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PREFACE

The language of this report is UK English. Natural numbers from one to nine will be written out in letters, while
numbers above nine will be written numerically. An exceptiothis is where the numbers are of high
statistical importance, in which case also the numbers from one to ten will be written with numbers.

References will follow a variant of the AMSalpha standard [AMSalpha] developed by the American

Mathematical Societyt K & YSIFya GKI G NBFSNByOSa sAff 0SS 6AGKAY
name or an abbreviation, followed by the year published if this is available. If the author has multiple releases
within one year then the alphabetical letters will beed. Examples of this are [Blinn79] and [Foley95a].

All referenced papers and websites can be found on the accompanied CDRefidrencesolder. Internal
references wilbe enclosedn italic, likethis: "1. Introductior'.

When external images are usethe name of the source will be written in parenthesis in the figure description.

File and folder names as well as cadenathematical expressionsill be written initalic.
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1. INTRODUCTION

Traffic safety is a priority of Danish politicians and Iba@sn so for many yeaf&ommO09], andliis focus has led
to improvementsin traffic safety. However, dmite of these initiativesn 2008 406 people were killeth
Denmark 2831were seriously injured, and 3092ere slightly injured StatistikO&].

By logical reasoning it makes sense to asstimat a considerable amount of these accidents occur when a

road user collides with one or more objects. This could be a vehicle colliding with a static object or two vehicles
colliding with each other. The human eye is fed a very large amount of impnasshd many of these are

filtered out leaving only some of the impressions to be processed at a higher cognitive level [Wolfe09].

This means that i road useis not paying attention or getdistracted for just anomenthe can miss vital
informationwhich couldbe crucial in preventing eollision. It also means thatiifis possiblgo prevent
collisions, it would be easy to draw the conclustbat there will be a decrease in the number ofédl and
injured in the traffic.

One approach to this pldem is by using computer vision to allow computers to see where humans can not or
react where humans are too slowhere must bemmaccident situatiorthat computer vision can helprevent

or an object that could thrive from being recognized automaticallyis leads us to this project: We want to

take a stab at saving livestime traffic by the use of computer vision.

1.1 [INITIAL PROBLEMSTATEMENT

Based on thenotivation inl Introductionthe following initial problem statement is agreed upon:
"How can one prevent collisions in traffic accidents by use of computer Vision?

The magnitude of the problem will be looked at in thre-analysis. Statistiosill be looked at to shed light on
who are the most vulnerable, and whéne more common collisionelated accidents ardt is also relevant to
look at state of the artn the field of traffic safetyand what is being done to prvent collision between vehicles
and between vehicles andulnerable Road Users (VRUlo limit the focus we will only look at state of the art
involving computer vision.

! Pedestrians, cyclists, moped riders, motorcyclists, etc.

Pagel of 98
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2. PREANALYSIS

The purpose of the pranalysis is simply to go from a state of motiga for solving a loose and wide problem
to define a specific problemwhichis possible to test.

As stated in the initial problem statement the task igpr@ventcollisions But thereare a lot of different traffic
collisionsinvolving differentparties and circumstances. An obvious question to ask istwkind of collisions
happen?s there a way to classify the collisions in order to do a qualified selection amongst them, or maybe
they are so alike that the solution to prevent them is the samall situations?his chapter will try to get a
better understanding of these questions in relation to this project.

2.1 PARTIESINVOLVED INTRAFFICACCIDENTS
All collision accidents can by logical reasoning biglédinto these three sections:

e Solo accidents involving only one road user
e Two-party accidents
e Multiple-party accidents

Theremaybe major differences between the cause of accident of the three sections. It is reasonable to believe
this would also result inery different solutions.

If only theinitiating part of a multiple-party accidents studied it can in princip be regarded as a twparty
accident, as the collision has to start with a collision between parties and then becomes multiple-party
accident when more road usegetinvolved. This is the reason why multigdarty accidentsare considered to
be a complicated kind dfvo-party accidentandwill not be independently elaborated on further

Looking at statistics from Statistics Denmaskseen irFigurel it is apparent that more than twice as many
accidents with two parties occur compared to salridents

16000 14857
14000
12000
10000
8000
6000 4993
4000 ——
2000 -
0 -

1534

One Two More

Figurel: No. of partiesnvolved intraffic accidenty20052008) [Statistik08a]

Therefore it makes sense to look at typarty accidents.

2.2 STUATIONS INTRAFFICACCIDENTS

In order to select a specific situation where collisions occur a number of chraseso be made. Thiprocess
followsa chronological order so that the most general cho@esmade in the beginning, ending up with
decisions between a couple of narrow possibilities. llieof choices before ending withspecific kind of
collision is:

Page2 of 98
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e The choice between collisions between two vehicles and collisions between vehiclgfRarsl
e The choice between specific vehicles or spetifRtJs
e The choice between different standardized accident situations within the already chosen categories.

The choice between collisions between two vehicles and collisions between vehiclé&dsglare primarily
made in the light of earliecomputer visioarelatedinitiatives taken within the two areas.nfargumentfor
choosing one over the other is if thereadlifference betwveen the extentof research doneand products made
within the given areaThere will therefore be taken a look at the state of the art project®i2.1.1Collisions
Between \hicles and"2.2.1.2Collisions Between Wcles and VRUsn the sections below

We choose not to focus on collisions speaily between VRUs and other VRU®dsok at statisticshows
that nowhere near as many people are injured and killeddhisions between/Rl$, as seen ifrigure2.

12000
10000
8000 ——— ———
6000 — —
4000 -
2000 -

0 -

9740 9331

1973

VRU against vehicli VRU against VRI Vehicle against vehicle

Figure2: Injured and killed in traffic accidents (20R608) [Statistik08a].

2.2.1 STATE OF THEART

Today a number of technologi@ghichcan prevent collisiongsing computer visiohave been developed and
used by vehicle manufactures. In order to gain knowledge and get inspired, these technologies will be
researched and described:his nextsection wil look into initiatives and solutions made towardscreasing

the amountof collisions between vehicleBollowing will be a section on the initiatives done to improve traffic
safety between VRUs and vehicles.

2.2.1.1 COLLISIONSBETWEENVEHICLES

The Intelligent &@r Initiative[Commission06by the European Commissitias put up a framework of solutions

in which they are working towards%0%reduction of traffic fatalitiegrom 2001to 20100n European roads.
Solutions to infornmthe driverand keep the car on thepad are made and are used in many newer cisfany

of these systems are designed to reduce collisions, fatalities and ensure a safer environment. Investments to
increase the research, development and deployment of such solutions have been made sinem@@0day
systemsare monitoring, informing and guiding the driversvariousways.

The Intelligent Car Initiative has dedicated itself to work towards a world wtergedo not crashn the past
eight years over 400 millioBuroshave been investeth research, development and deployment of intelligent
systems, to increase the safety and reduce the amount of accideipening on the European roads
[Commission06]it is therefore relevant to take a look at what initiatives they have been involved in

Thelntelligent Carnitiative works as a framework combining activities related to intelligent auto mobiles. They
have listed a wide range of technologies and systerigh arein use todayor under development. Some of

Page3 of 98
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those used today are Antbck Baking System (ABS) and Electronic Stalfiidgtrol (ESCand other
techniques such asbstacle and collision warning systeare under development oalready available

A number of different techniques to prevent vehicle vs. vehicle collisions eristisoa solution to prevent cars
deviating from their lanes with the risk of colliding with a nearby car or an obstacle along theSohattbns
preventingcarsfrom deviating from their lanearetoday used by Audi, Volkswagen, Citrpé&nd Lexus among
others [Kohoutek08]

Figure3: Lane Assist by Volkswag@olkswagen)

In general thessolutions involveimage processing by having a camera take images of thewbédda

computer rursfilters that determine the lane markers on the road in real time. These systems can then inform
or alert the driver, either visually or with vibration; some of them can even take control of the steering and
correct the direction if thecar is about to derte from its lane.

Issues with carsinvolved inaccidents when changing lanes or when the driver overlooks another car positioned
in a blind spot ar@ddressed by having two sensors monitor the rear blind spots of the vdRQizi®8]

With the solution fom [Qiu08] the driver is warned visually with a signal in the mirror and discreet vibration in
the steering wheel, if a moving obstacle is located in the blind spots on the car, when the driver is about to
leave his current lane, as seenHigure4. The system is activated when the driver activates the turn signal

[Qiu08]

Figured: Signal warns driver if@ar is in the blindpot (Smartmicrp
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It can be concluded that technology to prevent cars from deviating from their lanes exists in sareats.

Another type of collisioris front-to-back collisions. When looking tis kind of collisiona system called

Collision Waming System has been created to increase driver awareness and warn the driver about overlooked
obstacles or a podsle collision with another car.

A warning is essential when the driver is distracted or overlooks a possible risk. When implementing this
system it is often combined with other solutions that utilize radar or ldsesed technology, which is usefol
prevent rearend collisionse.g. when parking the car. In such cases the system is called park assist or reverse
assist, as seen in trucks mewer cargKohoutek08] This can be characterized as a system that protects
material possessionsyhich is not the focus of this projeand will probably not be looked at further

When driving in dense traffic or at high speed behind another vehiolisions may occur if thear in front
suddenly brakes and thdriverin the vehicle behindloes not react fast enough. A solution to these situations
is to inform the driver and automate an emergency brake for the driver if there is no reaction to timénga
given. Such systems are called Adaptive Cruise Control (ACC) and Active Brake AssistsgeBAlFigure5
[Schneider05].

< 3 -
- e et e Ao

Warning

Brake Support

Figureb: Active Brake AssigFord

The intention with ACC and ABA is td@natically adjust the speed and distance according to the vehicle
ahead of you and automatically keemafe breakng distance.

Clo=ly related to Adaptive Cruiseo@itrol are speed alert systems that constantly inform the driver when the
speed limit is reached. Speed alert is helping the driver to have awareness of his current driving speed which
decreases the risk and consequences of hgan accident occuSpeed alert cafunction byGPS or bjaving

a camera record and read speed limit signs, and if the driver exceeds the postd l#pit the driver is
alerted[Marsden00]

The technologies looked at so far works regardless of what time of the day it is. There aechisques
which are specifically designed for night timheving When it comes to aiding drivedsiving while it is dark or
while on long trips systems such asight Vision Enhancement and Drowsinegsection exist Night Vision
Enhancement systeswork by having an infraredamera, located in the frorgrill ofthe car, detect infrared
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light waves. The footage is transmitted to a monitor located indhshboard This gives the driver an overview
of the roadahead when driving at night [icar06].

