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Abstract of the Thesis
Auditory Classification of Vehicles for Scene Understanding
by

Scott Bejan Kaghaz-Garan

Master of Science
in
Computer Engineering
Stony Brook University

2013

There have been numerous studies on the classification of auditory signals. In contrast,
there have been very few studies in the implementation and classification of vehicles using
purely auditory signals. This thesis presents an implementation of auditory vehicle identi-
fication using support vector machines. It explores how granular classification can be, from
what type of vehicle to what action the vehicle is preforming. The granularity of the classi-
fication will greatly aid in auditory scene understanding. The classifications are done with
computational complexity in mind, so embedded systems can utilize the findings. A simple

averaging algorithm will also be explored that aids in classification significantly.
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Chapter 1

Introduction

In a world where vision is the predominantly used sense, the other four senses are usually
neglected with regard to how much information can be extracted. Sound is a prime example.
To demonstrate, one could close their eyes; remove the bombardment of data being processed
by the visual cortex, and focus on listening. It will soon become apparent how many sounds
are present and they are fairly simple to identify. Not only that, but it is also possible to
give an approximation of the location of these sounds. By compiling all the sounds that have
been identified with their corresponding locations, a scene can be built in the mind. The
scene can now be used to track objects, predict movements, and even build a visualization
of the environment: a plethora of information all from subtle fluctuations in air pressure
known as sound waves. This process is called auditory scene analysis [1].

When trying to tackle the problem of auditory classification many factors must be ad-
dressed: What type of sounds are to be classified? What type of environment will the
classification take place? What type of noises will be encountered while classifying? Are all
important questions. In this thesis the type of sound that will be classified is vehicle sounds.

The environment would most likely be an outdoor area with the possibility of reverberation



from surrounding objects. Finally, the noises that could be encountered would be ambient
sounds, other vehicle sounds, and humans to name a few.

The challenge of classifying a vehicle is that, as humans, it is quite difficult to differentiate
between them. The best that we can do is perhaps hear the difference between a car and a
bus. It does not come naturally to us, but by preforming tests and finding the relationships
between them, though signal processing techniques, this issue can be overcome.

Exploiting auditory identification can be useful in various applications such as security
systems, smart noise cancellation, robots, and traffic management. It is also less compu-
tationally intensive than visual processing. This leads to cheaper implementations and the
possibility of utilizing embedded systems. Imagine opening an application on a smart phone
that could detect if there was an issue with a car, just by the sound of the engine. Maybe
a traffic management system, where classifiers would manage traffic lights and though a
network choose the optimal timing for each traffic light, thus reducing traffic. Finally, both
systems could be combined creating a system that could predict if a vehicle would breakdown.
The system would then promptly respond by changing traffic patterns and alerting drivers
of the faulty vehicle, thereby reducing the possibility of an accident and traffic congestion.
The opportunities are vast and this thesis hopes to bring them a step closer.

The report is organized as follows: Chapter 1 describes the sound components from a
vehicle and the basics of machine learning. Chapter 2 introduces the theory and explanation
of support vector machines. Chapter 3 describes feature extraction and the algorithms that
are used. Chapter 4 explains how the application was implemented. Chapter 5 reveals
the experimental results for classification in various circumstances. Chapter 6 presents the

conclusions and future scope for this application.



1.1 Sound Components of a Vehicle

The acoustic signal a vehicle produces can be derived from the various components in use
during operation. For example, a car’s acoustic signal would consist of the engine, tires,
exhaust system, aerodynamic effects, and mechanical effects!. The significance of each of
these components depends on the assembly, design, speed, and type of parts used?. The main
components have been generalized in [2] where the following four noise components were
described: engine noise, tire noise, exhaust noise, and air turbulence noise. The following
will explore the first two.

In an internal combustion engine there is a weak and strong deterministic tone. The
weak tone is from the firing rate of any given cylinder, known as the cylinder fire rate which
can be defined as fy = /120, where x is the revolutions per minute (RPM) of the engine.
The strong tone is called the engine fire rate Fy = fo * p where p is the number of cylinders.

