification system 25

accordi

to claim1 further conprising neasuringend@ans for

measuri ng sound wave

characteristics of said sound emtted
-audi o classification systemaccording to
anal yzer only 30

5. The passive audio classification syste

said object. 4. The passive
|l aim 1, wherein said spectral®m

out puts predom nant fiHquencies in the power spectr

according to claim1l, wherein

sai d- neans for appU&Lﬂg_saLd_iuZZLIAJEﬂJ1ﬂ\iiEEiiiHLjuuﬂJJﬁi_a_QLsfeteﬁﬁined
nunber of ' : . _ o
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over | appi ng asymetri c wedge -shaped functions to said power spectrumto
create said predeterm ned di nensional vector. 6. The passive audio

cl assi fi caM 413t em 5 accordi ng tgbcl im5, wherein edRIT/ESOSOITY
over | appi ng asymetri c wedge shaped fu {i@ns has a unit hei ght, is
centered at a frequency of_[err] and is defined between the frequencies of
[err] and [err] as: [err]tand js_defi,gaf beeh—t he frequencies of [err]
and [err] as: 10 wheret x is] the fjeqlepey apd s the height of said
function. 7. A nmethod of tlassfjfyinggan opject-emting sound, said nethod

conprising the steps of: teceiling amnal pggspund waye characteristics 15
associated with said objet{, gpd)sound vvé characteristics froma tine
interval ; converting said' ngfqg souhd Welde jcharactgristics to digital
sound wave characteristic sonyefti hg p&d|di gital \sound wave 20
characteristics to a powey sE% rym [T S
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applying a fuzzification function to said power spectrumto create a vector
of a predeterm ned di nension for .characterizing said power spectrum and
produci ng WO85/22483 desi gnator at a neur Jg wor k 25 basBET/HRSONT
vector. 8. The nethod of classifying an ct emtting sound according to
claim?7, further conprising the steps of anal yzing classification

deS|gnators produced by Sajd-neinal Mo o+—a plurality of said tine
i nterval s and -16- tgenefating a|si gapN\ ndi cative of the class of said
object. 9. The nethod!of classifyipg anfobgect eyitting sound according to
claim8, wherein the étep pf _analyy zTTmg Q| assi\fi cati on designators from
a plurality of said tin rﬁ:ervalls conpri s€s the \steps of: conmparing the
nunber of class desighdt gguj ) each different clakgs; and determi ning \Mﬁh
sai d cl ass has the gré testl—l( nunber of class designators. 0
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10. The net hod of classifying an object emtting sound accordiggrgo claim
7, further conprising the step of mnimzing peak reduction W 2
~digital sound act eri st iveRLs BT BicUA PREHERIUREANIZHTION1 5 ,
' The nethod of *caSsifying an obj et Hemptorl Bygmisound according to claim 10,
-wher ei rmmRmemm [APBISIGAE[MPUB _ UNBER THEP ATENTSCOOPERATION TREATY (PCT)
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(57) Abstract

A system and method for classifying vehicles based on the sound 20~ &ngg::g#e
waves produced by the vehicles are disclosed. Analog sound pressure levels
are input into the system and converted to digital sound pressure levels by :
an analog to digital converter (22). A spectral analyzer (24) converts the Y
digital sound pressute levels into a power spectrum. Fuzzification functions 22 AD
are applied to the power spectrum by a dimension reducer (26) to produce CONVERTER
' characterizing vector that characterizes the power spectrum. A neural

network (28) then classifies the vehicle based on the characterizing vector.
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convol uting each of a plurality of fuzzification functions over a range of
frequencies to produce a convoluted result, each said function centered at
a characterizing frequency; and 5 assi gni ng each sald convoluted
result to a correspondlng conponent of said vector. -
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