To pevent drivers from falling asleep whenidng, the Dowsinessdetection system wiks by having a

camera targethe face of the driver, focusing on the eyes. Heredrdd light is used to light up the drivers eyes
and make them shine brightly for a caménaorder for it to be able to track the eyemfrared light falls outside
the spectrum of light visible to the human etreus the driver is not affected by the ligitvolfe09]. The
timeframe between each blink is monitored atfte systemwarns the drivemwith light, sound or a vibrating
steering wheel if the drivé® eyes remai closed too longSayed0®

The car industry seems to take great effort in protecting their custonieygu buy a car equipped with one or
more of the mentioned technologies offered by the various car manufacturers it is reasonable to assume you
are more likely to avoid collisions with other vehicles. With all the presented technologies combined the car
appears to beprotected against collisions all around the cBurther investigations of vehicles colliding with
vulnerable road users will be made.

2.2.1.2 COLLISIONSBETWEENVEHICLES ANDVRUS

The following section will look dtitiativesattemptingto decreasecollisions in accidents where one partis
Vulnerable Road &ér.

The Danish Road Safety and Transport Agency (R83&jocus onsensor technology regarding righirn
accident§RSTAO8]They mention a major project calleBAVEJ [SAVEUOS4s one ofthe forerunners in the
field. Since the RSTA is the authority on road safety in Denwlaidh makes their conclusionguite relevant.
The purpose of th&AVEJ project has beerto develop an integrated safety conceiptvehicles to protect
VRUs.

The SAV project used both radar sensors, IR and video cameras. At the end of the project, in 2005, the
conclusion was that the system was not good enough to be used in practice. RSTA also stated that the
developed system, and all similar systems worldwide, weateable to identify all the VRUSs that they should

have detected. The best system detect®dut of 10 VRUand less than 1 out of 10 detections were there was

no VRU which was not deemed acceptable. One argument for this is, that a sensory systempéisattd

detect all VRUSs, would give the driver a false feeling of trust. RSTA also stated that they expected that optimal
sensory systems would be developed in1D yearslt is reasonable to believe that since the release of the

2005 report progress haseen made within the field both in regards to research and technology, which makes

it likely that an improved system already exisibe following sectionwill look into the latter part.

A survey from 2007 [Geronimo07] summarizes 11 related state ofrthgrejectsconcerning systems designed
to protect pedestriansBecause of the groundwork already done in gusvey the following sections will be
based on the informatioin it. The surveystates that in the field of pedestrian protection systems using
computer vision, two different linesf work are being researchedn® based on images of the visible spectrum
(daytime) and one based on thermal infrared (mainly for nigyne).

The survey argues thaib comparative framework existed for comparing thgwotection systems. The report
proposes a common framework based on the main subtaskedéstriandetection, and used to give an
overview of the techniques and main challenges for the future. To conmparél projectsa list of modules
covering the prts of pedestriandetection systems, using comgaun vision, is used. They are:

e Preprocessing obtainingoriginal image and applyinginor adjustment such as gain
e ForegroundSegmentation- isolating targts.

Pagesb of 98



MED3 - Right Vision - Group 381

¢ Object dassificaion - classifyingpedestrians aspedestrians.
e \Verification and Rfinement- verifying that pedesians are in fact pedestrians
e Tracking andApplications- alarm system, etc.

The report concludes that the methods used in each module must still be improved before one can expect
convincing results. It continues by describing strengths and weaknesses for various techniques.

First, the reporlooks at techniques used for Foreground Segmentation. Strengths of ForegregneBtation
based orbinocularstereo(allowingdistance neasuing with twocamera3 are: ®bustness to illumination

changes and provided distances are useful to determine regions of interest at the foreground segmentation
itself, for tracking and as associated information of the detected pedestrians. Drawbackglamohiputation

times and problems when uniform areas appear. Despite this, the report still concludelsitlogularstereois

a reliable technique. Another technique, rough appearance, is, according to the report, not so promising, since
it doen't seem sifficient by itself.

The report then looks at techniques f@bject @assification. The first technique is silhouette matching which
matches objects with a heaghoulderslike pattern to identify a pedestrian. Finer template matching is also
possible. Howeer, the report quickly concludethat silhouette matching is naufficient. Itrelies onan
appearancebased application called feature extractiarich is amethod able to identify pedestrians by
comparing features with existing examples of pedestrianson-pedestrians. However, the report also
concludes that there is a lot of work to be done in this field as well.

The next step is verifying if all the objects are in faedlestrians A lot of projects use previously mentioned
techniques, for exampleybcombining them. One suggestion Isato analyze the gait patterfor a pedestrian
walking perpendicular to the cameravhich of course requires that the target is first identified as being a
pedestrian. Aracking filter called the Kalmdilter isvery populardue to it being able to predict the trajectory
of a moving object effectivelyrinally the report states that it is hard to determinghich is the better
approach because of the constant impvementswithin all the fields.

Several recent gorts go intogreat detail inexplaining different approaches to detect VRUs [Gandi08,
Gavrila06, Jung09]. They explain how to use silhouette matching, riotised detection, depth segmentation
using binocular stereo and much mofikhe reports are too deiiled todissect at this point, but they seem very
useful for later use.

A lot is being done in the field of VRU protection systems, but it does not seem like any of the systems have
been a huge success. Since these systems are built to save lives gent pnguries, they have to live up to a
very high standardAs earlier mentioned the SAMEproject achieved auccess rate of detecting 9 out of 10
VRUswhichwas notdeemed effectiveenough. A lot of projects have potential but mainyplemented
systemsseem tosuffer fromlack ofcomputatioral power for the calculations needed @ust some minor
improvements.

Summary

Compared to collisiongetween vehiclest seems there are lesgorkinginitiatives when it comes to

preventing collisions between vehidand VRUgven thoughsomething is still being done. At this point it is
not clear which of the twdhat needadditional attention since there are several initiativeaoth caseslt is

now relevant to look into what statistics can tell aisout the frequency and differences between the two kinds
of collisions
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2.3 COLLISIONSTATISTICS

It has now been looked athat is being done to prevent collisions between the involved parties, and it is
clarified that more focus is directed at protectingampants in collisionsetween vehicleshan the othercase

To be able to narrow the area of interest further down and reach the final problem statement it is now relevant
to look into what statistics tells us about these collisions: How many peoplalbeé &nd injured in théwo

cases?

During the following section statistics concerning the amount of collisions in the Danish traffic will be gathered
and interpreted. These statistic®verthe difference between accidents withjuries or afatal outcone in the
situation with two vehiclegollidingversus the situation with a vehictslliding witha VRU.

It is important to note that the statistics about traffic from Statistics Denmark only include injuries reported by
the police. In order to examine theo-called underreporting of figures Statistics Denmark has since 1996
conducted a studyvhere data on persons treated by casualty wards have been included. The studies have
shown that the total number of injuries is almdste times higher than the numlreregistered by the police.
However, the coverage with respect to persons killed is almost 100 pef $tattstik085.

As seen irfrigure6 the difference between theumber of fataly injured persons in the two situations are
rather small. There is a tendency towards more fatal injured in the vehicle agéRidsituation with a total of
566 persors reporteddead in the period 2002008 compared td15dead persons ithe situationinvolving
vehiclescolliding with vehicles

600 566

515

500 -
400 -

300 -

200 -

100 -

0 -
Vehicle against VRI Vehicle against vehicl

Figure6: Fatally injured inraffic accidents (2005 2008)[Statistik083.

Somewhat the same pattern is revealed when it comes to the numbers of slightly and senijurglgl persons
(SeeFigure7). The tendency leans towards more people being injured in vehicle agéRidsituations.

PageB of 98



MED3 - Right Vision - Group 381

10000 9501 9331

8000 -

6000 -

4000 -

2000 -

0 -
Vehicle against VRI Vehicle against vehicle

Figure7: Slightly and seriously injuredtmaffic accidents (20052008)[Statistik083.

It is important to consider the amount of the different groups in the traffic. Accordirgntitiativeby the
Danish Road Safety CoulfSikkertrafikOT the risk of geting injured or killed is six timdargerper diiven
kilometrewhen riding a bicycle compadéo driving a car.

The development of people killed inad traffic has been on a somewhat steady decline from 1998 to 2007
where it seemed to rise again, segure8. Compared to the decrease of 2% of the number of people killed as
pedestriansgyclists mopedridersand motorcycleridersit seems like the safety for VRUas not changed
significantly the past 10 yeagre/hile the safety for &r drivers seem to have improveédven with two years of
increasing deaths in 2068008)
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er
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Figure8: Deaths irtraffic accidents liste@fter means of transprtation [Statistik08a]

Based on what we have learned from statistics and further backed by state of the art where a clear difference
between successful initiatives was shown, it is decided to narrow the focus down to only include collisions
between vehites and VRU4dn the statistics covered lthhough most people get killed in accidents with two
vehicles involved, seemsinteresting to researclurther in a field where less initiatives are taken. At the same
time it is important to remember that it iEar more risky to go bjor instance bicycle thaby ca measured in
distance covered.
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Choosing specific vehicle and VRU

The next step is choosing between specific vehicles and specific VRUSs, or simply choosing not to focus on a
specific group. Here the atistics about the Danish traffic will help to make the right decision. The differences
amongst the VRUs is first to be considered.

When looking at the number ahjured and killed amongst VRUs ($&gure9) it is apparent that bicycles have
a consistent lead over mopeds and pedestrians. The motasyarid moped 45s have a relatividy casualty
rate compared to bicycles, mopeds, and pedestrians. The statistics wogtest that since most of the
injuries are sustained by bicycles, mopeds and pedestrians, they woulkebeiser choice to focus on.

It has to be noted that the graph iFigure9 covers all kinds of personal injuries including lone accidenisdt
not beenpossible to exclude lone accidents from ttatistics

12000 11072
10000 9521

8000
6000
4000
2000 -

5649

Motorcycles Mopeds, other Bicycles Pedestrians

Figure9: Peoplerjured and killed itraffic accidents
listed after meansf transportation(19982001)[ Statistik083.

Considering the fact thaticyclesare consistently in the lead it makes sense to choose them over the rest. It
could be argued that since bicycle and mopeds share many properties in traffiodeupying thesame part of

the road) and mopeds rate high on the graph that mopeds should be included aswrétiermore, there is

reason to believe that any product able to detect bicycles should be able to detect mopeds also. However, at
this point we choose to facs on bicycles only for the simple reason that it will not only keep the project very
specific, it will also siplify the final test scenario.