In this paper the main component that will be of interest is the engine noise. Tire noise

will be addressed and the effect of changing the driving surface will also be explored.

1.2 Basics of Machine Learning

In computing, the ability for a computer to think or make complex decisions is called artifi-
cial intelligence (AI). A subfield of Al is machine learning since the concepts and techniques
are building blocks that are used in AI. Machine learning can be characterized as the gen-
eralization of data, finding unique differences between them, and thus learning properties
about them. It can be grouped into two branches: supervised and unsupervised learning.

Supervised learning is when human intuition is used to help with the generalization of

! Axle rotation, break pads, and suspension usually have small impact on the overall acoustic signal unless
the vehicle has not been maintained correctly.
2Some cars have aftermarket parts equipped such as race exhausts/mufflers.



some data. This problem can be either classification or regression. The classification problem
consists of two or more separate types of data, or features. These features have already been
labeled by a person to indicate what parts of the data are related to each other. The result
is the ability to add new data to the model and retrieve or classify what type of data it
is consistent with. The regression problem consists of the previous classification definition
except that the output is in the form of one or more continuous variables.

Unsupervised learning takes in a set of data without any labeling or target values. This
type of technique is used to try and discover groups of similar data, called clustering. Or, to
estimate the distribution of data in a given space, called density estimation.

This report will utilize support vector machines, a supervised learning model.



Chapter 2

Support Vector Machines

A support vector machine (SVM) is a supervised machine learning model that is used to
recognize patterns in data [3]. The classification is done using an optimization algorithm.
This algorithm determines how to split the data into two separate spaces using a line. This
chapter will discuss the different cases a SVM can fall under and how training as well as

classification of data occurs.

2.1 Linear Case

The linear case is the simplest and most basic form of a SVM. In this case there are two
data sets that are completely separable, meaning the two sets can be perfectly divided with
a linear line. The line that splits both data sets is referred to as a hyperplane. In figure 2.1
a linear SVM with its hyperplane and data points can be seen. There are many places the
hyperplane could be positioned to split both data sets, but a SVM should find the optimal
location where the hyperplane will be equidistant from points that are closest to each other

that belong to different data sets. The equal space between the hyperplane is called the



margin, and the data points closest to the hyperplane are called the support vectors. In
other words a SVM is an optimization problem where we are trying to get the maximum

margin between the support vectors.

|'D Support Vectorsl
1 1

Figure 2.1: A linear, separable, support vector machine

If given a training set T’

T = {(xi,y:)|zi € Re,y; € {~1,1}} (2.1)

we would like to find the set of points x that fulfills

w-r—b=0 (2.2)

where w is the vector perpendicular to the hyperplane (normal vector), and b is a constant.

Then, the two dotted lines in figure 2.1 that the margin separates would be:

w-r—b=1 (2.3)



w-r—b=-1 (2.4)

Furthermore, it can be established that the + labeled data would be in the area w-x—b > 1
while the * labeled data would be in w-x —b < —1. The margin length can be expressed as
2

Tl Finally, it is possible to change from a maximization to a minimization problem:

1
migl <§ | w H2> Subject to: y;(w - x; —b) > 1 (2.5)

)

2.2 Non-linear Case and the Kernel Trick

When two data sets are not separable it is possible to move them into a higher dimensional
space. Moving into this space may cause the sets of data to become separable. As an
example, in figure 2.1 assume the two sets were not separable. Instead of staying in the
2-D space (x,y) we can move to the 3-D space (x,y,z) by using some function to take the
features as arguments and output them on the Z plane. These functions are called kernels.
Once in the higher dimensional plane, a linear hyperplane may be found and the optimization
problem from the previous section can be computed. After the hyperplane is found, the SVM
must return back to its original dimensionality. When this occurs the linear hyperplane in
the higher dimension may appear non-linear in the original dimension as shown in figure
2.2. This process is called the kernel trick and different kernels will produce varying results.

Table 2.1 introduces a few well known kernels.

