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ABSTRACT OF THE THESIS

Audio Based Detection Of Rear Approaching Vehicles On
A Bicycle

by Vancheswaran Koduvayur Ananthanarayanan

Thesis Director: Liviu Iftode

Cycling is an efficient mode of travel widely used for transport, recreation and sport all
over the world. In addition to being environmentally friendly, it also affects the health
of the cyclist favorably. Safety is an important concern for a cyclist because, during
an accident with a motor vehicle, the cyclist is exposed to higher risk of injury than
the vehicle driver. Improving bicycle safety is an important factor in saving lives and
promoting the use of this environmentally friendly mode of transport.

The Cyber-Physical Bicycle system was introduced as a concept bicycle that can
alert the cyclist of dangerously approaching vehicles from the rear. The system aims to
accurately detect and track vehicles approaching from the rear, differentiate dangerously
approaching vehicles, and alert the cyclist early enough to take preventive measures.
This is achieved through video based detection. The traditional bicycle is extended with
computational capabilities and a rear facing video camera, which constantly monitors
vehicular traffic behind the bicycle. Research indicates that the system is feasible,
works with good accuracy and generates timely alerts, though it cannot operate at full
efficiency while running in realtime.

In this thesis, we present an approach that augments a bicycle with audio based
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detection of rear approaching vehicles. The audio based Cyber-Physical Bike contin-
uously listens to the environment behind the bicycle with a microphone, detects rear
approaching vehicles and alerts the biker to their presence. We describe the design for
an audio based Cyber-Physical Bike and demonstrate its feasibility through evaluation
of our prototype. We found that distinguishing the directionality of vehicle approach is
a significant problem in case of audio, due to the similarity in sounds. Subsequently, we
identified several audio features that help us differentiate rear and front approaching ve-
hicles accurately. We also used a rear facing microphone to improve detection. Results
show that our approach works with comparable accuracy to the video based approach,
performs real time detection at lower energy and hardware costs, and is more efficient.
However, the system sacrifices on timeliness of alerts, and the alerts are generated much

later when compared to video based detection.
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Chapter 1

Introduction

Cycling is an important activity that contributes positively to the health of an indi-
vidual. As an alternate mode of transportation, it affects the environment favorably
compared to other forms of vehicular traffic. A significant number of users ride bikes
for recreation and health reasons, while many others use it to commute short trips from
home and run errands[30]. Bicycles provide a means of transport without burning fossil
fuels, causing zero air and noise pollution, and are comparatively much more affordable
than a motor vehicle. According to a survey conducted by National Household Travel
Survey Administration, of all the trips made in the United States in 2009, about 1.0%
were made on a bicycle[16]. Even though cycling is a much older tradition than driv-
ing, the advent of motor vehicles has marginalized the use of bicycles. Motor vehicles,
though less energy efficient and polluting, are much more convenient, and are effective
over longer trips, and since, have become the dominant mode of transport over roads.
Consequently, cyclists have had to share the road with a growing number of motor
vehicles over the years. This has put them at an increased risk of accidents.

Road safety is a key concern for a cyclist. A cyclist is exposed to higher risk of
injury when compared to other vehicle drivers due to their vulnerable disposition on
roadways. Bike helmets and other safety gear can provide some amount of protection
against serious injuries, though they cannot avoid accidents. In the year 2009, 630
unfortunate pedalcyclists rode to their death[33] all over the United States. The same
statistic also states that there were close to 51000 reported cases of cyclist injuries
during these accidents. When a road accident involving a bicycle and a motor vehicle
occurs, it presents an asymmetric risk situation to those who are involved. Clearly, the

cyclist is more likely to be injured than the motor vehicle driver. Improving the safety



situation of the cyclist is very crucial towards saving valuable lives and avoiding injuries,
as well as promoting this environmentally friendly and healthy means of transportation.

There are several existing efforts that try to improve the safety situation of bicyclists.
Exclusive bike lanes and laws mandating use of bike helmets are good examples, though
they are mostly not very effective. Dedicated bike paths are a good preventive option,
but they only provide partial coverage. A 2002 statistic shows that about 48% of cyclists
in the United States use paved roads for travel[30], which they have to share with other
mechanized forms of transport like cars and trucks. Bike helmet laws exist in many
states, though they may not be applicable to all riders. Laws are however difficult to
enforce and are not effective enough in preventing accidents. There is a need for a biker

centric approach to safety that can prevent accidents from happening.

1.1 Bicycle Safety

This section describes the current state of bicycle safety and summarize various existing
approaches to improving the situation. A brief summary of the fatality and injury
statistics of bicycle accidents is presented, followed by the state of improvement in
bicycle safety. Subsequently presented is a review of existing approaches to improving
bicycle safety, including legal solutions, infrastructure solutions, biker education and
biker protection.

As discussed earlier, in 2009, there were 630 cyclist fatalities and 51000 reported
cases of injuries in the United States. Reports indicate that these fatalities account for
about 2% of the total traffic fatalities of that year[33]. This is important considering
trips on bicycles only made up 1% of all trips in the country that year[16]. According to
some estimates, the total cost of cyclist injuries and death is over $4 billion per year[45].
This is in addition to the fact that bicycle crashes are severely underreported and only
as low as 10% of all injury causing crashes are recorded by the police[45]. These facts
highlight the importance of bicycle safety and the need to address it proactively. Over
the years, States have initiated various reforms to improve the situation. Despite these

efforts, the state of bicycle safety has consistently not improved[32, 31, 29] across the
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Figure 1.1: Pedalcyclists Fatalities 1997-2007
The graph plots the yearly number of pedalcyclist deaths over the period of 1997 to
2007. This is taken from Traffic Safety Facts 2007 published by the Department of
Transportation, United States.[32]

decade as indicated by Figure 1.1.

Several laws that provide various rights and restrictions to cyclists and motorists
who share the same road exist today. Some states restrict the slow moving bicycles to
the extreme right lanes of the roads[41]. Similar laws also mandate the use of proper
safety equipment like bike lamps, good brakes and reflectors on wheels[41]. In effect,
many of these laws formally mandate several common sense practices for safe riding.
Many states also stipuate the use of a bike helmet to prevent serious head injuries[21],
though unfortunately, they are only applicable to riders under 18. This is despite the
fact that majority of the bicycle accidents (70%) involve head injuries and only 20-25%
of cyclists wear helmets[33]. There are also laws that regulate the motorists. Many
states mandate a three feet rule, under which a motorist cannot approach within three
feet of a cyclist[9]. Though many of these laws make sense, formulating them is not the
same as enforcing them effectively. A study conducted in the city of New York indicates
that close to 22% of cyclist accidents involve hit and run motorists, and nearly three
quarter of faulty drivers go unpunished[22]. In essence, several promising legal solutions
towards improving biker safety are deterred by their limited coverage and difficulty in

enforcement. Additionally, they cannot proactively prevent accidents from happening,



and only proscribe procedures to follow after the fact.

Another approach of improving bicycle safety is through infrastructure based solu-
tions. This involves designing bicycle friendly towns and cities. This approach includes
earmarking space for bicycles on paved roads, constructing dedicated bicycle lanes,
providing clear warning signs to both cyclists and motorists at crossings, and actively
maintaining these resources. One example for this approach is Portland, OR which has
a large network of bicycle lanes[1]. Unfortunately, this is not the usual case and not all
cities favor bicycle paths. The costs for adapting existing roads to add bicycle lanes can
be extremely prohibitive. Building and maintaining such infrastructure requires con-
sistent support and commitment to the cause of bicycle safety from the government,
which tends to favor motorists over the minority of cyclists.

A different way to prevent accidents is by educating the cyclists formally about the
risks and safe practices while sharing the road. In most states, acquiring a driver license
involves rigorous testing of the applicant’s knowledge of vehicle laws and safe practices.
By contrast, learning to ride a bicycle is an informal activity and does not involve any
formal knowledge testing. Various awareness programs that are organized by bicycling
enthusiasts and other organizations do exist, but they are limited by their reach and
impact.

Alternatively, to prevent injuries and fatalities, we can increase the protection of
the cyclist. This involves wearing protective armor like helmets, elbow and knee guards
while riding. They serve to protect the rider from fatal or serious injuries. Unfortu-
nately, any amount of protection worn by the cyclist seems insufficient when it comes to
an accident involving a powerful motor vehicle. The cyclist is always at a disadvantage
compared to the motorist during an accident because of the inherent asymmetry in
the safety situation. Though helmets have been effective in saving lives by reducing
the chances of dangerous head injuries, a more effective approach would have been to
prevent the accident itself.

Clearly, from the above discussion, none of the described approaches provide an

adequate option to the cyclist to take preventive action against accidents.



1.2 The Problem

This section describes the specific safety issue addressed by this thesis: vehicles passing
the cyclist dangerously from behind. It also describes the existing approaches used by
cyclists in addressing this scenario.

One of the common risky scenarios for a cyclist is a motor vehicle approaching from
rear dangerously close to the bicycle. Bikers tend to ride with the flow of the traffic and
are usually forced to share the road with other motor vehicles. In such a case, there
are usually a number of vehicles passing the biker from behind. A similar situation
arises also when the cyclist drifts to the left to avoid obstacles in front. For example,
a parked vehicle on the shoulder may cause the biker to swerve left in an attempt to
pass it. This can cause a dangerous situation when another vehicle is already trying
to pass the cyclist from behind. Since any error while passing can catch the cyclist
unawares, the cyclist must constantly scan behind for approaching vehicles. In order
to do this, the cyclist may have to turn her head to look behind consistently. Thus, the
cognitive load on the cyclist riding amongst traffic becomes high, as she has to balance
the vehicle, avoid obstacles in the front and also watch out for rear approaching vehicles.
This is in addition to the physical load of actually pedaling the bicycle forward.