At this point it is relevant to look at which vehicle(s) to focus\tmen looking at what kind of vehicle have
been involved in collisiowith cyclistsin a period of eighyears between 2001 till 2008, it is apparent that cars
have an obvious lead over the resis seen ifrigurel0.
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Furthermore, choosing cars will make testing substantially easier comparghtbtising trucks simply from the

Figurel0: Vehicles involved in collisewith bicycles (2002008)[ Statistik083.

logistical aspect of it: Finding an available truck and truck driver may prove troublesome.
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2.3.1 CHOOSINGACCIDENTSTUATION

As mentioned lhe focus will be on cars colliding with bicycles. The next natural step is to look iith wh
situations these two road users most frequently collide with each other. Statistics Denmark divides accidents
between cars and cyclists into six different, simplified cases. A figure and explanation of each is Bable in

1

Case A

Vehicles on same road going in
same direction without turning
from road.

Case B

Vehicles on same road going in
opposite direction without turning
from road.

Case C

Vehicleson same road going in
same direction, turning into-T
junction, ¥junction, crossroads.

Case D

Vehicles on same road going in
opposite direction, turning into-T
junction, ¥junction, crossroads.

Case E

Vehicles on different roads
meeting in crossroads without
turning.

Case F

Vehicles on different roads
meetingturning into T-junction, ¥
junction, crossroads

Tablel: Situations (cases) for collisions ending with injuries
between cars and cyclists (20Q0Q08)[Statistik08a]

It is assumed that a single solution covering all cases would be unrealistic within the timeframe of this project,
so one of the cases or a combination of similar cases has to be chosen.

The statisticstsow (seeFigurell) that Case F which éehicles on different roads neting in Fjunction, ¥
junction orcrossroadsvhen turning- is consistently the case where mayclist aremjured. Closely following
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Case F in the period between 2001 till 2008 is Casbdte Vehicles on different roads meeting in crossroads
without turning.

2000 1830
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1500 1327 1736 —

1000

611

M N RN
ol Ml M | | |

Case A Case B Case C Case D Case E Case F

Figurell: Injuries in collisions between cars and bicy@6812008)[Statistik083.

FollowingCase E i€ase C whereehicles on the same road travelling in the same direction collide when one
vehicle makes a turnthis can only be interpreted as being right turBsased on statistics alone it would make
sense to choosthe case Bituations, but this should not nessarily be the deciding factdwhile any of all the

six cases would have to include a function that warns the driver or applies the brakes befor¢, itn@aight

turn situation differs by having the car driving alongside the cyclist before impact. Having the two parties travel
alongside each other seems to offer some interesting detection opportunities, which in the end is the deciding
factor: Right tun situations are chosen for this project.

2.4 SUMMARY

We have now reached a point where all the undecided factors mentiam&®.3 Collision Statisticshave been
clarified. The amount opeople killed or injured while driving in a daron a steady decline likely contributed
by the advances made in active and passive safétg.cars are wetovered with a wide range of technologies
that both helps prevent accidents and reduce injury in case of an accident. In short: It appears that the car
industry is doing a googb at protecting its customers, and governmenitiatives sich ashe Danish Road
Safety and Transport Agency certaialgo plagits part

This leaves us witthe choice of VRUsnd statistics show that the fatality rate of cycliate not on adecline
potentially because of the lack of advances andtribution towards making the roads a safer place for them.

Statistics also support a need for reducing accidents occurring when a car collides witistancsight turn
situations.

The right turn situation where both vehicles travel in the same dioacseensto offer a wider variety of
possible solutiongn compared to theother casesBecause of this we choose to base thejgcoon right turn
situations.

To sum up: Théocus ofthis report will be right turn situationand the collisions they leat between carsand
cyclists which leadgo the final problem statement:

How can one prevent collisions between cars and cyclists
in right turn situations by the use of computer vision?
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2.5 DELIMITATION

The final problem statement is focused around prevegtcollisions. There are two overall parts that need to
be taken care of in ordeo prevent a collision though:

e A detection part
e Aresponse part

The detection part is about detectirifja collision is potentially going to happen if none of the two parties
involved change their path or velocity. The second paricerningresponsecomesinto play in the case where

a detection has positively confirmed that a collisistikelyto happen f no other action is takenThis response
caneither take place as a warning to one of the involved parties or as some kind of automated system taking
overthe control of the situationln the case of a warningne or bothof the involved paiieshave to ke

notified to change their velocitand pathand preventthe collision.

The partthat will be focused on in thigroject will bethe detection part and being able @elivera system

output to be used by theesponse part when required. There will be fozus onhow to develop any kind of
automated braking systems and nor will there be any analysis on how to effectively warn the involved parties
from a humanrcomputer interaction perspective.

This implies that the system built in this report is not ablgtevent the collisions without the remaining
warning/response system. It is however presumed that the detection part of the system is the most crucial
part, leaving the response system as the more straight forward padtet@lop

In this report there ign equal sign between the task to detect a potential collision and to be able to prevent it.
This might be aimplification but it will be foolish to deny the relationship between the task of detecting a
dangerous situation and preventing it. In all oéthnitiatives to prevent different kind of accidemsentioned

in the state of the art chaptel2.2.1State of the Art the first part of the systems is to detect the specific
situation, the next to react on itn this project it will not be tested the simplificationis wrong.

2.6 SUCCES$RITERIA

The goal of the project is first and foremost to answer the final problem statement. This however is something
that potentially can be answered by providing a list ob8rp systems. For this projettte goalisto develop a
working prdotype. In addition to thisa specificset of success criterihavebeen set up in order to more

closely be able to determine the success of the prboje

While other factors such as price addrability are important for a realvorld product, it is the detectiothat

will be the core of the product for this project and therefore detection effectiveness is the most crucial
parameter when evaluating the solution. When considering detection effectiveness, one also needs derconsi
both the ability to detect True ¢4tives @etection of an actual cyclisind also the albity to not generate too
many False ésitives(detection of nonrexisting cyclist)

During the preanalysis it was found that the currently most effective systems on the market can detect a
potential collision irB out of 10 cases and give less tharout of 10False Bsitivesas mentioned in'2.2.1.2
Collisions Between Vcles and VRUs

We therefore set up the following catia:

e Atestin a real life situation which proves that at least nine out of tetemqal collisions are detected.
e Atestin a real life situation which proves that lessrtltme out of ten positives are FalsedRives
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If this criteria is fulfilled itan then be concluded that the project is a success, because the final problem
statement has not just been answered, but answered upon with a satisfactory answer. A discussion of how well
the solution has been executed outside the scope of the succdssianwill be done in the discussion chapter

7 Discussion

The final test will be performed by havioge car and onecyclistride alongside each other in a scenario as
closely matching real life as possible. Exactly what that defines a realistic scenario will be found during the
analysis. The imkved parties will béhe car and the cyclist respectively.

Another VRU such as a pedestrian is a case which it would be acceptable to detect, even though the core goal
of this system is cyclists. This means that suchsz will not be considered a Truediive nor Falseditive.

If the results of the finalest fulfil the two above criteria then the final problem statement is answered
successfully upon.

2.7 METHODOLOGY

The following chapter will describe the scientific approach to this rapport. Mediatogyatural scientific and

technical education. This means that a technical and scientific apprisaneeded in order to solveddialogy

related problems. In the following project, different computer vision techniques will be zzdlgnd discussed

in order to find the best possible technical solution for this projects problem statenidwre will however

fa2 0SS &a2YS KdzYIyAadAO awsSoita 2F GKAA LINRP2SOG adzi
traffic.

2.7.1 METHODS

This chapter will first summarize the set of methods that is used throughout the report, and secondly but most
importantly describe why this set of methods is chosen. The methods ofetpert aredescribed in order to
ensure the validityf the resultsand the possibility to recreate the same results obtained in the project.

Research and tarature

In the innovative field of road safety new products and initiasibased on computer visiare rapidly

generated. In order to keep this report #p-date, scientific reports and journals are preferred opposite to

books which content have a tendency to be overtaking by the reality before they hits the bookshop. Thus peer
reviewed reports and journals makes up the scientific and texdiribundation for thiseport.

However scientifibookswill be usedwvherethe topics of interestareless evolvingDue to natural differences
in traffic culture and regulations one need to look primarilyDenish literature and sourcdsr the results to
be accurate for thiproject

Technical analysis

In order to develop an actual prototypelifferent computer vision techniques must be examined so that the
most appropriate onswith regards to the final probleratatement can be chosen.

The research on computer vision techaeswill be donepartly by analysis but also hgsting different image
processing techniques in order to get a better overview on the options the developers hgu@d@wamming
the final product.

Software requirement specifications are going todeinedand described using use cases before the design
and development part. Use cases will provide the designers with scenarios of how the user will interact with
the systemwhichwill provide an overview of what needs to be designed.
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Development strategyy

The final design and implementation of the product is going to be done with the assistance of the development
tool of SPUUML (Structured Program Developmentnified Modeling Languag@iansen0h The Wmodel is
chosenand will be used to support an iterative proce3$is ensures that the designers have a program up
running already in the start of the procesich should prevent the project from going too far out of pass that
could potentially be a dead end’he progam is then improved continuously and more features are added.
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3. ANALYSIS

At this point the problem area is defined and the specific areas of this probamneeds to be analgd in

order to gather enough information to be able to create the requiremergcsfication the analysishouldend

up in. This specification should serve as a guideline for the design which is to happen as the next step in the
development. The requirements need to specify a product that can solve the problem in the final problem
statement and at the same time the requirements should be technically realistic. In ordeoto the exact
requirements for theproducta number of areas will be researched

When designing a product for a given problem one needs not just to know the maileprdout also all the
underlying aspects of the situatiom our case it is importarto know at which places, at which speeds and at
which angles the right turn collisions actually happen. This will help narrowing down the exact requirements for
the tecmology. An irdepth analysis of the right turn accident is therefore the first part that needs to be
researched.

A lot of different techniques for computer vision in regardsraffic safety were found ifi2.2.1State of the
Art". It is still unclear exactly which ones that will suit this project. Limits of computer vision needs to be
determined to figure out what will be doable. As a part of this a number of ssnalk tests will be done on
different technology aspects in order to determine the feasibility of these.

One of theimportant things which needs to banalysedis the exact place that the system needs tolbeated
because whether the final product is staffaced stationarypr dynamic (in motion) will make significant
difference.This will require an analysis of multiple feasible solutions and subsequently a choice will be made.