SVM Kernels

Linear k(zi, x;) = x; - @
Polynomial k(i) = (- 2;)°
Gaussian radial basis function (RBF) | k(z;,z;) = exp(—y || z; — x; [|*), v >0

Table 2.1: Common SVM kernels
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Figure 2.2: A Non-linear, separable, support vector machine

2.3 Non-separable Case

When the kernel trick fails to make two sets of data separable the soft margin method is
introduced. In figure 2.3 the non-separable case is depicted. The soft margin method will try
to split the data sets in two as best as possible. This is done with respect to maximizing the
distance to the nearest fully split data points. To achieve this a new variable called ’slack’

is introduced &;. The slack quantifies the degree of misclassification of the data sets.
yi(w-z; —b)>1-¢& 1<i<n (2.6)

The optimization now will become a trade-off between the maximization of the margin and

minimization of the slack variables. With a linear penalty function the optimization problem



becomes:
(1 -
min (5 | w |I? +CZ&> (2.7)
™ i=1

This is subject to equation 2.6 for any ¢ = 1,...,n.

Group1
Group2
Support Vectors

Figure 2.3: Non-separable support vector machine using RBF kernel

2.4 Multi-class

So far the discussion has been about how an SVM can classify two separate data sets. In
the real world this is not very practical since there are going to be many different data sets
that one may want to classify. To deal with this multi-class problem two methods will be

introduced. The first being one versus all and the second being the SVM Tree.

2.4.1 Omne versus all

The one-versus-all approach groups data into two partitions: a specific group to be classified,

and all the other groups combined [4]. In figure 2.4, for every class to be classified N — 1



SVMs are required. The strategy for classifying is a ranking system. Each time a SVM
classifies the specific group a point is recorded. Input data must enter every SVM and be
classified and the SVM with the highest amount of points would be the output classification.

The computational time required to classify one data set would be O(N — 1).

Data In

SVM SVM SVM SVM

Ranking

Classification output

Figure 2.4: SVM Multi-class: One-versus-all structure

2.4.2 SVM Tree

The SVM tree approach groups data in a different manner. Since the basis for this method
is a tree structure the data will be placed into hierarchical groups [5]. Each group should be
created with data that has some similarities to ensure separability. Referring to figure 2.5, at
each level of the tree, the grouping expands outward; this implies the classification is moving
from more general to more specific. At the leaves of the tree the classification is complete.
This method requires N — 1 SVMs, one for each node of the tree. The computation time

would be O(log,(N —1)) since at each node we descend to, the problem is being split in half.

10



Data In

Classification output

Figure 2.5: SVM Multi-class: Tree structure
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Chapter 3

Feature Extraction

Feature extraction is the process of transforming raw auditory data into informative data,
or features. There are a number of features to choose from [6-9] but the ones described in
this chapter were used due to there relative simplicity. By using computationally simplistic
features it is viable for low performance systems to utilize this system, such as embedded

devices.

3.1 Time-domain Features

Volume of a signal is derived by taking the RMS of the amplitudes of samples in a small

window.

(3.1)

12



where, x[n] is the magnitude of time sample with index n, N is the total number of samples.

Zero crossing refers to the number of sign changes of amplitude in a window.

Zy = 0.5 % Z |sign(z[n]) — sign(z[n — 1])] (3.2)

n=1

Short time energy shows a indication of the change in amplitude over time. This is particu-

larly useful when determining a sound source instead of ambient noise.

Energy entropy displays abrupt changes in the amplitude of the audio signal

K
I == o7log,(c?) (3.4)
n=1

3.2 Frequency Spectrum Features

Spectral centroid is the center of gravity of magnitude spectrum of Short Time Fourier

Transform (STFT). It is a measure of spectral shape.

Cp="= (3.5)

13



Where, Mt[n] is magnitude of Fourier transform at frame t and frequency bin n.
Spectral rolloff is the frequency R; below which 85% of the magnitude distribution is con-

centrated.

i My[n] = 0.85 % Y M;[n] (3.6)

Spectral flux is the squared difference between normalized magnitudes of successive spectral

distributions. It is a measure of the amount of local spectral change.

N

F, = (Ni[n] = Ny [n])? (3.7)

n=1

Compactness is the measure of how dense, or compact the audio signal is.