In addition to the constant distraction of looking behind, the physical action of
turning one’s head back affects the safety of the cycling negatively. When turning
back, the action may cause the cyclist to drift into the traffic or into the shoulder. In
addition to that, during this time, the ability to track obstacles in front of the bicycle
is hampered and may cause a possible collision. Both are dangerous situations for the
biker.

The common remedy for this is the use of a rear-view mirror, either attached to the
helmet or the handlebar of the bicycle. The cyclist scans the mirror instead of turning
her head back from time to time. Though, this simplifies the physical act, mirrors still
distract the cyclist and only provide an inconsistent and incomplete picture of the rear,
since they are limited by their field of view and position. Digital replacements like the

Cerevellum [11] provide consistent view of the rear by placing a video camera behind



the seat and providing a digital display in front. However, both these options fail to
provide any alerts to the cyclist about rear approaching vehicles. The cyclist is still
dependent on periodic scanning of the display for rear approaching danger. When there
is no vehicle behind, these options simply become distractions to safe riding.

Another approach to address this issue is to wear reflective clothing while riding.
One could also attach flashing lights or bike reflectors to the rear of the bike. They
try to warn the motorist behind to the presence of the cyclist by making the cyclist
standout on the road. The onus of avoiding the accident is thus pushed to the motorist.
Obviously, this cannot prevent accidents caused by error on the motorist’s part. Again,
the cyclist has no option to avoid the accident, since this approach does not provide

any warning to the cyclist of the danger.

1.3 Cyber-Physical Bike

Motivated by the safety issue of rear approaching vehicles discussed above, in 2010, the
Cyber-Physical bike project[40] presented by Stephen Smaldone, et. al. proposed a
bicycle concept that adds computational capabilities as well as audio, video and other
sensors to a road bicycle. It aims to constantly monitor the environment behind the
bicycle to detect dangerously approaching vehicles and alert the cyclist of any impending
danger so that preventive action can be taken. Figure 1.2 illustrates the key components
of the system.

The ordinary road bicycle is fitted with an array of sensors including a rear facing
camera, accelerometer and microphone. It is then augmented with an embedded com-
puter, which provides computational capabilities to the system. In this project, using
the video camera fitted behind the seat, the system constantly captures video images
from behind the bike and subsequently streams the video to the embedded computer.
The embedded computer then processes these streams of sensory information and makes
an inference about dangerously approaching vehicles from behind. Consequently, upon
positive detection, an alert is generated, which warns the cyclist of impending danger.

Specifically, the research introduced the application of computer vision techniques on
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Figure 1.2: Cyber-Physical Bike
The concept bicycle presented by the Cyber-Physical Bike project with accelerome-
ter, audio and video sensors attached. Also represented is a GPS sensor for reporting
location and network connectivity to the cloud. Attached to the bike is a small embed-
ded computer and an alert mechanism. Figure taken from publication by S.Smaldone,

et.al.[40].



the captured stream from the rear facing video camera to make a determination of
dangerously approaching vehicles. The rest of the sensors including the microphone
were not used in this project. The design of a microphone based detection system is
the main subject of this thesis.

The aims of the Cyber-Physical Bicycle are three fold. Firstly, it describes a feasible
design for a Cyber-Physical Bike augmented with a rear facing video camera and an
embedded computer to perform realtime detection of dangerously approaching vehicles
from the rear. Secondly, by alerting the cyclist of dangerous vehicles from behind
in a timely fashion, it aims to provide the cyclist with an opportunity to avoid an
accident. Finally, it strives to reduce the cognitive load of the cyclist by assisting her
in keeping track of the environment behind the bike. To achieve this, the system was
designed with the following goals in mind. Most importantly, the system must detect
and track vehicles approaching from rear accurately. Secondly, it must distinguish
dangerous rear approaches from the benign front approaching vehicles to be effective as
an alert system. Finally, it must realize this within the limited power and computational
resources available on the bicycle and also account for platform instability due to bad
road conditions.

The prototype system presented in the paper[40] is built using a light-weight HP
Mini 311 netbook, which closely matches embedded hardware in terms of performance
and cost. The video processing functionality makes use of both the CPU and GPU
capabilities of the system and performs with an overall accuracy of 73.1%. The system
produces timely alerts and has reasonable power requirements. However, the presented
system cannot yet achieve full real time status without trading off on accuracy.

Clearly, the Cyber-Physical Bicycle system aims to be a biker centric and preven-
tive approach to improving bike safety. Once the danger is detected, the cyclist gets
an opportunity to take preventive action against a potential accident. Notably, this
approach does not rely exclusively on the motorist to avoid accidents. Accurate and

consistent alerts also tend to reduce the cognitive load on the cyclist while riding.



1.4 Video Based Detection

This section briefly describes the video based detection proposed by the Cyber-Physical
Bike project[40]. A short description of the design and architecture of the system is
provided, followed by a brief summary of results. This section is not to be considered
a part of this thesis, and is presented here for the sake of clarity.

The video based detection module proposed by the Cyber-Physical Bike project

aims to achieve the following;:

e Detect rear approaching vehicles as early as possible, in order to provide the

cyclist with enough time to avoid accidents.

e Once detected, track these vehicles in realtime and make an accurate prediction
whether they will pass the biker dangerously. To differentiate between safe and
unsafe approaches, the video detection subsystem applies a wvirtual safety zone

around the biker of size three feet.
These aims are achieved through three separate modules.

Optical flow analysis As a bicycle moves forward, stationary objects and rear-approaching
objects produce distinctive patterns in the rear field of view. This pattern of ap-
parent motion caused by relative motion between observer and the objects is called
optical flow. There are distinctive differences between the optical flow patterns
produced by stationary background objects and objects approaching the bicycle
from the rear. The optical flow analysis module uses this difference in patterns

to detect rear approaching vehicles.

Roadway segmentation This module reduces the overall computational load of the
system by selectively focusing on parts of the field of view where rear approaching
vehicles tend to appear. In essence, the module identifies the roadway lane the
biker is on and restricts further processing to the area behind the biker on that
lane. For this purpose, it identifies the road edges and roadway lane markers
using a Gaussian Mixer model in Hue Saturation Value colorspace, from the field

of view behind the bike.
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Vehicle Tracking Once a rear approaching vehicle is detected, this module tracks
them in realtime to determine if they are about to enter the virtual safety zone.
This is performed by adaptive algorithms using Principle Component Analysis
based appearance models which can handle rapid changes in pose, scale and illu-

mination.

The results presented by Stephen Smaldone, et. al[40] indicate that the system per-
forms with high accuracy under a capture rate of 30 frames per second. The timeliness
of the generated alerts, which indicate how much time the cyclist gets to take preven-
tive action before the closest point of approach, is about 3.5 seconds. The results also
indicate that the system has only reasonable power requirements, comparable to other
multimedia applications like movie players. However, the system is not yet capable of
running at the full frame rate on the prototype system. The system can only function
at a severely reduced frame rate of close to 2 frames per second, trading off on accuracy

as a result.

1.5 Thesis

An audio based detection system can be used by the Cyber-Physical Bicycle for de-
tecting dangerously approaching vehicles from behind. It can provide improved energy
efficiency and performance when compared to a video based detection system. Audio
based detection can also be used in combination with video based detection, to improve

overall accuracy of the existing system.

1.6 Audio Based Cyber-Physical Bike

The audio based detection subsystem uses a microphone attached to the rear of the
bicycle to constantly listen to the environment behind the biker. The captured audio
stream is forwarded to the embedded computer on the bike, which performs analysis
on the stream to detect the approach of vehicles from behind. Once a rear approaching
vehicle is detected, the subsystem generates an alert to the cyclist making her aware of

the danger behind.
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Rear approaching vehicles produce a recognizable audio pattern when they attempt
to pass the cyclist. Cyclists regularly use audio cues to instinctively determine the
approach of a vehicle from behind. A suitably wind shielded microphone attached to
the rear of the bicycle is sufficient to capture these audio patterns that correspond to
a dangerous vehicle approach from the rear.

There are some obvious advantages to using audio over video.

Performance Audio processing traditionally consumes much less computational power
when compared to video processing. The amount of data while dealing with audio
is much lesser compared to video, which also contributes to reduced memory costs.
Our results reflect this very well. Such reduction in computational costs indicate
that audio based detection systems may be feasible on smaller and wide-reaching

platforms like smartphones and other hand-helds.

Cost Audio processing algorithms can usually be realized on much cheaper hardware
when compared to video processing. For instance, the video processing part of
the original Cyber-Physical Bike system uses a GPU for processing and requires
a comparatively costlier video camera. Audio can usually be realized on just the
general purpose processor and that too on reduced frequencies. Microphones are
cheaper compared to video cameras. Also, costlier equipment attached to the bike

tend to increase concerns about their theft.

Darkness or Failing light conditions Accuracy achieved by audio based detection
remains unaffected by variations in light conditions on the road, which may not
be the case with video. According to data from 2008[18], 21% of bicycle fatalities
happened during 6-9PM in the evening. This is usually the time when the light
is failing and video based detection accuracy may not be consistent during this
crucial period. Audio based detection will work just fine during these times, as

they do not depend on light conditions.