The analysis will end with a final requirement specificatishich needs to build on all the sutonclusions

found in the just described parts of the analysis. As mentioned, the requirements need to specify a product
that can solve the problem in the final problem statement and at the same time the requirements should be
technically realistic.

Basedon the above structure the analysis will start by an investigation of where and how the right turn
accidents occur.

3.1 ANALYSIS ORRIGHT TURNACCIDENTS

In order to develop a product that helps with avoiding collisions in right turn situations, it is duiabw all
information related to this special kind of collision. This chapter will angwequestions. To know what the
product must do in order to solve the problem (prevent collisions) one needs to know why the collisions
happen in the first placél). To know where the product should be placed physically it is important to answer
the question of where the collisions happé?). Because of the nature of the problem all collisions will happen
outside in the traffic as opposed to a easily controlledtieonment inside a building. This means that the time
of the collision during the day must be determined to know the light conditions (3). If a collision is likely to
happen it is important to know where to look in order to prevent it. That is why mportant to know how

and where the involved parties are placed just before and during the collisiohg#)y it is important to know
the speed of the car and the cyclist during the right turn accident (5).

The information gathered in this chapter isnparily based on research done the Investigation Team For

Road Accidents (HVU) which is an organization under the Danish Directorate of Roads. HVU has the purpose of
collecting information about traffic collisions which will be used to improve traffietgaThe research about

right-turn accidents have been conducted in the spring of 2005. HVU gathered data in a period of 8 months in
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cooperation with all Danish police departments. The final rapport by HVU containsdeptim analysis of 25
collisions bewveen a right turning truck and a cyclist [Havarikommissionen06]. Unfortunately this was the only
very detailed report about right turn accidents in Denmark. Since this report is about trucks, not cars, other
reports, for example about similar accidentse aised to substantiate the results. One of those is
[HavariKomnssionen08], another report from HVU, analyzing 30 crossing accidents between cars and cyclists
in nonregulated intersections.

It has previously been determined that a system for this praoghauld prevent right turning cars colliding with

a cyclist. The reason why HVU is interested in right turn collisions including only trucks, is that a fatal outcome
is more frequent when a truck is involved, deigurel2. That is also the reason why no similar investigation
regarding collisions between smaller vehicles and cyclists has been made for the Danish traffic situation, as
claimed by the chairman of HGD4. It is interesting to note that the number of fatal outcomes is higher for
trucks even though figurBigurelO found that by far most right turn accidents involved cars.
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Figurel2: Right turn &cidents wih fataloutcomes
between cyclists and cars, as well as cyclists and trucks-ZE[ Statistik083.

The analysis of the 25 right turn accidents from [HavariKa@siotien06] is valuable because of their level of
detail, but the limited number of accidentsean that no strong statistical result can be proven.

3.1.1 WHY THE COLLISIONSHAPPEN

As described by HVU and analyzed in the following section the reason why the 25 accidents happens, can be
divided into three main reasons. These reasons are related to tlerdof the trucks, the surrounding traffic in
which the accidents happened, and the conditions of the vehicles which includes mirrors and such.

The Driver

Not surveying the situation is one of the most frequent factors which results in collisions tsiraggpened in

all 25 collisions described by [HavariKommissionen06]. According to the report it has been concluded that all of
the truck drivers had the opportunity to see the cyclist at some point before the collision e.g. via the mirrors if
they had beeradjusted properly.

Taking this into consideration one must still not forget that driving and making a right turn with a truck is a
more complex maneuver thaturning with a car. However, [HavariKomssionen08] also conclude that not
surveying the situatin before turning waslsothe main reason for the accidenis that report (it was a factor

in 15 out of 30 accidentsEven if we did not have these results, it seems like a logical conclusion to determine
that the accidents happened because the drivi dot pay attention, since he has the duty to give the right of
way.
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Not surveying the situation by the cyclist has not been mentioned as one of the reasons resulting in the
collision by the [HavariKomssionen0§. This is because tleyclists have the right of wawand the truck
drivers have the responsibility of correctly getting an overview of the situation before making the turn.

Other factors such as fatigue, bad physical conditions or mental conditions such as family issaetsghnd
work schedulecould also have played a part in the parts lack of attention towards each other.

Surrounding Traffic and the Design of the Road

Both [HavariKomm#sonen0§ and[HavariKommisonen08]also mention the surrounding traffic as a reason

for why the vehicles involved in the collisions did not pay enough attention to the cyclist and therefore ended
in an accident. The drivers had drawn their attention toward another car, the lane of theorosame

construction work, for example. More natural factors such as a bright sun blinding either the driver or cyclist
had also played a part in some of the collisions.

The Trucks

21 out of the 25 trucks involved had not adjusted their mirrors corred@this means that even though they

may have oriented themselves via the mirrors, they would most likelytaote had the opportunity of

spotting the bicycle because of the wrongly adjusted mirrors. But this cannot be generalized so that the
information canbe used with cars. Trucks have a large number of mirrors compared to cars which will make it
harder to adjust all of them.

Summary

Overall it can be assumed that if a car driver spots a nearby cyclist coming up on the car's right side, then the
driverwill not make the turn. This means that the problem behind right turn collisions happening must be that
the driver has either not seen the nearby cyclist, since it is always the driver who has the duty to give way, or
thinks he has enough time to make theriu This also seems to be substantiated by the statistics mentioned in
this chapter.

This means that one should look make a solution that cover both of these problems, so the system will function
regardless of which of these is the problem in a certaimasibn. More specifically, the system should be able

to detectthe cyclist and it should be able tetectthe cyclist within a time frame where the car has time to

brake.

3.1.2 WHERE THECOLLISIONSHAPPEN

This section strives to determine the outer circumstamaerightturn accidents between a car and a cyclist. In
this case outer circumstances mean everything related to the collision except matters related directly to the
properties of the involved parties and their behavior before and under the collisioasti@ns like where the
right turn accidents occured will be answered. The following section will still be based on the HVU reports
about right turning trucks, [Havarikommissionen06] dhidvariKommngsionen08] about crossing acaghts
between cars and cyisls.

Knowing where the accidents happen is important when choosing where to mount a static system, for
example.

Location of the collisions

Of the 25 right turn accidents analyzed in [Havarikommissionen06] 23 occurred in urban areas. Even though
not directly relatable, since the report is not only about right turn accidents, [Havarikommissionen08] also
states that 24 out of the 30 their analyzed accidents happened in urban areas. Out of those 23 in
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[Havarikommissionen06] the majority (15) happened in urbegas with housing and the rest in industrial
environment and ribbon development.

In general the crossroads with the accidents are relatively busy. The degree of activity is measured as the daily
traffic rate measured over the span of a year. It tells tioenber of vehicles that pass through a crossroad in 24
hours as a mean over one year. The least busy crossroad has a rate of 9,000 and the rest were equally
distributed over the interval 9,006,000, one being 41,000. This gives an indication of wheystara could

be placed, if it for example is chosen to be stationary.

The conditions of the road and its surroundings

It is hard to find a tendency towards a specific kind of condition of the road where the right turn accident
happens. In [Havarikommissiom@6] 14 of 21 accidents occurred in crossroads with bicycle paths and the
remainder in crossroads without a path. When the road has a bicycle path the path sometimes merge with the
turning lane just before the crossroad. This is done so the cyclist anaristodre forced to take notice of each
other before crossing the intersection. One accident out of 21 from [Havarikommissionen06] occurred under
such circumstances. We were not able to find data about the frequency of bicycle paths on Danish roads to
givea qualified estimate on which road type is more dangerous.

3.1.3 WHEN THECOLLISIONSHAPPEN

Due to time constraints, it will not necessarily be a priority to create a solution that works equally well in all
lighting conditions. Because of this it is also retéva look into when the accidents happen distributed on 24
hours of the day. Based on this analysis specific lighting conditions will be chosen for the system.

All 25 accidents from [Havarikommissionen06] happened from 6 a.m. till 6 p.m. This is awmsated by
[Havarikommissionen08], an American papduijnerFairbank9y, and a German paper [Niewoehner05] which
made an irdepth analysis of 90 accidents involving a right turning truck and a cyclist. They also tested
throughout 24 hours and found #t all accidents happened from 6 a.m. #llp.m.Although German or
American traffic properties should not be directly compared to Danish circumstances it is presumed they
substantiate the tendencies.

3.1.4 WHERE THECYCLIST ISPLACEDCOMPARED TO THEVEHICLE

In order to develop a system that can help reduce the amount of right turn collisions, information about the
0AOBO0t SaQ LI OSYSyd NBtFGIGAGS (2 GKS GSKAOE Sa I NB yS:
not the car is in front of the cyeli when the collision occurs or if the cyclist is at the front end of the car when
the collision occurs. Knowing this will increase the chance of finding the right setup for detecting the system so
that it will know where to look. Data gathered in 2006 YU will again be used [Havarikommissionen06]. For

all of these results it should be stressed that truck drivers have a very limited view area around the truck
compared to a car, and as such it is unknown whether the situations are the same for righttigents with

cars. Since no Danish report about righin accidents with cars and cyclists has been found, the search was
widened to foreign reports, ands mentioned, avery extensive American report from 1997 was found
[TurnerFairbank97, dealing wih 113 rightturn collisions where the cyclist and the car was driving in the same
direction. The circumstances of those collisions seem similar to the ones from [Havarikommissionen06], since
most of them happened during the day and in urban areas. Thezdftese results will also be mentioned in

the following sections.
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Cyclist in front of the truck

In 11 (44%) of the incidenteom [HavariKommissionenO@he bicycles were placed in front of the trucks
before the collisions, for example by having overtaklee truck or by starting to drive first after being
stationary in an intersection. Those cyclists were then hit from behind by either the front or the right front
corner of the truck (one of them was hit by the left side of the truck, because he atlypicaied left after
driving past the truck). InTurnerFairbank97 84 (74%) of the collisions, the car was overtaking the cyclist
before the accident, i.e. the cyclist were in front of the car before the collision.

Cyclist next to the truck

In 3 (12%) ouof the 25 right turn accidentBom [HavariKommissionenO@fhe cyclist arrived on the right side

of the truck just before the truck started to turn. This means that they both entered the intersection at almost
the same time and it ended up in a collisiwhere the bicycle was hit by the front right side or the right side of
the truck. No results fromTurnerFairbank97 state that the cyclists and cars were almost next to each other.