Ci=3" 12 xlog(N, ])—?*log(NZ-[k—1]*Ni[k]*Ni[k:+1])| (3.8)

14



Chapter 4

Implementation

The system’s implementation can be split into three parts: the sound library, the feature
extraction software, and the SVM classifier. The sound library used in SVM training and
classifying was recorded at 44.1 kHz using an IPhone 4. Both the feature extraction and

SVM software have been developed using Matlab script.

4.1 Sound Library

In Table 4.1, the entire contents of the sound library can be seen. For each vehicle there were
multiple sound samples taken to create uniformity. Every sound source has had no post-
recording processing done, but some sources have been cropped to begin at a classification

event.

15



Sound Library
Volkswagen GLI 2008
Scion Tc 2007
Stony Brook University Bus
New York City Bus (hybrid and regular)
Big Rig | Car Hauler
Long Island Rail Road (LIRR)
Trains | New York City Subway (Metro)
CSX Cargo

Cars

Buses

Table 4.1: Contents of the sound library
4.2 Feature Extraction Implementation

Feature extraction is a preprocessing step in both training and classification of the SVM
subsystem. In chapter 3, eight features were introduced that will be used for audio finger-

printing.

Spectral Feature Preprocessing

Hamming }—-

Feature
Extraction

FFT ’

In4)|put signal Normalize

Output Features

Figure 4.1: Feature extraction overview

In figure 4.1, a depiction of how feature extraction was implemented is shown. We start
with a raw input data that gets normalized. Normalizing the data helps ensure that the
data is not skewed due to scaling. At this point all time-domain features are ready for
processing. Frequency Spectrum features must go though additional preprocessing. The

first being the hamming window function. This function is used to help filter frequencies

16



that are not of interest such as ambient noise. Finally, the signal is ready to enter the fast
Fourier transform (FFT). This transformation moves the data from the time-domain into

the frequency domain.

4.3 SVM Implementation

The SVM used for implementation is the SVM tree discussed in section 2.4.2. There are a
total of eight SVM classifiers used, one for each node of the tree!. The tree structure that is

used can be seen in figure 4.2.

: ]‘[/ROQ[

[
SESE

Cargo Bus Big Rig

Metro & LIRR

Figure 4.2: SVM tree implementation

Large Vehicles ]

SR

Gli Idle & Move ] [ Tc Idle & Move

/
|

\
/

Move

N
6
@

i

! The leaves are not included because they are not classifiers, they are the result of the entire classification



4.3.1 Choosing the Optimal Features

An optimal feature set is one where both classes are completely separable and corresponding
hyperplane is linear. The features chosen for each node of the SVM tree were carefully
picked by comparing all eight feature sets and calculating which ones were most separable.
In the feature extraction software described in the previous section an additional function

was created to show these results visually and arithmetically. This function can be seen in

figure 4.3.
Energy Entropy Zero Crossing

200 250

150 group2 200 group?2
150
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0 0.01 0.02 0.03 0.04 0 0.05 01 015 02
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801 801
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100
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0 . . , 0 . f |
0 . L 0.15 02 0 5000 10000 15000
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Speciral Rolloff Energy
120 200
group1 group1
100 — group2 150 group2?
80
) 100
40
50
20
0 4 STLaN 0 L . .
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BEST: 14.2291(group1) MEAN: 14.2291 WORST: 14.2291(group1) BEST: 39.3672(group1) MEAN: 39.3672 WORST: 39.3672(group1)

Figure 4.3: All possible features for root node of the SVM tree
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The figure is comprised of all eight features discussed in chapter 3. Each plot is a
density map of the data, where the x-axis is the number of data points and the y-axis is the
amplitude of the data points. Inspecting the figure shows that the compactness and zero
crossing feature sets have the lowest percent overlap in their data. The root node SVM can
now be constructed using these two feature sets. This process continues until all the nodes
in the SVM tree have been built with there optimal feature sets. In table 4.2, all the nodes

and optimum features in the SVM tree are transcribed.