Low power requirements Audio processing traditionally consumes much less power
compared to video processing. This is especially handy when it comes to designing

an end product, where low power requirements become much more convenient for
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the cyclist. The product can be used for much longer trips as well as more
frequently. The number of recharges required over long period of usages also
decreases, which affects user experience favorably. Low power requirements may

also drive down costs by allowing lower capacity batteries.

On the other hand, audio processing can also be used to augment the existing
system. Alerts from both audio and video based detection systems could be combined
to arrive at more accurate or consistent results. Audio can be used to improve the
overall accuracy for cases where video may not be consistent. A good example is during
twilight in the evening, where video may not perform consistently. The system accuracy
could be reinforced with audio based detection during this time. Since the hardware
costs, power requirements and computational costs for audio based detection are very
low, such an addition will not be prohibitive. This thesis does not propose a combined
design for audio and video based detection, but discusses some design approaches as

future work in Section 5.3.

1.7 Related Work

Improvement of road safety is a well researched field, but unfortunately a majority of the
mind-share has been spent on improving safety from the perspective of a motor vehicle.
This section tries to describe the current state of road safety research in brief, with
an added focus on improving bicycle safety. The opening section focuses on research
innovations that assist the driver of a motor vehicle in order to operate more safely on
the road. This is followed by a discussion of available research in the specific field of
improving cycling experience and safety. Finally, we discuss other research based on
audio detection techniques, which may not be related to vehicle safety, but nevertheless,

are related to our own audio detection approaches.

Driver Assistance

A significant amount of research has been done towards improving road safety, while

driving a motor vehicle. Most of these systems focus on assisting the driver towards a
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safer driving experience. For example, the SAFELANE system[6] tries to alert a driver
upon accidentally straying from a road way lane. This is achieved by the use of video
based detection algorithms, supplemented by other sensors like radar and laser scanners.
To further assist the driver, various computer vision based techniques were applied in
realtime detection of traffic signs[13, 7, 8]. Various other research initiatives focus on
detection of obstacles on the road[19],while some specifically detecting pedestrians[15,
46] crossing the road, using computer vision techniques.

Most of these systems monitor the constantly changing external environment of a
vehicle and try to alert the driver of any sudden unseen changes. Instead of looking
out, some systems try to look inward in order to monitor the state of the driver. For
example, various systems were introduced to detect driver drowsiness and inattention,
using a variety of sensors. Some use an electroencephalogram(EEG) based approach[24]
to detect drowsiness, while others use movement sensors attached to seat-belts, car-seats
and steering wheels[47], or image-processing techniques based on pictures of the driver’s
face[42].

Autonomous driving has also received plenty of attention. A number of DARPA
grand challenges where conducted in recent years, where many teams competed in build-
ing and racing autonomous vehicles[12, 28]. Google has recently developed technology
for cars that can drive themselves, which use video cameras, radar sensors and laser
range finders[34].

Most of the above systems use a range of sensors including video, radar and laser
scanners to perform detection. They operate from the context of a motor vehicle where
they can integrate with more powerful hardware, and afford higher power requirements.
From the context of a bicycle, these are significant drawbacks. Any system built for a
bicycle is limited by cost and power constraints. This also adds realtime performance
constraints on detection systems, since cheaper hardware is less powerful. Additionally,
the increased weight is a significant constraining factor for bicycle based systems, where

as, this is less of a concern for motor vehicles.
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Bicycle Safety

While plenty of research is oriented towards assisting motor vehicle drivers, little or no
research focusing on improving bicycling experience and safety exists. In this section,
we will explore the available advances presented in the field of bicycle safety.

The BikeNet[14] project describes a system to map the overall experience of the
cyclist by applying sensor networking principles to the road bicycle. It presents the
first working mobile networked sensing system for bicyclists, in order to map biking
experiences. To achieve this, they include multiple sensors on their bikes, including
accelerometers, photo-diodes, thermistors and microphones, in addition to camera and
other radio sensors provided through the cyclist’s mobile phones. The aim of the
system is to extensively map the cyclist experience through these sensors, and provide
measurements for user fitness and performance. The consolidated data is stored in
the web, so that cyclists can visualize the experiences, and share routes between each
other. The focus of the research is mostly on biker fitness and the social aspects of biking
rather than improving safety. In a similar approach, the Copenhagen Wheel project[35]
aims to add sensors to the bike in order to enable urban sensing applications. They
also aim to provide motor assist to the biker while pedaling, and provide health and
environmental monitoring facilities on the bike.

Another initiative similar in spirit to the Cyber-Bike Project, is the Biketastic
project[36], which uses sensing through mobile phones to map bicycle routes. The
system utilizes GPS to track the routes, and uses microphones and accelerometer data
to record road roughness and noise levels. These routes can later be rated for expe-
rience and shared with other bikers. Through this information exchange, a safer and
better cycling route can be selected by the user in future. This is similar in extent to
various other route sharing services provided by web applications specific to bicycling,
like Bikely[2], Veloroutes[5], MapMyRide[4] and Cyclopath][3].

The commercial product Hindsight 35[11], introduced by Cerevellum, is an attach-
ment to the bike that acts as a digital rear view mirror. It consists of a video camera

and a digital display unit attachable to the handlebar. In addition to this, the system
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can keep a video record of the last ten minutes, which can be useful during accidents.

Similar to the Cyber-Bike Project, many of these research initiatives augment the
ordinary road bike with multiple sensors. However, it becomes clear from the discussion
that there are very few directly addressing the problem of bicycle safety. Instead, most
projects aim to improve the experience of bicycling as a whole. The Cyber-Physical
Bike project[40] is possibly the first one to address the issue of biker safety directly and

suggest solutions toward improving it.

Audio Detection Techniques

When it comes to applying audio based algorithms to realtime vehicle approach detec-
tion, little or no work has been completed. However, our work utilizes a lot of previous
research in the area of acoustic signal processing and classification. Our approach of
looking at differentiating audio features in order to classify sounds, is derived from
similar prior architectures.

A lot of work has been done in the field of sound classification. For instance,
the problem of distinguishing music from speech is tackled in [38]. Their approach
works by examining numerous audio features that differentiate properties of music from
speech signals. Yet another approach focuses on using features that enable realtime
discrimination[37] of speech and music on broadcast FM radio. This would be useful
in differentiating talk-radio with music programming automatically. Both approaches
utilize machine learning algorithms to make an inference based on a select group of
audio features. In addition to this, several advances were made in classification of
audio into more general categories like music, speech, multiple speakers, silence, etc.
for content-based retrieval[23, 17]. In all these approaches, finding the right audio
features was important.

There have been many initiatives to classify the acoustic environment in general[27,
26]. This can be useful in determining the context of a user, with respect of the user’s
surroundings, general location and mode of communication (speaking to a single person
or to a group, etc). In a more recent work, the SoundSense[25] project applies audio

based detection algorithms in order to detect a user’s context using audio from their
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mobile phone. Their approach utilizes the microphone in the user’s mobile phone to
capture contextual audio and classify them into general sound types like music and
voice, and also discover new sound based events. They utilize a combination of super-
vised and unsupervised learning techniques for classification of events happening in a
user’s everyday life. Their architecture is also based on feature extraction from audio
and classification using the features.

Our research is heavily indebted to the large body of prior work done in sound
classification. We directly benefit from the discovery and description of large number
of audio features in these works. Our approach shares the general architecture of
finding distinguishing audio features and using machine learning based techniques to
classify different events, with similar approaches in the past. However,to the best of our
knowledge, our work is unique in applying these techniques to predict vehicle approaches

from rear, in the context of bicycle safety.

1.8 Contributions

This thesis makes the following contributions:

e [t describes the design of a Cyber-Physical Bicycle system based on audio based
detection of rear approaching vehicles. Using a microphone attached to the rear of
the cyber-physical bike, the system continuously captures audio from behind, and
uses audio processing techniques to alert the biker about dangerously approaching

vehicles from the rear.

e Through an experimental prototype, it demonstrates the feasibility of an audio
based Cyber-Physical Bicycle system. Experimental results suggest that the audio
based system can work with comparable accuracy to the video based system,
providing realtime results with higher efficiency. However, alerts are generated
much later than video and hence, less time is provided to the cyclist to take
preventive action. This can be alleviated by a combined approach which uses

both audio and video based detection.
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1.9 Contributors To The Thesis

The following is a list of people who co-authored the paper from which material was
used in this thesis. Stephen Smaldone, Professor Liviu Iftode and Professor Ahmed
Elgammal (Rutgers University) created the idea and provided the motivation for the
Cyber-Physical Bike project based on both audio and video detection. Professor El-
gammal and Chetan Tonde (Rutgers University) are responsible for the design and
implementation of the video based detection subsystem, with Chetan Tonde being re-
sponsible for the evaluation and generation of results. The video related results included
in this thesis are only for the purposes of comparison. Stephen Smaldone contributed
to the design and implementation of the audio based detection subsystem. He also
collected the experimental data for both audio and video by riding out numerous miles
on his bike. The metric timeliness, which defines the amount of time available to the
biker, to take evasive action after the alert is generated, was suggested by Stephen

Smaldone.
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Chapter 2

Audio Based Detection

This chapter describes the design of the audio based Cyber-Physical Bicycle. In the
beginning section, it defines the design goals for an audio based detection subsystem,
and subsequently, discusses the associated challenges and strategies. This is followed

by a detailed description of the various components of the system.