Cyclist behind the truck

In the final 11 collisions described by [Hakammisionen06] the trucks completed their right turn while being

in front of the cyclists. This resulted in a crash where 5 of the bicycles got hit by the right front side of the truck
and 6 got hit by the right side of the truck. IfurnerFairbank97, 12 (11%) of the cases had the cyclist

overtaking the car (i.e. the car was in front of the cyclist).

The situation of the rest of the cases frofufnerFairbank9T are undetermined[TurnerFairbank97 gives a
significantly different results than thoseoim [HavariKommissionen06], i.e. in [HavariKommissionen06] 11
accidents happened when the cyclist was in front of the car before the accident and 11 happened when the car
was in front of the cyclist before the accident. TrufnerFairbank97 these numbersvere 84 and 12 accidents
respectively. This could both be because other factors are relevant in the American cases, or simply because
only 25 Danish accidents do not give a representative view of-tightaccidents in general.

Regardlessf whether or na the Danish or American data are more corrégtis obvious that situations where
a car is in front, behind or next to the cyclist before Heridentare frequentenoughto warrant the creation
of a system that can prevent collisions in all three cirstances.

3.1.5 SPEED ANDREACTIONTIME

In order to estimate how long reaction time a future system will have, data about the speed of cars making a
right turn and the cyclists are needed. Since data concerning the speed of cars dyhintyims are not

described in any of the reports foundn observation test will be conducted to collect the needed data. The
observations will take place in the field, meaning that the cars will be observed making right turns in the real
world, and data will be collecteid calculate the speed of the cars when turning.

Data was collected using@anon XL2ideo camera which filmed cars making right turns. Two crossroads were
chosen, one with a speed limit of 50 km/h and one with 70 km/h speed limit, partly chosen bag€&drogr
Fairbank97, where circa 62% of the rightirn accidents happened on roads with speed limits oféB0km/h.

There was no right turn traffic lighting in any of the two intersections. Distance markers were placed so the
speed of the cars could belcalated using the length between the markers and the amount of time it took to
complete the turn.
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Figurel3: One car at the first marker in the first frame
and at the second marker in the second frame.

All cars turned with a speed below 35 km/h. The distribution of the driven speeds is shovablie.

The speed ofpersonal vehicles [km/h]

Speed

0-10

11-20

21-30

31-40 Total

Numberof cars

6

33

30

Table2: Distribution of cars' speed when turning.

The observed cars had a tendency of slowing down when approaching the turn. Only two cars turning with a

speed above 30 km/h. 6 diie cars nearly stopped fully when turning. Combined all of the carsahaaerage

speed of 18.7 km/h.

Data about the speed of the cyclists is provided by the HVU report. The cyclists had a speé&dkof/d just
before the collisionsThe distribution 6the speed is shown ifable3.
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The speed of the cyclist [km/h] Total
0-4,9 2
5-9,9 1
10-14,9 8
15-19,9 5
20-24.9 4
25-29,9 0
30-34,9 1
35-39,9 1
40-45 3
Total 25

Table3: Distribution of cyclists' speed during right turn collisions [Havarikommissionen06]

It is presumed that the speed of the cyclist will not significantly change inttghtsituations with cars.

3.1.6 CONCLUSION

The majority of thichapter was divided intfive sections; why, where and when accidents happehere

cyclists are compared to the vehicles during and just before the accidentshe speed of the parties

involved Aprominentreasonof whythe accidentdiappenseensto be a lack of overviewn the driver@part,

which means they either do not see the cyclist or misjudge the distance to the cyclist. The final product of this
project musttake both of these factorsnto consideration

Most of the collisions occured in urban areas in intersections with a traffic rate of minimum 9,000, this is useful
for selecting a place where the system should be, if the system is chosen to be stationary, for example. This
might alsohelp to set some parameters that the system must be able to fulfill as a minimum. No data could be
found concerning the frequency of bike paths and how this impacts the accidents, so the system should work
regardless of if the cyclist is on a bike patmot.

Almost every right turn accident happen in daylight so the solution should be implemented with that in mind as
well. Most accidents seem to happen when the vehicle is overtaking the cyclist, but accidents also happen
when cyclists are overtaking oext to the vehicles. Therefore the system should work in all three situations.

The speed of the involved parties were under 25 km/h for trucks immediately before the collisiapaod5
km/h for cyclistgnone standing still) which sets a requiremenbf the level of performance of the parts used
in the final product.

Before looking into the field of computer vision in detail, an overall classification of possible solutions will be
made. This is done to get an overview of how to proceed with the aisadysl development of the final
product.
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3.2 TwOSYSTEMCLASSIFICATION

Regarding the physical placement of the system two variations seem to cover all the possible scenarios: a
stationary system, from here on referred to e Satic System, and a system irotion, from here on

referred to aghe Dynamic System. An example of a static system would be where the camera is mounted
somewhere in an intersection, and the dynamic solution would be mounted on one of the involved parties, i.e.
the car or the cyclist.

In chapter"3.3 Computer Vision Techniquespecific techniques that seeaseful for one of the systems will

be analyzed. This is done to be able to choose one of the systems onmseatched foundation. However it
might turn out that a clear answer to some of these questions will not be easily obtainable, in that case those
will be identified as subjects that require testing later on.

At this state some differences between these systems can be noted; a dynamic system, placed on the vehicle,
would only need to detect the cyclist and his position in relation to the car. thcstgstem would need to be

able to detect the cyclist and thear, and then calculate the distances between these. Relevant techniques for
each system will banalyzed andliscussedn the following chapter.

3.3 COMPUTERVISIONTECHNIQUES

It is now relevanto take a more irdepth look at relevant computer vision techniques. Since the accidents
happen because & lack of overviewasstated in"3.1.1Why the Collisions Happénit is necessary taid the
driver with this This can be done wlifferent ways, but according to the final problem statement it should
concern computer vision techniquddowever,according to"2.5 Delimitatior', this system should not warn
the driver, only detect the cyclist.

For each techniqugresentedpros and cons related tthe two possible systems will bistedto the possible
extend with the current, limited amount of knowledge in these fiel@lkis is doe to be able to choose the
techniquesthat will be used.

During this project references to the OpenCV libraily be usedThisis a library of programming functions for
real time computer visionoriginally developed by InteThe builtin functions make use afssemblef
optimization and Inte® SSEoptimizations and are thereby most likely faster than a custom implementation.
[Bradski08]

Before looking at specific computer vision technigussme introductory knowledgef the field must be
acquired.

Digital Images

To better understand the data, i.e. digital images, which the following computer vision techniques are working
with, more nformationis needed A digital image is represented in the form of a tdimensional arrayf

pixels. Thisrrayconsists of data for each pixel in the imagome of the most populatata formatsare called

YUV, HSV and RGB of which RGB is one of the most common for digital images. RGB is an additive colo
system, and RGB stands for Red, @rard Blue. RGB is the primary colours in such digital images. The three
colours mixed together gives white at full values and all other colours depending on various combinations.

YUV colar model is used for analog televisionsand many digital compression method$SV is short for hue,
saturation and value. Hue is the cals chosen while increasing and decreasing the whiteness corresponds to

% Lowlevel language allowing for highly efficient code.
® A specific set of higherformance registesoptimized for multimedia calculations.
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adjusting the saturation and increasing the black oolio the image corresponds towering the intensity
[Moeslund08]

Histogram

A histogram is used to visualize the distribution of pixel values in an iaradjés built up like a coordinate
system The xaxis denote pixel values, ranging fron285 (black to whitejn an 8bit image ard the yaxis
denote the amount of pixels with each pixel value. The histogram is useful for many things, e.g. when
thresholding, which will be explained "3.3.3.1Point Processirg

At this point it is not kown which techniques that fit best tine Satic System othe Dynamic System so a
broad selection of techniques which seem useful and relevant (e.g. bas&i2f.2Collisions Between
Vehicles and VRU}pwill be listed and explained:his chapter and the techniques are divided into the following
categories based on a framework created in [Moeslund08]:

¢ Image Acquisition
e Preprocessing

e Segmentation

¢ Representation

e Recognition

3.3.1 IMAGEACQUISITION

Image Acquisition has to do with everything concerning the setup of the camera, e.g. camera type, camera
settings, optics, light sources, etc.

Stabilization

The first thing to look at is the input source, this is often a camera or a webcam which dalsenies of

images also called frames. Image stabilization is a technique used for both reducing blurriness in still images
and for video streams to reduce the amount of frafieeframe jitter, also called shakiness. Image stabilization

is something thatdg useful for other image processing and tracking techniques as #hgssork better when

the backgrounds are as similar as possibatethis makes the moving objects more distinguishable. There are
two main methods to stabilize an image: Optical stahilon and digital stabilization [Anderson99].

Optical image stabilization is a technique implemented in the lens itself where the lens is moved according to
input provided using angular velocitgrssors (gyroscopes). Digitedage stabilization takes another approach
which does not involve physical movement. Instead a border buffer surrounding the visible frame of the image
is used to minimize the amount of changes in the image. This is done by making use of the buffets ©ideeac

of the image depending on camera motion. So if the camera moves to the left, then some of the right side
buffer will be used for a little while to create a smooth right to left transition. Another variant of this is without
a buffer where the imagéstead is cropped slightly to achieve the same result. This digital stabilization usually
happens in the camera andttsen called electronic stabilization.

Another digital approach is by doing it a pgsbcess by tracking features in an image and ttrging to keep

these features at consistent positions. Méthd cameras and up usually have image stabilization, while very few
web cameras have this feature. This means that one can end up having to implement the image stabilization in
the software.

Stablization does not seem to be very useful the Satic System, since stabilizing an image from a static
camera is useless if it is mounted properly. i@ Dynamic System a camera with stabilization would be
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preferred,since a stabilizatiormplemented n the softwarewould increase the computational time of the final
system, and no matter how small this is it would be preferable to do as much as possihlaéna

3.3.2 PRE-PROCESSING

Preprocessing covers the process of doing something with the imagedtie actual processing begire.g.
converting the image to grayscale or cropping it.

Region of Interest

In image processing a large image (i.e. many pixels) is not always a benefit. The reason for this is, that
calculations are often done on a pixel jbixel basis, and an increasing amount of pixels makes these
calculations more demanding. To solve this, it is possible to use a Region of Interest (ROI), which is simply a
region in the image that definghe pixels of interest. All other pixels are ignd{®loeslund08].

lmage

1. subimage
F Y

Figurel4: Region of InterestNash RuddiiNashRuddin09]

3.3.3 SEGMENTATION

Segmentation is the process of partitioning a digital image into several segments to simplify and make the
image easier to process or analyze. This chapter will focus on some of the simple and relevant segmentation

techniques.