SVM Tree Features
Name Node # Feature 1 Feature 2
Root 1 Zero Crossing Compactness
Cars 2 Zero Crossing Compactness
Large Vehicles 3 Energy Entropy Compactness
GLI Idle & Move 4 Energy Entropy | Spectral Centroid
Tc Idle & Move 5 Energy Entropy RMS
Trains 6 Spectral Flux Zero Crossing
Bus & Big Rig 7 Compactness | Spectral Centroid
Metro & LIRR 8 Spectral Flux | Spectral Centroid

Table 4.2: SVM tree features sets

4.3.2 COM: The Center of Mass of Data Distribution

In the natural world noise is commonplace. A bird chirping, the wind through the leaves of
a tree, or perhaps the roar of a jackhammer in the distance. All this noise affects the SVM’s
ability to classify. Fortunately, some noise occurs in small intervals and at low intensities
and can be viewed as isolated points in the data. To counteract these points a technique is
used to find the center of mass of the data distribution (COM).

COM is a very simple technique where every ten points in a data set are averaged together
and the results are used in place of the original data. This will cause the data set to become
more uniform overall and mask some of the natural noise recorded. In figure 4.4, the effects

of COM can be viewed visually. The observations that can be derived from the figure is
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has been shifted away from each other resulting in much higher accuracy.
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Chapter 5

Experiments

In this chapter we will discuss the experiments conducted on the implementation described
in the previous chapter. The experiments have been divided into two groups. One being the
cars and the other the large vehicles. This grouping was done because of the reliability of the
training data. When gathering sound samples in the field it became clear that some vehicles
could not be recorded without the presence of large background noises. These background
noises are particularly true for the large vehicles, they were recorded in New York City. The
sound samples for the cars were recorded in a suburban area where there was much less
background activity. Since the cars have the most reliable samples we will shift most of the

experimental focus towards them.

5.1 Car Experiments

Three scenarios were used to conduct experiments on the cars:

e (Pass) Car passing on paved road at about 15 miles per hour

e (Gravel) Car passing on gravel road at about 15 miles per hour

21



e (Idle) Car in the stopped idle state

The first scenario depicts normal driving conditions. All samples were taken on an
average paved roadway in dry conditions. Some small obstructions, such as pebbles, were
present. The goal for this scenario is to see if when a small noise from tires, pavement, and
obstructions are present is it possible to classify between two cars.

The second scenario shows an abnormal driving condition. All samples were taken on a
gravel road in dry conditions. The goal for this scenario is to see if when a large noise from
tires and gravel is present is it possible to classify between two cars.

Finally, the third scenario is an ideal stopped condition. All samples were taken in an
open area in dry conditions. The goal for this scenario is to see if it is possible to classify
between two cars only in there idle state, with no other vehicle noise.

The use of COM in classification will also be tested on each of these scenarios. They will

be split into these four tests:
e Normal implementation
e COM introduced on training data
e COM introduced on testing data

e COM utilized on both training and testing data.

22



5.1.1 Volkswagen GLI Results

In this section the results of the Volkswagen GLI experiments are provided. Each table is
constructed with the top row informing at what level of the tree the error exists and the first
column being the tests.! At each node data is tested. If the points of data at the current
node are not classified correctly they are removed from the set as not to skew classification
further down the SVM tree. The total error is calculated by the following equation:

[P — R

Total E =
otal Error Iz

% 100% (5.1)

Where P is the total number of testing points and R is amount of points removed after

classification.
Error Percentage of GLI Testing
Test Root | Node 2 | Node 4 | Total Error | Average Error
Pass 1 | 4.83 19.2 9.99 30.82
Pass 2 5.32 48.21 9.64 55.6 43
Pass 3 6.23 34.55 6.41 42.57
Gravel 1 | 59.4 0.73 9.8 63.7
Gravel 2 | 24.47 | 19.53 1.722 40.27 58.71
Gravel 3 | 68.7 1.91 9.283 72.15
Idle 1 4.05 0.052 21.54 24.76 921 33
Idle 2 10.1 | 0.333 0.837 17.9 '