2.1 Design Goals

For making an audio based detection of rear approaching vehicles, the Cyber-Physical
Bike must have the capability to listen to the environment behind the bike. For this
purpose, the bike is augmented with a microphone behind the seat, which can continu-
ously capture the sounds of approaching vehicles. In order to become an effective alert

system, the audio based detection system must achieve the following goals:

1. The audio based detection system must identify rear approaching vehicles accu-

rately.

2. The system must generate alerts in realtime, and as early as possible, so that the

cyclist gets enough time to take preventive action.

3. The system must differentiate vehicle approaches from the front, which are less

dangerous, so that the alerts are consistent and not distracting.

2.2 Design Overview

The design of an audio based detection system hinges on the following observations:
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e When a vehicle approaches a biker from behind, it generates a clear and recog-
nizable audio signature. This is what traditionally enables an undistracted biker

to turn her head and take action.

e This signature is noticeably different from what is caused by vehicles passing the
bike from the forward direction. This is due to the directionality of the sound
and due to the fact that vehicles approaching from the rear are more closer to
the bike than those passing from the other lane. The directionality of the the
microphone will also have an impact on their differences, since the microphone is

turned towards the rear.

e Vehicles passing from the rear also tend to produce a slower build up in sound.
This is due to the difference in relative velocities between the bike and the motor

vehicle, during rear approaches and front approaches.

Our design intends to utilize these discernible audio patterns produced by rear ap-
proaching vehicles in identifying them. This specific audio signature can be envisioned
as a set of feature values extracted from the audio, which vary over time with correla-
tion, when a vehicle is about to pass the biker from the rear. A significant part of this
research hinged on the search for these features and their identification. We analyze
the incoming stream of audio, generate multiple feature values and create a vector of
these values. A prediction module looks at this feature vector, and makes an inference
whether a rear approaching vehicle is present or not.

We utilize machine learning techniques to predict rear approaching vehicles from
a feature vector. The prediction module utilizes a classification model to detect rear
approaching vehicles from the feature vector. We built this model statically using a
training set of cycling traces that we collected. This data consists of audio captured
from many instances of vehicles approaching the biker from the rear and passing the
bicycle closely. We also included multiple occurrences of front approaching vehicles as
well as several short intervals of audio where no vehicle was present behind. In order to
better train, we annotated this data according to the type of the vehicle approach, or

the lack there of. Subsequently, we created a stream of feature vectors corresponding
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to this data, and built a classification model statically based on them. Our prediction
module utilizes this model in order to make predictions. This stream of predictions is

used to generate alerts to the cyclist whenever a rear approaching vehicle is detected.

2.3 The Audio Detection Pipeline

Our approach to the audio detection system proposes a pipeline architecture for detec-
tion. The overall architecture of the audio pipeline is presented in Figure 2.1. Firstly,
the audio is captured by a microphone and forwarded to the processing system. The
captured data is in the form of a Pulse coded Modulated (PCM) audio stream, which
is a digital representation of the analog audio signal. The audio signal is sampled at a
fixed frequency by the microphone and quantized to a set of digital steps to generate
a stream of PCM data. This stream of data is then split up into audio frames of fixed
size, and fed into a feature generation component. The feature generation component
acts on these frames and generate a vector of feature values per frame. Feature gen-
eration can be thought of as applying various mathematical functions to the sequence
of samples in the frame. From a broader perspective, the feature generation module
can be seen as consuming the audio stream in realtime, and generating a vector of
features for each audio frame. The prediction component acts on this feature vector
and makes a per-frame prediction. An alert generation system acts on this continuous
flow of predictions and generates an alert to the rider after taking minor fluctuations

into account.

2.3.1 Feature Selection

There are numerous challenges that an audio based detection system must conquer in
order to succeed effectively. Firstly, the microphone is always exposed to wind and
background noise. Secondly, the audio environment is constantly polluted by the noise
caused by pedaling activity. Finally, there will always be differences in sound when the
bicycle travels over different road surfaces. The identified features must accommodate

for such factors in order to provide a good chance of detection. After scouring through
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large number of standard audio features described in [25, 23, 20, 38], a number of
features were selected that clearly differentiate a rear approaching vehicle from other
circumstances.

Among the features selected, some are time domain features and others are in the
frequency domain. For calculation of features, the audio stream is segmented into frames
of fixed size, composed of PCM sample values. We represent frame size usually by n
and each individual PCM sample is represented as x; where ¢ is the index of the sample
within the frame. To compute frequency domain features, we must first compute the
Fast Fourier Transform (FFT) for the frame, which provides us the frequency response of
the frame. FFT is an algorithm for efficiently computing the Discrete Fourier Transform
of an analog signal. It provides us with a measure of phase as well as amplitude
of sound as a function of frequency. We apply a hanning window over the frame
before computing FFT in order to reduce the adverse effect of frame boundaries[20].
We disregard the zeroth component, which indicates the average volume of the sound
(the DC component), before performing any more analysis. We represent p(i) as the

magnitude of the ith frequency bin in the spectrum.

Strongly Correlating Features

In this subsection, we discuss the main features that show excellent correlation when a
motor vehicle passes the cyclist from rear. These features are primarily responsible for

distinguishing dangerous rear approaches from other benign situations.

Root Mean Square Amplitude (RMS) [25] is a time domain feature which stands

as a good approximation for loudness of captured sound. It is calculated as

RMS; = /Ly 742

where RM Sy stands for the RMS value per frame, n stands for the number of
samples per frame, and z; stands for the i** PCM sample in the frame. Clearly,
when a rear approaching vehicle passes a bicycle, it makes a significantly loud

sound, which rises through the event and then falls as the vehicle speeds away.
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Root mean square amplitude variation
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Figure 2.2: Root Mean Square Amplitude Variation When Vehicle Passes The Biker.
Rear approach event causes the RMS value to rise. Front approach event does not cause
a loud enough change.

The RMS feature utilizes this change in loudness as a measure to identify rear
approaches. Figure 2.2 depicts a graph that shows both a vehicle approaching
from rear as well as front to illustrate the difference in RMS levels. The front
approach even hardly registers while a rear approach causes visible rise in the
value. The rear approach is indicated in red and the front approach is indicated
in green. It should be noted that RMS is susceptible to events that cause a similar

rise in loudness level and duration.

Spectral Centroid (SPC) [23]is a frequency domain feature that describes the central
point in the power distribution within the spectrum. When a vehicle approaches
a cyclist from the rear, the balance of the spectrum slowly shifts to the high

frequency ranges. It can be computed as:

™ ip(i)?
SPCindex = Zz::l;l pp(i))2

where, i represents the frequency index, and p(i) represents the magnitude of the
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Spectral Centroid variation
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Figure 2.3: Spectral Centroid Variation When Vehicle Passes The Biker.
The rear approach event causes the SPC value to rise gradually and more higher. The
front approach event shows a shorter and lower rise in SPC.

frequency bin ¢. n indicates the number of frequency bins. SPCj, 4. defines the

index of the centroid frequency within the array of frequency bins.

As illustrated in figure 2.3, the centroid frequency rises whenever there is a rear
approaching vehicle. A rear approaching event and a front approaching event
are overlaid on top of each other and the figure clearly illustrates the differences
between the events. The rear approach causes a slower and higher rise, when

compared to the front approach.

Spectral Entropy (SPE) [25] is the average measure of entropy within the sound
spectrum. Whenever there is a pattern in the sound, SPE tends to drop. When
a vehicle approaches from the rear, it creates a definite pattern in sound, which

drives the entropy down. It can be computed as:
N (s p(i)
SPEf = Zl p(l)‘log(zyp(i))

where,SPE; represents the SPE for frame f, i represents the frequency index,
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Spectral Entropy variation
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Figure 2.4: Spectral Entropy Variation When Vehicle Passes The Biker.
SPE falls more gradually and deeply for a rear approaching vehicle, when compared to
the short and shallow fall for a front approaching vehicle.

and p(i) represents the magnitude of the frequency bin i. n indicates the number

of frequency bins.

As the figure 2.4 illustrates, spectral entropy falls when there is a vehicle ap-
proaching the bicycle from rear. It is quite different from a front approach event,

in which case the fall is shorter in duration, steeper and shallower in magnitude.

Reinforcing Features

This section describes the reinforcing features that show lesser correlation individually,

though in combination with the rest of the features, boost the accuracy of prediction.

Zero Crossing Rate (ZCR) [23] is a time domain feature that measures the number
of zero-crossings within the frame. In other words, it is the number of times the

sign of the value changes within the frame. This can be calculated as :

ZCRy = Z?*l Sign(xiJrl;—Sign(xi)
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where x; stands for the sample value at ith index within the time domain frame
and n represents the size of the frame. The number of zero crossings tend to show

a higher variance when there are no vehicles passing the biker.

Spectral Flux (SPF) [38] describes the change in shape of the spectrum. It is defined
as the L2-norm of the difference in spectral amplitude vector for two adjacent

frames. It is calculated as:

SPFy = /S0 (ps(i) — py1(i))?

where SPFy stands for the spectral flux for frame number f, p(i) represents
the magnitude of frequency bin 7 for frame f, and n represents the number of
frequency bins. When there is a vehicle approaching the bicycle from rear, there
is a slow and gradual change in the shape of the spectrum. SPF shows a small
bump at the onset of a vehicle pass. However, SPF is susceptible to sudden

changes in the spectrum due to the pedaling noise.