3.3.3.1 POINTPROCESSING

Point Proessing concerns techniques that change a pixel only basélgeororrespondingpixel of the original

image.

Thresholding

Thresholding is a technique used to jgmint processing oprations on an image. E.g. if you do thresholding on
an 8bit grayscale imagall pixels with the valuander a certain threshold, e.427 and below is set to zero

while all values above 127 atfeen set to 25%. This produces a binary image, which means that all pixels are
either white orblack. A lot of information is lostith thresholding but when doing image processing minute
details in the image is often more of a hindrance to what one is trying to achieve. Thresholding is often a key
step to segmenting the foreground (information) from the background (noiB@® thresholdcan bedecided
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side,with one peaking containing the information for the foreground pixels and the other containing the
information for the backgroud pixelsmaking it easy to set the threshold in betwepvioeslund08].

Since hresholding is often done before using other segmentation techniques, for example relateis® no
reduction (explainedn "3.3.3.2Neighborhood Processity it is likelythat it would be used in botHinal

systems.
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3.3.3.2 NEIGHBORHOOLPROCESSING

Neighborhood Processing concerns changing a pixel in an ibz@gel on the neighboring pixel valuesthe
original image.

Mean andMedian

Noise often takes thappearanceof single pixelshat stand out fromtheir neighborpixels and thereby create
visual artefacts. Nise can be many things though. The version wigxels have a value of O or 2&5called
saltand-pepper noise. Noise oflass extreme kind also exists, this aren't as ctatafactsbut isalso harder to
remove.

A simple way to remove noise is to use the mean (arithmetic average) filter which uses neighborhood
processing to replace the noise pixels with the average vdltleeosurrounding pixels. Usually it is important
to only take the surrounding pixels and not include the middle pixel (that means a total of 8 pixels of a 3x3
filter). This filtercan vary in size, depending on how extensive the filter should be

Abetter result is often yielded by using a median filter instead ofemmfilter. A mediatiilter works by taking
the median number of all the neighboring pixfisoeslund08] A comparison between the mean and meulia
filter can be seen ifrigurels.

s ~ Mean filtered
Figurel5: Comparison of mean and median filter [Moeslund08]
If necessary the mean and median filters will be used to remove noise for the final systems.
Correlation

Correlation covers techniques usiasgcalledkernels to apply changes to every pixel in an ima&geording to
[Moeslund08] the mean and edian filters are not included in Correlation, since the Correlation kernels play a
more active role.

Dilation and Erosion

Dilation and Eosionaretwo methodswhich can be usetb clean up noisy images instead of using mean and
median filters. They are effective at removing more than just isolated noise but also just to get rid of small
features of an image. If the final system is to try and find objects wighhigdp of thresholding then some
amount of dilation and erosion probably has to be used.

Erosion and Dilation use what is called Fit and Hit methods, respectively. For example, a Hit method overlays a
kernel on an image (for example a 3x3 kernel with Isixé value 1) and if just one of the pixels on the image,
GKAOK FNB fe@8Ay3d AYyaARS GKAA 1SNYyStzX Aa wm>X 6S KI @S
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with the Fit method, all underlying pixels must be 1, with the same 3x3 kermedt,ithe center pixel is

changed to 0. Erosion and Dilation is simply applying Fit and Hit methods to an entire image. It also possible to
combine Dilation and Erosion, this is called Compound Operations, and yields different results. If Dilation is
doneand then Erosion, it is called Closing, this can be used to close holes in BLOBs and then remove noise. If
you run Erosion first and then Dilation it is called Opening. It is also possible to combine Closing and Opening,
for example this is useful if we ha holes inside a main objeahd small noise objects [Moeslund08].

Template Matching

Template matching is used to find parts of an image which match a template image. The difference from
silhouette matching, a similar techniquiiscussed ifi2.2.1.2Collisions Between Wécles and VRUsis that
template matchingakesinto account the surface appearanegereas silhouette matching obviously only
looks at the objectcontours. Template matchinglides the template from the top left to the bottom right of
the image, and compares for the best match with the template. The resalgigess on where the template
image is matching the source image bpdbeslund08].

Since this technique specificallyes to find a template in an image, it seems like a viable choice for one or
both of the systems.

Sharpen and edge detection

Sharpening is a technique whicarcincrease the acutanéén an image. This is often achieved by applying an
unsharpen mask, whitis a process where a copy is made of the image and blurred witBaugsian blut

and then subtragtd from the original image based on a threshoWhen used specifically withaGssian blur
the technique is calle@aussian sharpen.

Edge detection is technique used to find edges in an image, edges being definpikakpositions with a
significant change in grdgvel values, and can be considered a special case of sharp®Vitingcorrelation a
horizontal and vertical kernel filter is run through thatire image and the filters are then applied to each pixel
and combined. The most well known kernels are the Prewitt keranastheSobelkernels.

The pixels with a significantly different value compared to the surrounding paxelswultiplied with a higher
integer to increase the difference and thereby highlight the edge.

By looking at the image through each row and column the pixels with a suddenly high value change compared
to the previous set of pixels are setachigher valuand values where the change in valaee not significant is

set to a lower valueThis gives an image where all edgeslabelledwith a high pixel valuand the areas with

no chames in intensity are set to a low pixel value, highlighting the edges.

Edgedetection may well come into play during this project when detecting and tracking the involved paaties
it is often used in combination with other techniques such as corner detection.
3.3.4 BLOBANALYSIS

BLOB stands for Binary Large OBject, the term "Langi&atesthat only objects of a certain size are
interesting and "small" objects are usually noise.

*The amplitude of the derivate of brightness.
®Blurring an image by the use of a Gaussian function.
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According to [Moeslund08] a BLOB Analysis sedimnetimes replaces the Representation and Recognition
chapters, depending on the project at hand. This is also the case for this project, since the techniques in this
chapter seem sufficient to represent and recaggmihe BLOBS in either system.

BLOB Angkis consists of two parts:
e BLOB Hraction, i.e. sepating objects in a binary image.

e BLOB fassification, i.e. indicate which objects we are looking for.

3.3.4.1 REPRESENTATIONBLOB EXTRACTION

The purpose here is to isolate the BLOBs, and a BLOB is, asrmadnt group of connected pixels. Whether or
not pixels are connected is defined by theamnectivity so pixels do not have to be exactly next to each other
to be defined as connectef@.g. it can be chosen that BLOBs two pixels apart arelatiitedas being
connected) Different kinds of algorithms can be used to find BLOBs, one of these@aksfire algorithm

Grassfire Algorithm

The Grasdire algorithm gsable to separate individuBLOB®nN an imageand give them index numbers (BLOB
ids). It does this by going through the image and thedexing each blob, e.g. by applying a variant aididill®
for eachBLOB

Thepseudo code for Gradge:

for all pixels
check if BLOB pixel is found
mark with BLOB id
check all neighborhood pixels for BLOB p ixel

Code Block: Pseudo code for the Grafiie algorithm

The Grasdire algorithm might be useful if it is necessary to distinguish betweeerrs¢BLOBS in the final
systems [Moeslund08].

3.3.4.2 RECGENITION(BLOBCLASSIFICATION

After extracting the BLOBs it is necessary to classify them. For example, if we have 3 circles and a square, and
we want to find the circles, we need to classify all BLOBs as either a circle or a square. This processfconsists
two steps, first each BLOB must be represented with a number of characteristics, dendteduasss and

then a matching method is applied to compare these features with the featurseabbject we are looking

for.

Feature Extraction

Feature Extradbn concerngxtracting unique features from a BLOB, making it possible to identify and analyze
this BLOBBefore doing that it is crucial to ignore all BLOBs connected to the borders of the imagé, isince
necessary to see the entire BLOB before it loandentified.A number of features can kextracted from each
BLOB anthe following is a desgstion of someof the common features.

Areais the number of pixels a BLOB consists of and can be used to remove BLOBs with a cerBainrsinsy
boxis the minimum rectangle containing the BLOB, this can be used as @d¥@r of mass the location on

® Coloring a flat shaded area.
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the object where you would placejointto balance itPerimeteris the length of a BLOB's contour and
Circularitydefines how circular a BLOBwWsich obviously can be used to find circles, amomgiser things
[Moeslund08].

Feature Matching

When the BLOBSs have been identified and features extracted, it is possible to start a feature matching. To do
this we create grototype modebf the object we are looking for. For example, if we are looking for a circle we
will look forsimilarity to a circle prototypamong the extracted features. It should be noted, that it is

necessary to expect some deviations from a perfect circle, so ti@mviamust be implemented as well. In the

case of a circle, one can say it must have a circularity of 1 (perfect circle) with a deviatidh1d. T his is

always a balance that must be found individuddly each project or situatiofMoeslund08]

Looking at the abilities of feature extraction and matching it appears to be a technique which assehs for
both systems, as long as a BLOB with features that do not change radically, exists.

3.3.5 OTHERTECHNIQUES

In"2.2.1.2Collisions Between Wicles and VRUs lot of the projects used stereo visiamd the Kalman filter,
these specific methods are described in this section. Optical flow, which is the estimation of motion, was also
found when looking fotechniques relevant to a dynamic system. Therefore this field will also be described in
this section.

3.3.5.1 STEREOVISION

Stereo was a technique that was very commonly used in the projects fouhd 12.2.1.2Collisions Between
Vehicles and VRUsBinocular stereo or stereo vision is the process leading to the sensation of depth utilizing
two cameradooking in the same directiomach with slightly different positions and angles. This is very similar
to the humanvisual system, where mainreason for why the human have two eyes is to better be able to
perceivedepth [Wolfe09. Computers can also be used to measure depth and distance in this way and the
process is then called computer stereo vision. Thisecgrbe used to isolate all targets within a certain
distance. To make stereo visiosableit is necessary to find similarities between two input sources in order to
be able to identify one object in two images.

There are sevetaypes of stereo methods

e Area-based stereo
e Featurebased stereo

The areabased solution is the simplest method, but it comes with a cost. -Aeesed stereo looks through two
images to find common matches with the use of kernels, similar to Templatehigttexplained ir'3.3.3.2
Neighborhood Processitg A kernel could be a 3x3 grid put on top9gfixelsin the leftO | Y S iihg@. 3
similar kernel therlooks for the same grid in the righi I Y S imiag@. & his method demandslot of
computational power andanultiple matches can be found.