Table 5.1: Results from GLI identification tests

1Refer to table 4.2 for node names and features used.
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Error Percentage of GLI Testing
Test Root | Node 2 | Node 4 | Total Error | Average Error
Pass 1 | 2.19 | 2447 1.89 27.53
Pass 2 | 0.049 | 50.15 6.09 53.21 40.14
Pass 3 | 0.59 | 37.76 2.49 39.68
Gravel 1 | 7.88 0.1 1.03 8.936
Gravel 2 | 1.14 | 19.21 0.56 20.58 16.14
Gravel 3 | 16.9 0.6 1.8 18.9
Idle 1 3.7 0.31 36.32 38.86 30.48
Idle 2 11.2 0.5 11.8 22.1 '

Table 5.2: Results from COM of training data in GLI identification tests

Error Percentage of GLI Testing

Test Root | Node 2 | Node 4 | Total Error | Average Error

Pass 1 0 0.5 6 6.5

Pass 2 0.5 21.5 4.08 26 13.33

Pass 3 0.5 4 3.01 7.5
Gravel 1 | 80 0.54 3.8 84
Gravel 2 | 8.5 0.5 0.5 9.5 62.50
Gravel 3 | 90 1.09 3.31 94

Idle 1 0 0 8.54 8.54

Idle 2 0 0 0 0 .27

Table 5.3: Results from COM of testing data in GLI identification tests

Examining figure 5.1, one can see that using the COM technique on the test data produces
the best results?. Comparing table 5.1 and 5.4, idling showed an 80 % decrease, while passing

produced a 69 % decrease in erroneous classifications.

2There are no gravel results depicted table 5.1. They were removed based on results from the next
section.
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Error Percentage of GLI Testing

Test Root | Node 2 | Node 4 | Total Error | Average Error

Pass 1 0 0.5 0 0.5

Pass 2 0 33 2.5 35.5 14.67

Pass 3 0 8.5 0 8.5
Gravel 1 0 0 1 1
Gravel 2 0 0.5 0.5 1 3.83
Gravel 3 | 8.5 0 1 9.5

Idle 1 0 0 20.6 20.6

Idle 2 0.5 0 0 0.5 10-55

Table 5.4: Results from full COM in GLI identification tests

Original

COM Training Data

COM Test Data

COM of Both

idle

21.33

30.48

4.27

10.55

M passing

43.00

40.14

13.33

14.67

Figure 5.1: Effect of COM on GLI tests
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5.1.2 Scion TC Results

This section provides the Scion TC results. As with the previous section, below are the four

tables of the experimental data.?

Error Percentage of Scion TC Testing
Test Root | Node 2 | Node 5 | Total Error | Average Error

Pass1 | 0.049 | 19.77 0 19.81
Pass 2 | 0.099 | 19.95 0 20.02 28.98
Pass 3 | 0.099 | 25.13 29.31 47.13
Gravel 1 | 49.45 | 97.63 0 98.8
Gravel 2 | 36.58 | 97.7 0 98.55 98.63
Gravel 3 | 37.26 99.2 0 98.55
Idle 1 0 15.2 0.05 15.28
Idle 2 0 21.1 0 21.1 18.19

Table 5.5: Results from Scion TC identification tests

Error Percentage of Scion TC Testing
Test Root | Node 2 | Node 5 | Total Error | Average Error
Pass 1 0 1 0 1
Pass 2 0 1.49 0 1.49 12.99
Pass 3 0 7 29.64 36.5
Gravel 1 | 56 100 - 100
Gravel 2 | 34 100 - 100 100
Gravel 3 | 41.7 100 - 100
Idle 1 0 0 0 0
Idle 2 0 2 0 2 1

Table 5.6: Results from COM of test data in Scion TC identification tests

3Review table 4.2 to understand what features were used and what each node represents.
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Error Percentage of Scion TC Testing
Test Root | Node 2 | Node 5 | Total Error | Average Error