Spectral Roll-off Frequency (SPROFF) [23] represents the frequency bin under which
majority of the spectrum is concentrated. We calculate it as the frequency below

which 92% of the spectrum distribution is located. It can be defined as:
SPROF Fyger = min(j) S35 p(i) > 0.92 32 p(i))

where j stands for frequency index, n stands for number of frequency bins, p(7)
stands for the amplitude represented by ith frequency index. SPROF Fjgex
represents the index of the Spectral roll-off frequency within the array of frequency
bins. During a rear vehicle approach, the spectrum tends to shift to the right,

and hence the SPROFF values tend to show a gradual rise.

In addition to these features, we also use the first order time differentials of the
above discussed features in order to reinforce accuracy. They indicate the rate at which
each of these features change over time. This is helpful, as rear approach events tend
to be much longer in duration and show a different rate of change for many features

when compared to front approach events. In order to account for short bursts of
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noise produced by pedaling as well as bumpy road conditions, these feature values are

smoothed using an averaging window, so that sudden fluctuations are leveled off.

2.3.2 Model Generation

For the prediction module to work accurately, we built a classification model based on
a subset of data, kept aside only for this purpose. The first step towards creating a
model, involved the selection of this training set. All of our data consists of cycling
traces captured using a rear facing video camera attached below the seat of an ordinary
road bicycle, while riding through some cycling routes over central Jersey. From these
traces, we selected a set of clips, which consisted of isolated vehicles passing the bicycle
from rear, and some similar clips with front approaching vehicles. We also added some
clips where no vehicle is present behind the biker or can be heard. Since it is important
to differentiate between front and rear approaching vehicles in addition to performing
accurate detection, all three event types were represented in equal duration.

As a next step, we annotated all available data with event based information. For
this, we watched all the clips and marked the event-times for vehicle approaches from

both front and rear. The following details were noted:

e The time at which the rear approaching vehicle appears behind the biker

The time at which the rear approaching vehicle can be heard for the first time

The time at which the rear approaching vehicle passes closest to the biker

The time at which the front approaching vehicle is heard for the first time

The time at which the front approaching vehicle can no longer be heard

Once we have this information, we generate per-frame feature vectors for all audio
in the training set. Using the timing information available through annotations, we

associated the feature vectors with three classes:

1. Vehicle approaching from rear

2. Vehicle approaching from front
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3. No vehicle approaching.

We used the decision tree classifier [44] in order to build the classification model. A
decision tree model is represented as a tree of its nodes, where each node describes a
constraint check to be performed on the feature values. The leaf nodes of the decision
tree model represent predictions or output classes. We chose the decision tree model
for our classifier because it proved to be simple, efficient and indicated higher accuracy
over other classifier models we tried, including the NaiveBayes[44] and BayesNet[44].

Our classifier model utilizes two output classes while making a prediction:

Alert : This output class indicates that there is a vehicle approaching dangerously

from behind the biker.

No Alert : This class indicates a situation of no danger to the biker. For example, it
could mean that no vehicles are currently passing the biker from either direction.
Alternately, it could indicate benign vehicle approaches, like those from the front

of the biker.

We utilized the ten-fold cross-validation [44] technique to estimate accuracy rates
of the model. This involves splitting the training set randomly into ten parts, where
each class is represented approximately in equal proportions. Subsequently, the model
is built by training on nine parts and testing it on the 10th. This is repeated ten times
in total, where each part gets a turn to be the 10th part. The error rates and accuracy
rates are then averaged over the ten iterations. Once an accurate static model was

built, it is utilized by the prediction module to detect rear approaching vehicles.

2.3.3 Prediction

The prediction module utilizes the classification model in order to make predictions.
It accepts a vector of feature values provided by the feature generator, and arrives
at a prediction of whether a motor vehicle is approaching the cyclist from rear. Our
prediction module is an implementation of the decision tree classifier. It takes a per-

frame feature vector as input, and its output is one of the output classes: Alert or No
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Alert. The classification model consists of a tree of nodes, where each node represents
a constraint check on feature values. The classifier implementation loads this tree in
memory, reads the input feature vector and traverses it while performing constraint
checking on each node. After walking through the tree, it reaches down to a leaf-node
which indicates a prediction.

We chose to use decision tree classifier because it is simple and displayed high
accuracy. Another advantage of using the decision tree is that it can be optimized and
hence can be very efficient and fast. The tree can be flattened into a long ladder of
if-else structures in code after optimization, which reduces memory usage as well as
execution time. This is especially useful when trying to implement on cheap and low

power hardware.

2.3.4 Alert generation

The alert generation module accepts the stream of predictions provided by the predic-
tion module. The prediction module generates predictions at the frame level of the
audio stream. The frames represent very small intervals of time, typically ranging in
10s of milliseconds. In order to reduce the effect of incorrectly classified results of the
individual frames, this layer removes small fluctuations in the prediction stream by
performing a window based averaging over the stream. This smoothens the prediction
stream and removes incorrect predictions due to minor fluctuations in input data or
classifier results due to noise. Once an alert determination is made by this layer, the
alert is propagated to the user. The formula used by this layer to generate the alert is

described below:
alerty = if(3h_,(Prediaion@y > 0.75)

where f represents the frame number, prediction(i) is the prediction for frame number

1.
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Chapter 3

Implementation

This chapter describes the implementation details of the audio based detection sub-
system of the Cyber-Physical Bicycle. In the opening section, the hardware used to
implement the system is described. This is followed by implementation details of the
audio pipeline, which was built using Python 2.6. It then continues to describe other
submodules used in capturing the audio and performing the feature generation. Sub-
sequently, it discusses the way the classifier model is built and is used by the audio

pipeline for making predictions.

Hardware

The audio based subsystem was implemented over the exact same hardware used by
the Cyber-Physical Bike project. This was done so that an actual comparison can be
made between audio and video based subsystems. Another reason is that the resulting
implementation can be easily integrated into the existing Cyber-Physical Bike solution.
The audio pipeline is built on a HP Mini 311 netbook, whose specifications include an
Intel Atom N280 1.67GHz processor, 3 GB of RAM, an NVIDIA ION GPU, 8 GB Solid
state disk for secondary storage, and an internal 6-cell Li-ion battery. This netbook is
equipped with a microphone, which is used to capture the required audio. According

to [40], this hardware was chosen for the following reasons:

e The netbook hardware approximates embedded hardware closely in performance.
e The hardware costs are relatively cheap.

e The netbook weighs about 3.261bs, which is a reasonably light burden while riding.

This weight includes unwanted components of the netbook like the display and
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keypad, so the final weight can be further optimized.

All these reasons are also applicable to the implementation of the audio based de-
tection system. In the case where audio and video based detection systems are to be
combined, implementation over this hardware is useful in studing the feasibility of the
combined system. However, it should be noted that individually, the audio subsystem
will require much less CPU requirements, as well as smaller power requirements. It also

requires no GPU for functioning.

The Audio Pipeline

As discussed before, the audio pipeline is implemented in Python 2.6. It is responsi-
ble for the overall operation of the audio detection subsystem. In order to function
correctly, it utilizes four different modules: (i) the capture module, (ii) the feature
generation module, (iii) the classification module and (iv) the alert generation module.
The pipeline code handles the coordination and transfer of data between each of these
modules. The pipeline is currently implemented as a single thread calling each of these
four modules sequentially. A single frame of raw audio data is read from the capture
module buffers, and passed to the feature generation module, which gives out a feature
vector for that frame. This feature vector is then passed to the classification module
which generates a frame specific prediction. This prediction is then sent to the alert
generation module, which produces alerts. Despite being a single threaded implemen-
tation, our evaluations show that the system works in a realtime fashion and there is
no buffering delay across the pipeline. Each of these submodules are described in detail

below.

The Capture Module

The capture module is implemented in Python 2.6 using the PyAudio module. It opens
the audio capture device on the system and continuously reads the captured audio as a
single channel (mono) stream at a sampling rate of 22050 Hz. The data is read as signed

16 bit PCM samples at a frame size of 4410 bytes. This represents 100 milliseconds
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worth of audio data.

For generating time domain features, the raw frame of size 4410 bytes is given out.
For the calculation of frequency domain features, this frame is padded equally on both
sides with data from earlier and subsequent audio frames, so that the effective size of
the frame is 8820 bytes. Then a hanning window is applied on this frame and sent out.
As discussed before, this is to reduce the adverse effects caused by frame boundaries
while performing FFT calculation. Since the frames are padded and slided over 4410

bytes at a time each, each frame still represents 100 milliseconds worth of data.

Feature Generation

The feature generation module is mostly implemented using the NumPy (Numeric
Python) module in Python. Both time domain features as well as frequency domain
features are generated using various functions in this module. FFT values are however
generated by the optimized C library ”fftw”. This C library is loaded by the python
code using the ”ctypes” module as a shared library. All necessary features are generated
for each frame and composed together to form a feature vector. This vector is then

returned to the pipeline.