The featuredbased method tries to find features with edge detection, i.e. it tries to find the object's features
and concentrates on trying to match these. Because of this it is also thstelareabased stereo, but it also
gives a sparsmap of depth[BradskiO$.

Disparity Maps

Disparity maps are gray scale images that present the depth perception, these are often used in conjunction
with computer stereo vision. As seenkigurel6, the lighter areas of the disparity maps are closer.
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Figurel6: Disparitymap (Programmers United Develop Net)

Stereo visiorseems very useful, but many papers stress that this technique has a high computational time. It is
also obviously more timeonsuming to set up and calibrate two cameras instead of[@zndi08]

3.3.5.2 KALMANFILTER

The Kalman filter can estimate the positidrajectory and speed of a moving object. Mentioned' t2.1.2
Collisions Between Wcles and VRUsKalman filter is the most applied technique concerning traghn the
field of image procesing. The Kalan filter canignorenoise andstill retain useful informatiorwhentracking
objects that may disappear for a vidi for example when other objects paissbetween the camera and the
tracked objecfWelch04g.

3.3.5.3 OpTICALFLOW

Optical flow is the pattern adpparent moving objects, surfaces and edges in a visual scene. Optical flow
techniques cover a varigtof methods e.g. motion detection, object segmentation or tis@collision. It can
also be used to compensate for movement in a moving video by congpawio video frames, for example, and
that is where itseems to comén handy for this projectUsing it like thignakes it possible to do a background
subtractionafter compensating for movement, and thus dbe differences in the two fram® i.e. spottirg
objects moving at a differentelocitythan the background.

Shi and Tomasi

One way to estimate optical flow is by finding the safie&ture in several images. Such a feature either rseed
to be a corner of have a texture that stands @uthe imagesAnalgorithm then needs to determine if these
corner and texture features are good to track. In this case, the Shi andslcoraer detection algorithm can
be used[Shi94] The reason fomentioning it here is that it seems to be very popular and kgt into
OpenCV.

LucasKanade

The LucaKanade Optical Flow Method [Kanade81] is onmobt popular ways to estimate optical flovihe
reason for choosing it here is that it is deemed to be the most reliable method to find local difference
between two images in a sceffieucas8h. It is also already built into OpenCV.

More specifically the algorithroan take thefeatures found by the Skand Tomasi algorithm and lodér them
in the next image framand is then able to determine the dispglement between objects and thereby their
velocity fields.

Since there will probably be a lot of movementaipotential dynamicystem, it is necessary to use methods or
techniques that can function despite of this. Using optical flow seems like a viabteos, since it still works if
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the platform (e.g. a car) the camera is placed on is moving. It will also woakpfatential static gstem, but it
seems like that system can be completed with less advanced techniques.

3.3.6 RELEVANTTECHNIQUES TO BUSED

Alot of techniques have now been looked at. However, nothing has been able to clearly show us what
direction to take concerning choice of technique or system. Therefore an analysis test will be done on simple
versions of the two systems. The purpose oftisi mainly for us to gain more knowledge in computer vision
fields related to our two systems. The purpose of the test is also to finally give an indication of which system
we should focus on for the rest of the project, itee Satic System othe Dynamic System. Before the test it is
necessary to choose some of the mentioned techniques to build the simple systems with. These techniques
may not be the same techniques used for the final system. This section will try to argue what techniques that
could beused for each of these simple versions.

A different set of criteria than the Success Criteria are chosen for this analysis test. The reason is that the
purpose of this test is only to quickly gain some knowledge and to choose a system over the otlvatlyBasi
the systems should be able to successfully detect a cyclist and/or a car in a scenario similardidea real
scenario. Because of this the focus for the chosen techniques will be on the simplest, most straightforward
techniques and those with sonigasis in what we have already learned.

First, this section will divide the mentioned techniques into a dynamic and static part to finally determine the
techniques or filters that will be used for this test (but, as mentioned, not necessarily for theystaimn).

The Simple Dynamic System

A dynamic system, meaning that the camera is mounted on something which is moving, must compensate for
movement in some way. This can for example be done with stereo vision or by estimating optical flow. Optical
flow ischosen because it seems more straightforward compared to stereo vision, where you need two
camerasFurthermore, a Medialogy project similar to this was created with stereo vision, and we would like t
try a different approachZhang07. More specifically the Lucdséanade method will be used, because this has
already beenesearchedis very popular and seems to be a good staring point for calculating optical flow.
Optical flow may also be sufficient to detect a cyclist to the right ofutl@cle without other techniques, since

it is not crucial to detect whether or not it is in fact a cyclist, only that it something which is moving alongside
the vehicle, for this minor analysis test. This means that techniques like template matchiragguwefmatching

will not be necessary to verify if it is in fact a cyclist.

The Simple Static System

For The Simple Static System a lot of techniques can be used, but, as mentitime déhinoductionof "3.3

Computer Vision Techniqugeghe most straightforward or simplest technique should be looked at. If this

works there is no reason to look at more advanced techniques or filters, if it does not work more techniques or
filters can be applied. The most sigatforward method seems to be by doing a BLOB Analysis, and this may be
enough to detect and/or track a cyclist and a vehicle with a static system. As such, the more advanced
techniques and filters, such as stereo vision or the Kalman filter may be impteth# necessary. At this point

it is not known which BLOB features will be used to identify the objects, i.e. the cyclist and the vehicle.

For both systems

The techniques mentioneth "3.3.11Image Acquisitioh which focuson optimizing the image, might be used
for the test. However, because of time constraints the test will be as simple as possible, and if the
preprocessing techniques seem to be necessary, they will be used.
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3.3.7 CONCLUSION

There are many techques that can be used within computer vision and most solutions will have to make use
of a combination of several of thesexdetly which ones to use depeiadot on the situation and goal of the
specific project. If the camera is located on a movingfptat, such as a car, then image stabilization may be
required, while a static system should not need this.

Only little information was found regarding performance (execution speed) issues for the techniques, but it is
clear that it is something one has b cautious of. Further testing of this probably has to be done in order to
determine exactly how much of an issue it actually is.

A technique such as ROI can help speed issues, but is not something that will need to be dealt with from the
beginning. Ifhowever, the system runs into performance issues, then ROI is clearly one of the more effective
techniques to help reduce this issue and should therefore be used in this case to ensure that the system at a
speed matching the requirements.

Since hresholdig is a fundamental part of several filters, edgedetection, it is reasonable to believe
thresholding will be used at some point. Similarly, noise reduction in the form of Mean and Median filters as
well Erosion and Dilation will probably also be used. BLOB Analysis, more specifically Feature Matching will be
tested to detect and track objectsr The Simple Static System. If this is not sufficient other techniques will be
applied. On the same note, Grafsi® may be used to extract the BLOBs. For The Simple Dynamic System, the
focus is on implementing optical flow. Stereo vision seems hardenptement but it is also the best method

for finding distances. However, this does not seem to be necessary, and optical flow will be used as a starting
point. The Kalman filter seems unnecessary at this point.

At this point it is also clear that some hdson testing of the techniques mentioned in this chapter is required

in order to give a final answer to which ones to use and how. Exact computational requirements are unknown
and will depend on specific implementation, so this will be one of the thihgswill need testing. The chosen
techniques for the analysis test is, as mentioned, respectively optical flow and BLOB Analysis. If these
techniques are not sufficient, more filters and techniques can be applied.

It is apparent that several different appaches can be taken. Others with extensive practical experience within
this area have engineered a broad range of computer vision techniques that from the look of it applies to
problem posed in the final problem statement. Since it is highly unlikelyahathew computer vision

techniques will be pioneered through this project the following test's main purpose will be to gain some hands
on experience, but also to figure out which system should be used for the final product. In a nutshell this test
will not so much be testing the limitations of the tested techniques but shed light on what is realistic to
implement at a relativelynexperiencedskill level and within the timeframe set for the project.

3.4 TEST OFSMPLE DYNAMIC ANDSTATIC SYSTEMS

It has becomepparent that several relevant computer vision techniques exist for this project. What is needed
now is some handsn experience with the most relevant and straightforward techniques.

As mentioned in'3.3.6Relevant Techniques telJsed, two systems will be tested to determine which

direction the rest of the project will take. The two systems differ by being dynamic and static and by the end of
this chapter it should be possible to choose between the twale¥ant criteria fronthe "2.6 Success@@eria”

will be used to determine the success of each system. However, these will be simplified, since these tests do
not necessarily have to fulfill the same kind dteria as the final system.
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This test will be divided intthe Basic Test, which consists of two sectiotte(Image Test anthe Mdeo Test),
andthe Stess Test, an optional, conclusive test.

1) The Basic Test

(1) The Image Test
Instead of starting with a&ideo feed, this test will be performed on two or more still images,
to keep everything as simple as possible. The still images are supposed to simulate a very
short excerpt from a video. For the static solution the difference between the two images
shouldhelp determine the position of a cyclist and a car. For the dynamic test the
environment will also be moving, since this system would be mounted on the car.

(2) The Video Test
This test is a continuation ohe Image Test, and it tests both systems on a basic level with a
video, just to see if it is possible to convert the systems madéh®image Test to work with
video. If one of the systems fail here, the other system can already be chosen and no further
testing will be necessary. If both systems succeed a stress test may be performed to
determine the final solution for the project.

The criteria fothe Basic Test are:
For The Simple Dynamic System:

e The cyclist is detected and tracked in the imagesthealgorithms can tell us where the cyclist is
from frame to frame.

For The Simple Static System:

e Both involved objects (cyclist and car) are being detected and tracked from frame to frame.

2) The Stress Test
An optionaltest, whichmay be performed to detenine what the final solution for the project should be,
depending on the results frote Basic Test.

If a stress test is conducted, stricter criteria will be necessary. Since these criteria would be based on the results
from the Basic Test, these canrtm listed now.

