
VEHICLE CLASSIFICATION SYSTEM USING A PASSIVE AUDIO INPUT TO A NEURAL
NETWORK Field of the Invention This invention relates generally to 5
classification of objects based on sound.  More specifically, this
invention relates to a system relying on passive sound for identifying the
class of objects, particularly vehicles, using a classification neural
network to generate class designators. 10                    Background 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
aspect 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-ground 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



classify vehicles. More recent traffic sensor systems use 25    radar,
active audio, such as ultrasound beams, or video to detect or classify
vehicles. These systems can not only be used as 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 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    -2- patterns used to train
the networks during a training phase.  Neural networks are systems that are
deliberately constructed to make use of some of the organizational
principles from the human brain. Neural networks use a 5    highly parallel
set of connections of simple computational 



devices to produce a classification of an input pattern. While neural
networks originally were implemented using hardware, software
implementations are now very common. The overall behavior of a neural
network is determined by 10    the structure and strengths of
the-adjustable 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 the
training phase, the network is conditioned to respond uniquely to a
particular input signal to provide a desired output signal. Neural networks
are particularly suited for use in systems 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 classifying 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 spectrum to create a vector of
predetermined dimension that characterizes the power spectrum. A neural
network then classifies the object based on the 35    characterizing
vector.    -3- Brief Description of the Drawings The present invention will
be more fully described with reference to the accompanying drawings wherein
like reference numerals identify corresponding 5   components, and: Figure
1 shows a typical roadway scene where a microphone measures sound waves
produces by vehicles to be classified; Figure 2 is a block diagram showing
the system 10   of the present invention; Figure 3A shows sound pressure
levels input into the system; 



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 finite impulse response filter; and Figure 8B shows
a schematic diagram of a root mean square converter. Detailed Description
of the Preferred Embodiment 30              In the following detailed
description of the preferred embodiment, reference is made to the
accompanying drawings 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 



and structural changes may be made without departing from the scope of the
present invention.    -4- Referring to Figure 1, a typical roadway scene is
shown. Car 2 and truck 4 are examples of different types of vehicles that
travel over roadway 6. As vehicles pass structure 8, they create sound
waves, which are 5   physical disturbance patterns in the air.  The
magnitude of sound waves may be expressed in different ways, such as
displacement, particle velocity or pressure, although the preferred
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
transduces the sound energy into electrical energy.  Microphone 10 produces
an analog signal based on sound pressure levels 



as measured by microphone 10 as a function of time. The analog signal is
sent to the classification 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 system, to complement the video system, 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 (FFT). The FFT is a digital   



5 approximation of the Fourier transform. The Fourier transform of a
function h(t) is as follows: [err] where H(f) is a function of the
frequency, f. Standard 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, contains leakage from frequency
components from other bins. Data windowing is typically used to attempt to
solve the leakage and peak reduction problems, but still 10    has side
effects of its own.  Each data segment 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 frequency 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 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, however, a distribution
similar to the    -6- distribution shown in Figure 3B would result, except
the central peak would be centered at 32.2 Hz.  Thus, the peak reduction
caused by computing the Fourier transform at 



32.0 Hz when the predominant frequency was at 32.2 Hz 5   results in a
central peak which is not indicative of the actual power that exists at
that particular frequency. Spectral analyzer 24 does not use a windowing
function thereby avoiding the peak reduction tendencies of data windowing.
Instead, 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
frequency 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 analyzes
the FFT at each discrete 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 accuracy 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 frequencies at smaller intervals, such as
100 signals in 0.01 Hz intervals. Spectral analyzer 24 then selects the
signal with the maximum 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 frequency within
the    -7- bin centered at 32.0 Hz is 32.2 Hz. The FFT of the
characterizing frequency of the bin, 32.0 Hz, suffers from peak reduction,
as shown in Figure 4A.  Spectral analyzer 24 avoids the peak reduction
problem by substituting the 5    power value of 32.2 Hz, as shown in Figure
4B, which is closer to the predominant frequency within the bin and
therefore better approximates the power within the bin, 



for the lower power value at 32.0 Hz. Thus, spectral analyzer 24 selects
the maximum power value, H(f), within 10    the bin to represent 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, was digitized 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 frequencies, spectral analyzer 24 can be 20    configured to
output only predominant frequencies in the sound pressure levels, thereby
facilitating classification of the objects. In one embodiment, spectral
analyzer 24 only sends the power from the frequency 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 predetermined number. Returning to Figure 2, the power spectrum, as 30
shown in Figure 5, is received by dimension reducer 26. 