Classification Module

The classification module was built in two steps. During the first step, a classifier
model was built using the Weka machine learning toolkit, version 3.6.2. We chose the
J48 implementation of the decision tree classifier to build a static model. This model
can be converted to a C source implementation using the Weka toolkit. The generated C
source is then compiled to create a shared library, which provides methods for making
a classification using a feature vector as parameter. This C library is subsequently
loaded into classification module through the ctypes Python module. The classification

module can thus take a feature vector as input and produce a prediction as output.
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Alert Generation

This module is written in Python and takes a stream of predictions as input. A fixed
window of older predictions is remembered and constantly updated by this module. An

alert is generated based on this window and the incoming prediction.
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Chapter 4

Evaluation

This chapter discusses the results of evaluation performed on the audio based Cyber-
Physical Bike prototype. In the beginning section, it lays down the goals of the eval-
uation process and explains what we intend to achieve through this evaluation. Then,
it briefly describes the details of the test data and the methodology which was used
to perform the evaluation. Results of the evaluation are then laid out, described sepa-
rately based on accuracy, timeliness, performance and energy efficiency. Subsequently,
we compare the audio results with available results of the video based detection system.
In the final section, we explore a simple combination of both audio and video based

detection systems and explore the resulting accuracy changes.

4.1 Goals

For an audio based Cyber-Physical Bike to be effective, it must be highly accurate in
detecting rear approaching vehicles. Not only must it be accurate, it must be able to
detect danger as early as possible so that the cyclist can be warned in a timely fashion.
We define a metric called timeliness to address this particular concern. The detection
system must not get confused by other similar events on the road and must generate
alerts consistently. In other words, false alerts can affect the effectiveness of system
adversely. Finally, the system must perform efficiently on the given netbook hardware
and must have reasonable power consumption requirements, without which the detec-
tion system may not be realizable as a useful real world product. Our evaluation goals
check each for these factors in order to establish the feasibility and effectiveness of the
audio based Cyber-Physical Bicycle.

The main goals of our evaluation can be listed as follow:
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e How accurately does the audio based detection system perform in detecting rear

approaching vehicles?
e How early can the cyclist be alerted of danger?
e Can the system accurately perform in realtime?
e What are the power requirements of the system?

e How does the audio based detection system compare with video for accuracy,

timeliness, efficiency and energy requirements?

4.2 Test Data And Methodology

In order to perform an actual comparison with video based detection, we use the exact
same test data utilized by the original Cyber-Physical Bike project. As described in
[40], the collected data accumulates to over three hours of real roadway cycling traces
captured during day time, along typical cycling routes in central New Jersey. This
amounts to roughly 10GB worth of data. A rear facing Sony Handicam DCR SX40
digital video recorder (which includes a microphone) was mounted on an ordinary road
bike (Trex FX7.5) in order to collect this data.

After annotating the data as described by Section 2.3.2, we split the data into two
separate sets for training and testing, where each set contained roughly equal number of
rear approaching vehicle events. The training set was used to build the classifier model.
Evaluation was performed on the test set. The test set contained 20 rear approach
events. Vehicles approaching from the rear were heard for an average of 2.83 seconds
per event and where seen for an average of 3.8 seconds.

Using the annotations as ground truth, we measured the accuracy of the system as
well as its timeliness by comparing the alerts produced with the ground truth. In or-
der to measure performance, various components of the audio detection pipeline where
timed by running them through 1000 frames of audio. This was done by adding times-
tamp generation code inside the audio pipeline. The measured time was then converted

to frames per second for each component. Battery related results were measured by
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using the tool Battery Bar[43] for Windows 7. This tool can reveal both the discharge
rate of the battery as well as the current battery charge levels. Measurements were
made by charging the battery to the same level (75%) before each round, so that any

variation in discharge rate at different levels does not interfere with our evaluation.

4.2.1 Results

This section describes the evaluation results in detail. The results are separated into
detection accuracy, timeliness of alert generation, end-to-end realtime performance and

energy efficiency.

Detection Accuracy

In this section, we evaluate the accuracy level of the audio based detection system.
Table 4.1 describes the confusion matrix for audio at the event level. True positives
(TP) describe the scenario where an alert was generated correctly for a rear approaching
vehicle. True negatives (TN) represent cases where the absence of a rear approaching
vehicle was correctly detected. False positives (FP) describe spurious alerts generated
without any rear approaching vehicle behind the biker. False negatives (FN) describe
the case where a vehicle approached the biker from behind and no alerts were generated.
We are unable to provide values for true negatives here, since absence of vehicles cannot

be quantified based on number of events.

Positives | Negatives
True 18 N/A
False 2 2

Table 4.1: Detection Accuracy For Audio

We define accuracy using the formula provided in [40] as

— TP
Aceuracy = rpirpriry

Using this formula, we calculate the accuracy for audio based detection as 81.8%.
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In order to understand the weaknesses of the system, a specific examination of the
various error cases was conducted. After closer inspection, we found that the first false
negative is caused by a very slowly approaching car, which slows down after a while and
turns away from the bike before ever reaching dangerously close to the biker. This was
an instance where a rear approaching vehicle was annotated overly conservatively in the
trace data, because the car never actually gets close enough to the biker to be a danger.
In another interesting instance, there is a car approaching very slowly from behind and
a number of vehicles pass the bike from the opposite direction in rapid succession. The
sound from the rapid car passes drowns out the slow passing sounds of the behind car,
confusing the classifier. This leads to a false positive where the classifier detects a front
approaching car as danger and generates the alert. The classifier also produces a false
negative here because it actually misses the rear approaching car altogether .The final
false positive can be attributed to sudden noise generated by the bike passing over a
really bad patch of road. From this analysis, it becomes clear that the audio based
detection system shows high accuracy, but is susceptible to the noise created by front
approaching vehicles. It can also be overwhelmed by loud noise caused by bad road
conditions. The two definite areas of improvement for the system should be (i) better
differentiation of front and rear approaches, and (ii) overcoming the adverse affects
of suddenly changing road conditions. Some possible approaches to deal with these

limitations are discussed in 5.1 and 5.2.

Timeliness Of Detection

We define timeliness of the detection system as the amount of time available to the
cyclist after the alert is generated, before the approaching vehicle passes the biker at
its closest. In a similar vein, we can also define potential timeliness as a percentage
of the maximum possible timeliness achievable by a given detection system. For an
audio based detection system, maximum timeliness is the entire duration for which
the vehicle was heard before it passed the biker. The essence of measuring timeliness
is that it represents the amount of time available to the cyclist after an alert, to avoid

a possible accident.
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Figure 4.1: Timeliness Of Audio Based Detection
Graph plotting timeliness and maximum timeliness for audio based detection. Maxi-
mum timeliness indicates the maximum achievable timeliness for audio, which is the
duration for which each vehicle approach was heard.

The figure 4.1 represents the timeliness of the audio based detection system for
selected events. A particular set of events in our data correspond to a close succession
of cars passing the biker from behind, one after the other. Their approach sounds
overlapped and the system raised continuous alerts spanning the entire duration. Due
to this, it was not possible to determine alert times specific to each car, except for the
first one. It was also difficult to determine the exact time at which the cars behind
became audible due to the overlapping sounds. Hence, to be conservative, we excluded
such events in our evaluation of timeliness and potential timeliness.

The average timeliness for audio was 1.4 seconds, at an average potential timeliness
of 47%. The median timeliness is 1.3 and median potential timeliness is 43.8%. This
indicates that audio based detection system waits about half the available time before
generating an alert. While it is debatable whether 1.4 seconds is sufficient time to take
evasive action, future work must focus on improving the potential timeliness of the sys-
tem to as close to 100% as achievable. The lowest observed timeliness was 0.6 seconds
with a 33% potential timeliness. In addition to improving the average timeliness, it

is also important to improve the minimum timeliness observed. This is because if this
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falls too low, the alert is effectually useless to the cyclist.

One of the reasons for potential timeliness being so low for audio is the fact that the
classifier component tries to differentiate between front approaches and rear approaches
using features that tend to depend on the length of the event. For example, both
spectral centroid and spectral entropy show a longer variation for a rear approach
event, while showing a similar, though shorter, variation for front approaches. This
dependence on the length of the event causes the delay in prediction, which lowers
potential timeliness. In order to improve timeliness, we may need to use other features
that differentiate front and rear approaches without depending directly on the duration
of the event. Microphone arrays[10] have previously been successfully used to determine
the source location of sound. Parabolic microphones, which use a reflector to focus
sounds, can be utilized to increase capture sensitivity. Even though this means vehicles
can be heard earlier, it could mean reduced accuracy due to increased noise levels. Some

other approaches for this are discussed in 5.1.

Realtime Performance

This section describes the end-to-end performance costs of the audio based detection
system, as it runs on the netbook hardware. It also investigates whether the system is
able to run in a realtime manner, without any buffering delay.

The audio based detection system was able to perform at the required 10 frames
per second over three trials of 5 minutes each. Figure 4.2 indicates how fast each of the
various components in the audio pipeline can be calculated. The slowest component is
the calculation of FFT, which can only be processed at a speed of about 100 frames
per second. We only need to process 10 frames per second to become realtime.

The real world implications of this result are that we can afford to build an audio
based system using much slower hardware. Slower hardware usually uses less power,
and is comparatively more affordable. This drives down the cost as well as saves much
valued battery life. Lower costs and longer battery life translate to improved overall

user experience when building a real world product.
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Figure 4.2: Audio Performance
Graph plotting maximum frames per second possible for various audio processing com-
ponents. The top most bar represents prediction by the classifier model, and the rest
of the bars represent various other audio features.