Pass 1 0 22.3 0 22.3

Pass 2 | 0.049 26 0 26.04 24.13

Pass 3 | 0.847 | 21.7 2.81 24.06
Gravel 1| 1.29 97.3 0 97.3
Gravel 2 | 2.39 | 96.36 2.81 96.5 97.34
Gravel 3 | 6.8 98.12 0 98.249

Idle 1 5.87 | 15.18 2.3 22.01

Idle 2 1.15 18.3 0.18 19.4 20.705

Table 5.7: Results from COM of training data in Scion TC identification tests

Error Percentage of Scion TC Testing
Test Root | Node 2 | Node 5 | Total Error | Average Error

Pass 1 0 0.5 0 0.5

Pass 2 0 0.497 0 0.497 1.83

Pass 3 0 4.5 0 4.5
Gravel 1 0 99.5 100 100
Gravel 2 0 99.5 100 100 100
Gravel 3 | 2.5 99.4 100 100

Idle 1 0.5 0.5 0 1

Idle 2 0 0.5 0 0.5 0.75

Table 5.8: Results from full COM in Scion TC identification tests

The data in tables 5.5, 5.6, 5.7, and 5.8 show a huge failure in the system, the gravel
tests, boasting error rates of near or at 100 %. This is completely different than the GLI
gravel tests where the error rates fluctuated drastically. For this reason the gravel tests will

be removed from figure 5.2.4

4A discussion on why the erroneous gravel results occurred is located in section 5.3.
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Original COM Training Data COM Test Data COM of Both
idle 18.19 20.71 1.00 0.75
W passing 28.99 24,13 13.00 1.83

Examining figure 5.2, it can be seen that unlike the GLI results it is better to COM both
the training and incoming data. Both idle and passing classifications have remarkably good
error rates, 0.75 % and 1.83 % respectively. By comparing table 5.5 and table 5.6, there is

a 96 % increase for idling and 93.6 % increase in classification accuracy for passing.

Figure 5.2: Effect of COM on Scion TC tests

5.2 Large Vehicle Results

As stated in the beginning of the chapter, the experimental data for each of the large vehicles
are highly skewed because of large background noises. Since in practice the system would

be used in many environments, this is a good way to show how noise polluted areas would

interfere with classification.

Viewing table 5.9, the data shows that the total error is high for large vehicle classifica-

tions. As the classification goes on deeper into the SVM tree, the error rate grows. That is
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Error Percentage of Large Vehicle Testing
Test Root | Node 3 | Node 6 | Node 7 | Node 8 | Total Error
Bus 1 8.58 - 16.02 - 24
Big Rig 0 36.5 - 18.89 - 48.5
CSX 0 4.5 12.04 - - 16
Metro 0 0 100 - - 76
LIRR 0 19 72.5 - 12.72 100

Table 5.9: Results for full COM in large vehicle identification tests

to say as the classification becomes more specific, the error rate increases. Although that is
true, the data also suggests that even with the presence of large noise it is still possible to
classify each of these vehicles as large vehicles with very high precision. Averaging the error
at the root node for each test yields an average of 0.2 % error rate.

The data also indicates that, under high noise, classification can be done on trains with
moderate precision; the average error rate for trains is 7.83 % while the bus and big rig
did poorer at 22.54 %. Continuing deeper into the classification would result in higher
error leaving the results unusable, but having the ability to classify in this detail under the

environmental noise conditions is quite impressive.

5.3 Effects of Noise Induced by Reverberation

In the previous sections the experimental data indicated the presence of noise leading to
high error rates. The COM technique helped immensely in most cases. The worst case was
the gravel tests where error rates were near 100 %. The following is a possible explanation
of why this occurred.

In the passing test, the noise created by movement was restricted to the contact of the
tires to the ground and the movement of the car though the air. At low speeds these noises

are subtle at best and should only slightly skew classification. Now when the paved road
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is replaced with gravel, the amount of noise that is created is increased immensely. The
new noise becomes high enough it starts to drown out the sounds of the engine making
classification extremely difficult.

To demonstrate this effect, another experiment was conducted. Each car was placed
inside a garage and was recorded idling. The effect of reverberation inside the garage will
distort the recorded engine sound resulting in miss-classification, even though they were

classified with low error previously.