The power spectrum 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    -8- higher dimension than is
required for the amount of information provided.  Thus, it is desirable to
reduce the dimensionality of the vector according to the expected nature of
the sound data. Sound data with a typically 5    large number of distinct
frequencies may require a higher dimensionality while sound data with a
smaller number of distinct frequencies can be represented by a vector with
a lower dimensionality. 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 function is needed which is wider at
higher frequencies to undo 15   that natural bias.  Fuzzification is
accomplished by convolution of the power spectrum with a set of
nonsymetrical functions as shown 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 [err], where n is an
integer. The range of n varies depending on the range of frequencies that
the system receives.  First leg 62 of fuzzif ication function extends
between frequencies [err] and [err] while second leg 64 extends between
frequencies [err] and 25   [err]. More specifically, fuzzification function
is defined between the frequencies of [err] and [err] as: [err] and is
defined between the frequencies of [err] and [err] as: [err] where x is the
frequency and y is the height of said function. 30
Fuzzification functions 60 have overlapping regions 62 where they are
non-zero, as shown in Figure 7. Each fuzzification function 60 determines
how much energy 



-9- is "near" the frequency at which function 60 is centered. It does so by
convolution, or by multiplying the height of function 60 by the amount of
energy at each discrete frequency and summing the products. The set of n 5
functions will reduce the dimensionality of the vector to n dimensions.
Fuzzification function n corresponds to the nth component of the output
vector. Data after the dimension 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 frequencies 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.    -10- 



The predetermined period is chosen such that the frequency characteristics
of the sound are fairly constant, which will vary according to each
application.  In one embodiment of classifying vehicles, a time period of
0.1 5   second per sample is used.  If the period chosen is too short, the
sound sample will not contain enough information to provide a signature of
the vehicle.  If the period is too long, on the other hand, the component
frequencies may change. in mid-sample, producing 10   unpredictable
effects.  Training module 30 then searches the training 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 correct classification
of the object generating the sound. Thus, in the 30   aforementioned
embodiment wherein the predetermined 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 stream of class    -11- designators from neural network
28. Temporal integrator 34 combines the results over time and creates an
integrated result which is the output of the entire system.  In a preferred
embodiment, temporal integrator 34 



5   counts the number of classification designators in each class, the
class with the greater number of classification 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 using 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 original digital signal. Preferably, 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 waveforms are defined between the
frequencies of B and A as: [err] 35   and defined between the frequencies
of A and C as:    -12- [err] where x is the frequency and y is the height
of the transfer function.  For frequencies above C and below B, x is zero.
Referring to Figure 8A, a more detailed diagram 5    of a digitally
implemented n-tap FIR filter is shown.  The output from the A/D converter
is received by 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 waveform 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 registers are chosen
because 15    they result in about a one percent error in approximating the
ideal frequency response of the wedge-shaped functions. The more storage
registers that are used, the better the FIR filter will approximate the
ideal frequency response. 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
register 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)
filters which utilize feedback paths to reduce the number of multipliers
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    -13- diagram of a digital embodiment of RMS converters 106.
Storage registers 120 receive data bits from the corresponding filter.  The
data bits are squared at multiplier 122 and summed at summer 124.  The
square root 5   of the sum of squares is taken at 126, providing the output
of RMS converter 106.  The number of taps, or storage registers, determines
the time constant, which determines the interval over which events affect
the output of converter 106.  In an alternative embodiment, a 10   digital
to analog converter can convert the output of filters 104 to an analog
signal, and RMS converter 106 can be implemented using analog components.
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 embodiment has been 



illustrated and described for the present invention, it will be appreciated
by those of ordinary skill in the art that any method or apparatus which is
calculated to achieve this same purpose may be substituted for the 20
specific configurations and steps shown.  It is intended that this covers
any adaptations or variations of the present invention.  Therefore, it is
manifestly intended that this invention be limited only by the appended
claims and the equivalents thereof.    What is claimed is: 1. A passive
audio classification system for classifying an object emitting sound, said
system comprising: 5             an analog to digital converter; means for
converting sound wave characteristics for converting analog sound wave
characteristics associated with said object, said sound wave
characteristics measured from a time interval, into a 10   power spectrum;
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 for receiving said vector and for 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 time 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  



overlapping asymmetric wedge shaped functions to said power spectrum to
create said predetermined dimensional vector. 6. The passive audio
classification system 5    according to claim 5, wherein each of said
overlapping asymmetric wedge shaped functions has a unit height, is
centered at a frequency of [err] and is defined between the frequencies of
[err] and [err] as: [err] and is defined between the frequencies of [err]
and [err] as: 10    where x is the frequency 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 power spectrum; 



applying a fuzzification function to said power spectrum to create a vector
of a predetermined dimension for characterizing said power 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 comprising the steps of analyzing classification
designators produced by said neural network for a plurality of said time
intervals and    -16- generating a signal indicative of the class of said
object. 9. The method of classifying an object emitting sound according to
claim 8, wherein the step of analyzing 5   classification designators from
a plurality of said time intervals comprises the steps of: comparing the
number of class designators in each different class; and determining which
said class has the greatest 10   number of class designators. 



10. The method of classifying an object emitting sound according to claim
7, further comprising the step of minimizing peak reduction when converting
digital sound characteristics to said power spectrum. 15              11.
The method of classifying an object emitting sound according to claim 10,
wherein minimizing peak reduction comprises the steps of: dividing a
frequency bin into a predetermined number of frequency intervals; 20
converting said digital sound characteristics at each of said predetermined
frequency intervals to said power spectrum, each converted frequency having
a central peak; 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 frequency 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: 



convoluting 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          assigning each said convoluted
result to a corresponding component of said vector.    