Energy Efficiency

This section describes the evaluation results related to energy requirements for audio
based detection. Table 4.2 presents the power consumption rate for audio based de-
tection in comparison with CPU idling, a movie player playing a 480p video as well as
video based detection system (based on data from [40]). Clearly, audio based detection
utilizes very low power in order to function. The power consumption is close to that of

an idling machine, which represents a large advantage in terms of battery life.

Power consumption in Watts
Idle 6.4
Audio 8.5
Movie player 12.4
Video 14.2

Table 4.2: Power Consumption For Audio Detection
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Figure 4.3: Battery Percentage Drain For Audio Based Detection
Graph which plots how fast battery is drained for audio based detection. For compari-
son, battery drain during idling, a movie player playing a 480p video and video based
detection system are presented together.

Figure 4.3 represents the rate at which the battery discharges when audio based
detection is running in the system. To avoid any adverse effects of variation in battery
discharge rates, all tests were conducted by recharging the battery to the same initial
charge levels. In comparison to other usecases like watching a movie, the battery
discharge rate is much lower. This indicates that the system can keep on running
without needing a recharge for much longer. Another advantage is that when building
a real world product based on audio, the system can afford to use a much lower capacity
battery. This reduces both the size and weight of the system as well as the cost of the
system. In other words, higher energy efficiency and performance imply that an actual
product built based on audio can be comparably lighter, smaller and cost-effective than

a video based system.

4.2.2 Comparison With Video

In this section, we will investigate how the existing video based detection system com-

pares with the audio based detection system. We will make the comparison based on
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four different aspects of the system: (i) accuracy, (ii) timeliness, (iii) realtime end-to-end
performance, and (iv) energy requirements.

From [40], we know that the accuracy rate for video based detection is 73.1%. Table
4.3 compares the accuracy results of video obtained from [40] with that of audio. As
we can see, the results are very close to each other. Video tends to perform marginally
better at detecting rear approaches compared to audio, while audio tends to perform

more consistently with less false alerts generated.

True Positives | False Positives | False Negatives
Audio 18 2 2
Video 19 6 1

Table 4.3: Detection Accuracy: Audio Vs Video

When it comes to timeliness of alerts, video clearly outperforms audio. From [40],
we know that the average timeliness for video alerts is 3.5 seconds, which is well above
the 1.4 seconds observed for audio. Any additional time available to the cyclist can
make crucial differences when it comes to avoiding accidents. One of the reasons video
outperforms audio is the fact that vehicles tend to become visible much more earlier than
when they become audible. They can be seen by the camera from much larger distances
before the sound from them can make a noticeable impact on the microphone. This can
potentially be rectified by using more sensitive microphones to some level, though we
may have to deal with an increase in the associated noise levels. Video also outperforms
audio when it comes to potential timeliness. Video based detection produced alerts
as early as 92% of maximum achievable time, where as audio only managed 47%. In
order to become as effective as video, audio based detection must improve on both
these metrics. It is possible that audio may never achieve the high timeliness levels
achievable by video, since vehicles can be seen at much longer distances in case of video.
However, it should be enough for audio to achieve a consistently high level of timeliness,
where the cyclist has a reasonable amount of time to take preventive action. This can
be achieved by improving potential timeliness to close to 100%, as the average time

that audio was heard for a rear approaching vehicle was 2.83 seconds.
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Another significant difference between audio and video is the inability of audio to
determine the level of danger of a rear approaching vehicle. According to [40], the video
based system tracks the rear approaching vehicle and produces an alert only when the
vehicle enters the virtual safety zone, which is defined by a 3-feet zone around the
biker. However, in our evaluations, we observe that audio alerts are generated much
later than the corresponding video alerts, and hence the vehicles were much more closer
to the biker compared to video. This indicates that any approach to generate alerts
based on level of danger must first improve overall potential timeliness. To further
differentiate rear approaches based on danger, a possible approach is to annotate the
data specifically based on the vehicle entering the virtual safety zone rather than when
they are heard. We can further create a prediction model based on these annotations,
which can differentiate a benign rear approaching vehicle from a dangerous one. How-
ever, it is quite possible that the vehicle begins to be heard only after it has entered
well into the virtual safety zone. In such cases, we propose the use of more sensitive
microphones to capture audio. This could lead to a trade-off in accuracy, because the
increased sensitivity also increases the amount of noise captured by the system.

An area where audio outperforms video is realtime end-to-end performance. Audio
runs at full realtime frame rate, while the prototype implementation of video based
detection is running at a much lower rate of 3.6 FPS [40]. At full speed, video must
operate at 30 frames per second. This indicates that video based must detection must
tradeoff accuracy in order to run at full rate on the given hardware[40]. Compared to
this, audio already runs at full speed on this hardware, and result indicates that it can
be realized on much slower hardware. The main reason for this disparity is that audio
processing algorithms tend to handle much less data when compared to video and tend
to be computationally much cheaper compared to video algorithms.

Audio also outperforms video when it comes to power requirements, as is clear from
table 4.2. This can be attributed to the large difference in computational requirements,
which are very low for audio. Audio also tends to use much less Random Access Memory
(RAM), as the amount of data involved in the process is much low in comparison.

Another key difference is the usage of GPU by the video based detection model, which
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is used by the tracking component[40)].
From this discussion, it becomes clear that audio based detection is much more
hardware efficient and power saving than video. It displays comparable accuracy to

video, but needs improvement in the aspect of generating alerts early.

4.2.3 Augmenting Video

In this section, we will discuss the advantages and disadvantages of combining audio
and video detection systems in a simple manner. For the purpose of this evaluation, we
imagine that both systems were installed on the bike separately and were generating
alerts independently of each other. The purpose of this experiment is to investigate
the motivations for a combined multi-modal approach as proposed in [40]. In order to
evaluate, we investigate each event case-by-case for both audio and video and record
the results of their simple combination. Obviously, it is sufficient for one of the systems
to generate a correct alert for successful functioning. On the other hand, both systems
need to be consistent in order to achieve overall consistency. As both systems are
attached to the bike as two separate systems, their energy and efficiency constraints
are independent of each other, and hence not considered for evaluation.

The results of the experiment are as shown in table 4.4. The overall accuracy of
the system is 74%. This is close to the 73.1% reported by video[40], but lower than the

81% reported by audio.

Positives | Negatives
True 20 N/A
False 7 0

Table 4.4: Accuracy For Simple Combination Of Audio And Video

One interesting observation from this experiment is that the number of false neg-
atives drop to zero. The resulting system did not miss any of the rear approaching
vehicle passes. The single case of missed alert from video is due to another rider fol-
lowing the cyclist who occludes the rear approaching vehicle[40]. Audio is unaffected

by this and a correct alert is generated. The two cases of false negatives where audio
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detection missed rear approaching cars were due to sudden road noise and noise created
by front approaching cars. Video was unaffected by this and produced correct alerts.
The resulting timeliness for the combined system is much closer to that observed on
video. This is because video generates alerts much earlier than audio for almost all
observed cases.

A slight disadvantage to this combination was the increase in the total number of
false alerts. This is because false alerts in this type of combination have an adverse
cumulative effect, where as true positive cases tend to rescue each others faults.

From this discussion, it becomes clear that there is a strong case towards combining
audio and video towards a multi-modal detection system. Overall vehicle detection
rate and timeliness of alerts improved, at the cost of consistency. Since the power
requirements and efficiency requirements for audio are much low compared to video,
the costs of accommodating audio into an existing video based system could not be too

prohibitive.
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Chapter 5

Future Directions

In this chapter, we present several future directions that can be explored in order to
expand the research proposed by this thesis. Firstly, it presents various ideas that can
potentially improve timeliness and accuracy of the audio based detection system. This
is an important direction to work on, as improved accuracy and timeliness is directly
proportional to the effectiveness of the alert system. Subsequently, we present some
interesting approaches towards combining audio and video into a single multi-modal

detection system.

5.1 Using Multiple Microphones

Section 4.1 suggests that audio based detection mechanism suffers from low potential
timeliness. In other words, alerts are generated much later than what is ideally possible,
and the cyclist gets much less time to take preventive action before the vehicle passes
the bike. This is mostly due to the fact that audio features that are used for prediction
have to distinguish between rear and front approaches based on the duration of the
event. For example, figure 5.1 indicates the variation of SPC for front approaches and
rear approaches. Clearly, the classifier is dependent on the duration of the event to
make a positive distinction between the two cases, since the feature shows a similar
variation in the beginning of the curve. Any prediction can be made only after ruling
out a front approach event. This affects the timeliness of the alert adversely.

To improve this situation, we can distinguish rear and front approaches through
other indirect methods. One possible way to do this is to use two microphones, one
turned towards rear and another towards front. The front facing microphone must

be sufficiently shielded from the wind for this to be effective. Once set up, we can
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Figure 5.1: Spectral Centroid Variation When Vehicle Passes The Biker.
The rear approach event causes the SPC value to rise gradually and more higher. The
front approach event shows a shorter and lower rise in SPC. (This figure is the same as
figure 2.3, copied here for the reader’s convenience)
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differentiate front and rear approaches by comparing the features generated by the two
microphones. This works due to the fact that both microphones will register the events
slightly differently. A front approaching vehicle will clearly have a bigger impact on
the front facing microphone. This method of distinguishing front and rear approaches
should work faster than the current approach, since we no longer depend on duration
of the event.

The addition of another microphone brings only a small increase in hardware costs.
Since audio processing algorithms are relatively light, the additional load on the system

will not make much impact.