Error Percentage of Cars Idling with Reverb
Test Root | Node 2 | Node 4 | Node 5 | Total Error
GLIidle | 100 - - - 100
Tc idle 100 - - - 100

Table 5.10: Results from full COM of cars idling in garage

The data in table 5.10 confirms the idea that extraneous sounds are drowning out the
sound signature of the each of the cars. Trying to classify either of the cars resulted in 100
% error. To ensure that reverberation was the cause, one last test was needed. While idling
in the garage, the car’s engines were revved quickly. The idea behind this is that making
the engine louder quickly should disrupt or overpower the reverberation process and give a

clearer signal to the classifier.

Error Percentage of Cars Revving with Reverb
Test Root | Node 2 | Node 4 | Node 5 | Total Error
GLI idle rev | 12 0 100 - 100
Tc idle rev 4 100 - - 100

Table 5.11: Results from full COM of cars revving in garage

Table 5.11 shows that the prediction was true; at the root node both cars were able to
be classified. The car classifier, node 2, was not able to classify properly. A possible reason

for this is that the sound of revving an engine was never added to the sound library.
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Chapter 6

Summary

6.1 Related Work

There have been many studies on sound-based classification [6, 8-10] and others using specif-
ically SVMs [11-13]. However, there have been far fewer focused on light-weight implemen-
tation and classification of vehicles. The importance of this comes from the need to achieve
low cost solutions so the utilization of this technology can become mainstream in practical
applications.

Guo et al. [11] described an implementation similar to this report. By using a SVM tree
and a set of feature extraction techniques, classification of 16 sounds were tested. Various
approaches and feature sets were used during classification, the best producing an error rate
of 11 %.

Portelo et al. [12] investigated the one-versus-all SVM and Hidden Markov Models
(HMMSs); classification of 15 sounds were tested. The feature set consisted of either per-
ceptual linear predictive (PLP) or Mel-frequency cepstral coefficients (MFCC), both well

known features for speech recognition. Various blockbuster movies were used as testing
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input.

Theodoros et al. [13] contributed with an implementation focused on violence content in
sound. The training set of the SVM consisted of sounds of shooting a gun, fighting, yelling,
etc. By using eight audio features in one SVM, it was possible to achieve an accuracy rate

of 85.5 %

6.2 Future Scope

In this paper, only two feature sets were used per SVM. By increasing this number it should
be possible to obtain higher accuracy rates as described in [13]. Also, other features not
introduced in chapter 3 could be explored. The seven classes used in this work is quite small
for complete vehicle classification, adding additional vehicle sounds to the sound library
would increase the amount of information that could be extracted. Implementing ways of
mitigating noise from signals and the ability to classify multiple sounds from a single sound
sample would greatly increase accuracy and practicality.

To create full auditory scene understanding, sound localization must be used. A compi-
lation of this work with the sound localization system Umbarkar [14] has implemented, with
a PSoC micro-controller, would create a full functioning auditory scene analyzer. Finally, if
the system were also combined with Rajagopal’s clustering algorithms [15] for traffic scene
understanding, the result would be a sound-based traffic analyzer. The device would be able
to make smart decisions on when to change traffic lights and perhaps move traffic patterns

away from accidents.
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6.3 Conclusions

This thesis provides an implementation of auditory scene classification using support vector
machines. The report gives a brief overview of how SVMs work as described in literature. The
ability of splitting two data sets by solving an optimization problem is explained. Then, a
description of the signal processing techniques that are used in feature extraction is provided.
Next, is the systems implementation; where the sound library, feature extractor, and SVMs
are described and how each were implemented. Finally, the report explains the experimental
results and the conclusions that can be derived from them.

Overall, the implementation’s accuracy was quite high, even though the large vehicles and
gravel tests had high error rates. The reasons behind their erroneous behavior are clear and
can be mitigated in the future. The use of COM had an enormous effect on all classifications,
resulting in an average of 84.65 % increase in accuracy for car classifications. Having a
technique so simple yet powerful has massive advantages. Eventually, this implementation

will be able to achieve scene understanding
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