5.2 Filtering Frequency Bands

Another direction of research, which has the potential to improve the effectiveness of
the system, is to filter out the effect of road noise. Instead of focusing on the entire
spectrum, it is possible to isolate the bands where the noise due to the road surface
are prominent, and filter them out before generating features. Since most road surface
noise is low in the frequency, a well designed high-pass filter or a band-pass filter can cut
out the impact of the road surface. A high-pass filter attenuates the lower frequencies
below a certain threshold frequency, while permitting the higher frequencies to pass. A
band-pass filter works similarly, though it can attenuate all frequencies except a given
band of frequencies within the spectrum. Once the spectrum is free of bands strongly
influenced by noise generated by road surface, the generated features are less affected
by the noise.

However, while selecting the frequency bands to avoid, care should be given so that
we do not filter out those bands that are strongly influenced by rear approaching vehicle
activity. The overall effect of such filtering, if successful, will be an increase in accuracy
and consistency. A sudden rough patch on the road will not confuse the detection

system or create false alerts.
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5.3 Combining Audio And Video

In section 4.2.3, we presented some preliminary results of a simple combination of audio
and video, in order to investigate the benefits of a combined multi-modal approach pro-
posed by [40]. The results indicate a slight overall accuracy improvement over video,
and most importantly, the resulting system eliminated all false negatives. In other
words, the combined system detected all rear approaching vehicles correctly. In this
section, we describe possible design directions for a Cyber-Physical Bike that combine
audio and video detection systems together. Two approaches are presented in the fol-
lowing sections. Firstly, both the systems can be treated as black boxes and combined
at the alert level. A second way of combination involves integrating feature level infor-
mation from both levels within each other. In the final section, we attempt to tackle
the issue of performance, which arises when we combine audio and video together. In
order to overcome the performance constraints, we propose a cloud based approach,

which pushes costly computation to a central server.

5.3.1 Alert Level Combination

This architecture treats the two detection systems as independent, non interacting sys-
tems. The combining mechanism looks at alerts generated from both systems and
performs a linear weighted combination to maximize accuracy, timeliness and consis-
tency. A resulting architecture is described by the Figure 5.2. As an addition to this
model, the audio and video subsystems can provide accuracy estimates depending on
environmental conditions so that the combiner can perform the alert generation using
dynamic weights. For example, the system may give more weightage to audio during
failing light conditions, under which video accuracy may be low. On the other hand,
the system may give more weightage to video under severely noisy conditions where
audio accuracy could be inconsistent.

The advantages of this system is that it is quite simple to build. We can upgrade or
replace either of the individual detection systems without affecting the implementation

of each other. The only change required is that the the weights associated with each type
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Figure 5.2: Alert Level Combination Architecture

of alert may change. This is also one of its disadvantages, as feature level information
from one system can be useful in performing optimizations within the other system,

thus improving the overall efficiency.

5.3.2 Feature Level Combination

It is possible to create a truly integrated audio and video detection system that uses each
others internal features to boost accuracy or increase efficiency. The architecture can be
visualized as each subsystem providing feedbacks to each other to improve accuracy or
efficiency. This form of cross-modal feedback to increase the adaptivity of the system is
also suggested by [40]. The figure 5.3 represents a feature level combining architecture
for audio and video subsystems.

As an example for feedbacks, audio RMS levels can give us an indication of whether
the bike is parked or moving. This information can be used by video to switch off its

operation while being in parked state, in order to save energy. In a different approach,
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video could reduce its input frame rate until audio starts a positive detection, which can
save valuable energy. The same trick can be applied during low light conditions, when
video detection accuracy may be low. Low light conditions can be determined by the
video detection subsystem, or could simply be based on timezones. The system then
switches to audio based detection as its primary alert mechanism. The same technique
can be applied in the reverse direction; if video accuracy levels are high enough, then
audio detection could altogether be switched off to save energy. As an addition to
this design, we can build a feature level combiner that uses a truly integrated classifier
model based on features generated from audio as well as hints from the video detection
system. In future, this sort of architecture helps us to bring in more information from
other sensors like the gyroscope, GPS or accelerometer into the system, so that the full
power of combined multi-model sensing can be utilized.

The upside to this design is that it can combine audio and video features in unique
and advantageous ways, which could result in better performance and accuracy. How-
ever, this design is rather complex and both detection subsystems are no longer in-
dependent with respect to each other. Any improvement in video or audio detection
systems cannot be directly integrated into the system. For example, if a key feedback
for the integrated system depends on one of the specific audio features, there may
be some difficulty in replacing or removing that feature from the audio system in the

future.

5.3.3 Cloud Based Prediction

In a combined system that utilizes both audio and video, the associated performance
costs can drive up the costs of the hardware. It is possible that we may need to make
trade-offs on accuracy in order to comply with the performance constraints. How-
ever, with fast wireless network technologies like 3G /4G available through smartphones
nowadays, we can solve this problem by pushing computationally intensive operations
to the cloud. In this design, the sensors in the Cyber-Physical Bike capture streams

of realtime information that includes video and audio, and send it to a central server.
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This server analyses the information, performs costly operations like generation of au-
dio features, optical flow analysis and vehicle tracking, and sends back alerts to the
Cyber-Physical Bike. Current mobile wireless technology is capable of supporting such
bandwidth and latency requirements, as demonstrated by the introduction of video
calling applications like Skype[39], which work over 3G.

A cloud based approach has the advantage that it can afford more computationally
complex predictive models and feature generation. This can bring in improvements in
accuracy. As an added benefit, the centralized nature of the system encourages more
elaborate model construction, using accumulated historical data from multiple users.
This could lead to improved models, which can handle more edge-cases. However, a
cloud based approach requires consistent network quality through out the duration of
the bicycle ride. This issue becomes more relevant to rural bike routes, where network
coverage may be incomplete or inconsistent. In addition to this, a cloud based approach
also has to deal with network latency issues, which can vary across the bike route. Any
delay in the network can potentially delay alert generation and reduce the effectiveness

of the alert.
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Chapter 6

Conclusion

In this thesis, we introduced the design of an audio based Cyber-Physical Bicycle to
improve bicycle safety. We proposed a system that augments the ordinary road bicycle
with a microphone and computational capabilities, in order to detect rear approaching
vehicles automatically and alert the cyclist. The aim of this system is to reduce the
cognitive load on the biker while riding on roads amidst other vehicular traffic. The
design of the system involved generation of audio features that correlate well when a
vehicle approaches the biker from behind. A classification model was then constructed
based on these features which predicts a rear approaching vehicle.

Through evaluation of our prototype system, we determined the feasibility and ef-
fectiveness of the system, and also compared it with the existing video based detection
system proposed by the Cyber-Physical Bike project[40]. In addition to this, we in-
vestigated the potential for a combined multi-modal detection system comprising both
video and audio, by evaluating a simple combination of the audio detection system with
the results of the existing video based detection.

The key conclusions of this thesis are as follows:

e The evaluation of our prototype clearly suggests that an audio based detection

system for the Cyber-Physical Bicycle is feasible.
e The system performed with high level of accuracy (81%) during our evaluation.

e The average amount of time provided to the cyclist to take preventive action
after an alert was 1.4 seconds. The lowest was 0.6 seconds. This time forms a
low percentage (47%) of the duration for which the vehicle can be heard before it

passes the biker. This is a limitation to the system, which requires improvement.
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The system can function and produce alerts in realtime, while running at the
required frame rate without any buffering delay. The system does not utilize the

hardware to its full, and indicates that it can be realized on much slower hardware.

The system can function with very low power requirements, and presented a
battery discharge rate of 8.5 Watts. This discharge rate is very close to the idling
requirements for the hardware we used, which indicates that the system can run
for several hours without requiring a recharge. Additionally, the system can be

realized with much lower capacity batteries.

The three audio features presented in the design, Spectral Centroid, Spectral
Entropy and Root-mean square amplitude display good correlation with a rear
approaching vehicle event. Other features including Zero Crossing rate, Spectral

Roll-off and Spectral Flux together reinforce the accuracy of prediction.

The system is susceptible to the road surface noise as well as noise caused by front

approaching vehicles.

When compared to the video based detection system, the audio based system

performed with a comparable accuracy. (81% vs 73% displayed by video)

When it came to timeliness of alerts, which indicates the time provided to the
cyclist to take preventive action, the video based detection system performed
much better when compared to audio. (3.5 seconds when compared to 1.4 seconds

by audio).

The audio based system performed with much better end-to-end performance and

significantly lower battery requirements when compared with video.

When we combined both detection systems trivially, the resulting system per-
formed with slightly higher (74%) overall accuracy than video and eliminated all
false negatives. In other words, the combined system generated alerts for all rear
approaching events without miss. The system could also generate alerts much
more earlier than audio. This indicates that there is a strong case for building a

multi-modal detection system by combining video and audio together.
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We found that the audio features that we currently use to distinguish rear and front
approaching vehicles are dependent on the duration of these events. This is causing
the alerts to be delayed. In order to improve this, we suggest the use of multiple
microphones, one facing the rear and another facing the front, as a possible future way
of distinguishing front and rear approaches. In order to reduce the effect of road surface
noise, an approach based on filtering out noisy frequency bands is suggested. The thesis
also suggests future design directions for a combined multi-modal approach based on a
simple weighted alert level combination, as well as a more integrated, feedback based

feature level combination.
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