As mentioned i 3.3.6Relevant Techniques teelJsed the techniques and algorithms used for each system,
will be the ones that makes it possible to fulfill the criteria in the most straigivfod way and with

techniques which possibly have some basis in what we have already learneSinTile DynamicyStem will
usefeature-basedoptical flow in the form of the icasKanade algorithmexplained if'3.3.5.30ptical Flow,

and for the Simple Staticy&tem the overall collection of techniques used will be those covered by BLOB
Analysisexplained in'3.3.4BLOB Analysis

3.4.1 THESMPLE STATIC SYSTEM

The Image Test

The Simple Static System will here be tested with a few images, simulating a short excerpt from a video. Still
images from a multimedia imaging portal were found for the {&+8C] The first, stati image can be seen in
Figurel?. It depicts two vehicles moving toward each other and is used as a substitute for theaedl

scenario, which the system must work within, i.e. a cyclist and a car in a right turn situation. The reason for
using this image is that itas not possible to find suitable images of a #éf&l right turn situation.
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Figurel?: Image for the Image Test for the Simple Static SyStEsC]

The source code for the techniques for this tedfargely basean the techniques described it8.3 Computer
Vision Techniquésand will therefore be only be described briefly here. The initial goal of this test is to turn the
two vehicles into BLOBs, and if possible sgbgatly track them. The purpose is to see if a BLOB found in one
image can correctly be found in the next image, when it has moved. That means there are three parts to this
test:

e BLOB segmentation, where a binary image with BLOBSs for the Indepénieniing Objects (IMOjs
createdfrom the test image irFigurel?.

e BLOB Extraction, where the individual BLOBs are found and indexed.

¢ BLOB Classification, where the BLOBs are identified in their new position after moving.

These three stepare also the basis of creating a BLOB and then performing BLOB Analysis, as mentioned in
"3.3.4BLOB Analysis

The first step in creating the static system was trying to isolate two useful BLOBs (tkeltisles as opposed
to noise) by thresholding to get a binary image. Ultimately this was not an efficient way to isolate the BLOBs.

Instead background subtraction was done, and this gave a reasonable result. Background subtraction is done
by subtracting tle pixel values in the one image from the corresponding pixel value in the other iMédgmn

you have a static system with moving objects, a successful background subtraction should be able to remove
everything but the moving objects, and this also workeddur system.

Figurel8 shows the result of using background subtraction and then a number of erosions and dilations,
techniques mentionedhn "3.3.3.2Neighborhood ProcessifigGetting © this result as seen ifrigurel8,
required multiple dilation and erosion steps which means that it did not seem to be able to rutimesaif one
wanted BLOBs without noise. This was discovered by using a timer function to tirefdeosion and dilation
steps, and they each took ~50ms to be calculated and around five to seven iterations were needeigve a
what is seen irrigurel8. Still, this was not very relevant at that point, since this was onlyr@mntest and in a
final system there would be time to optimize these kinds of things.
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Figurel8: After background subtraction, erosions and dilations

The next task was being able to track the individual BLOBs over straenak, i.e. if the BLOB on the left has
moved downwards in the next image, it would be important for us to be able to know that this is the same
BLOB. Since the final Static System would cover a known area, e.g. an intersection where the location of the
road and bicycle path in the image is known, one easy solution would be to just assume that whatever BLOB is
in the area of the image with the bicycle path, is a cyclist. Likewise, one could assume that a BLOB moving in
the area of the image, where we knaawroad is, could be identified as a car or some other vehicle. If these
assumptions were made, the system could assume a collision is at hand, if BLOBs move in a certain direction.

However this is not a very viable solution, and instead we tried to ¢jatb®fBLOBSs, so we could identify old

BLOBs as the same BLOB in new images. This might also help us calculate the speed of the BLOB (and thus, the
cyclist or the car). This is where the BLOB Extraction and Classification came in. To extract the BL@gs the G

fire algorithm is used. This worked fine and we now had an index number for each BLOB. The next step is
classifying the BLOBSs.

Classifying the BLOBs is done by extracting and matching features. One feature is the assumption that a BLOB
inoneimageisi KS . [ h. GKIG KFE@S (KS LRairAdAiAzy Ofz2asSa (2 GKI
a BLOB is usually found by calculating its center of mass, done like this:

for all pixels in BLOB
total_x += pixel_x;
total_y += pixel_y;
divide tot al_x and total_y with number of BLOBs

Code BlocR: Pseudo code for center of mass.

A qualified guess at which of the new positions that is the same BLOB cdvendone using a similar
approach as described in pseudo code below:
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for all blobs
for all new blobs
compare distance to old blob
shortest di stance is the

ol

d

Code BlocB: Pseudo code for guessing new BLOB position

The result of the aba can be seen iRigurel9. This way of checking is not optimal for big amounts of BLOBs
due tothe algorithmic complexity o®(n"2). This however is not relevant as there are usually are so few
BLOBs that it is not at all demanding compared to e.g. looping through all pixels in an image.

Furthermore, this is a fairly naive way of calculatiregv positions, as it would e.g. cause issues in a case with a
different amount of BLOBs in two frames. Another issue is if two BLOBs switch positions due to them having
directly opposite velocities, which would confuse this simple system. This coulddheiee improved by also
taking into account the velocity of the BLOBs and then using this to enhance the guess.

Picture 1
Center of mass er 275,.43.
Center of mass er 322,373.

~ of mass er 294,79,
< ~ of mass er 3@8,.356.
Dutput 275,43 moved to 294,79 with a distance of 408.7863 pixels.
322,373 moved to 3B8.35%6 with a distance of 22.8227 pixels.
Show oukput From:  Debug

'Crazers IP program.exe’

<
gl Stack _jBreakpolnts i]co

Figurel9: Using center of mass to guess new BLOB position.

Another approach would be to take the size or the shapéhe BLOB into consideration, i.e. looking at other

features in the BLOB Classification part. However, with the current system it was possible to find the same

BLOB over several images, so it is viable to think that it would be able to do the sansoydiist and a car,

Se3ad G Iy AYGSNESOGAZ2Y GKSNE GKS t20FdA2y 2F (GKS 0]
importantly, this minor test of a static systefulfils the criteria of detecting the two vehicles over several

images

The Videdrest was also completed. However this gave almost identical resuhe ttnage Test. The video

used was simply put together with the same kind of still images us#teilmage Test. The only difference in

the source code was the way the image data wagorted, instead of importing an imagewile-loop simply

looped the video, showing a new frame with each iteration of the loop. Because of the minor differences
betweenthe Image Test anthe Mdeo Test, an entire chapter for it was deemed unnecesSavyconclude,

this test showed that BLOB Analysis can be used to isolate and track objects, in this case two vehicles

ddz0 A0 AGdziAy3a F2NI I OeOtAaad FyR I OFNW {2YS tAYAGF GA:;
and a lot was learned.

"This means that the number of calculations increase exponentially with the amount of blobs
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The next chapr, "3.4.2The Simple Dynamic Systémwill explain he Analysis Test for the dynamic solution
and then one of the systems will be chosen.

3.4.2 THESMPLE DYNAMICSYSTEM

When starting work on The Simple Dynamic Systenthi®nalysis Test an attempt was first made to find

existing example code. When looking for example code, a very thorough one was found, made by David
StavengStavensOY. This example estimated opticdb¥v with the ShiTomasi algorithm and thieature-based
LucasKanade method, i.e. all that seemed to be needed and it seemed like a very simple and easily accessible
approach, and therefore this example will be used for tinve Basic Test. The example waso able to run with

video from the beginning, so there was no reason to test this system with one or a few images, like it was done
for The Simple Static Systemtie Image Test. The following sections will go through how the code works, this
wilbedme moreinRRSLIG K GKIFY F2NJ ¢KS {AYLXS {GFrGAO {eaidSyQa
significantly more advanced and are not described thoroughly in previous chapters.

Given a set of points in one image, optical flow is able to find those poirdnother image. This is the basic
idea of optical flow. More specifically, given point [ux, uy]T in imagied the point [ux # x, uy # y]T in
image } that minimizesx :

Upt e Uyt Uy
E(b0y)= Y S (I(zy)—Ts(z+8,,y+3y))
=y — e Y =Uy— Wy
Figure20: Estimating optical flow.

Good Featurego Track (Shifomasi)

Thefeature-basedLucasKanade method works by finding old features in new video frames. When finding
features that are good to track, they need to either have texture (ayuiby in tracking) or corners [Stavens07].
One effective wayo detect these features is by using the Shi and Tomasi (or Kahaaasi) corner detection
algorithm, which is already buiib in OpenCV.

If no corner can be located, we have what is called the "aperture problem”, which can be demonstrated by
thinking d a barber pole. On this rotating pole, the lines are moving to the left or right, but optical flow thinks
the lines move upwards or downwards [MurakamiO4]. Téegture-basedLucasKanade function in OpenCV has
a builtin feature to help with this problenexplained in thei t & NJ s&thoR Kelow.

Detection of Features in Different Frames (Lud&anade)

For the calculation of the optical flow itself Stavens uses what is called the PyramidaKlanzate method.
The Luca&kanade algorithm concerns the detimt of the same feature in two different frames, and the
pyramidal part concerns an improvement of the algorithm.

To make the Lucdsanade method work, some assumptions are made. The first is called brightness constancy,
and it assumes that brightness irsmall region is the same, even if the location changes, i.e. the image moves.

It is also assumed that the image motion of a surface patch changes gradually over time, this is called temporal
persistence. The last assumption is spatial conference, whiglmass that "neighboring points in the scene
typically belong to the same surface and hence typically have similar motions." and "Since they also project to
nearby points in the image, we expect spatial conference in image f[@taVvens0}.
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Pyramidal

The "Pyramidal” part covers a technique used to improve the algorithm, when the motion is too big. This is
done by reducing the resolution of the image a number of times (one time for every pyramid that you choose
to use), and then measuring the motiontimese sections. This feature is also built into OpenCV. If the aperture
problem is encountered, it is possible to solve it by adjusting a parameter in the-Kacasle function, more
specificallythe window size of the pyramid

ShiTomasi in OpenCV

Stavenscode only uses two OpenCV functédo create the optical flow, with some support code. In the code,
Stavens starts out by capturing a video file, he retrieves some information about the video, and starts a loop of
the frames, i.e. he plays the video.erhhe applies the Shi and Tomasi algorithm with the OpenCV function
cvGoodFeaturesToTrackhich takes several inputs:

void cvGoodFeaturesToTrack(
const CvVArr *image,
CvArTr * eig_image,
CVArIr * temp_image,
CvPoint2D32f * corners,
int * corner_count,
double quality_level,
double  min_distance,
const CvArr * mask=NULL,
int  block size= 3,
int use_harris= 0,
dnithle k=004 Y

Code BlocK: Prototype for the Shiomasi algorithm in OpenCV.

The required inputs arémageis the input imageeig_imageandtemp_imageare temporary workspaces for
the algorithm,cornersis an output parameter which will contain the feature pointsyner_countdetermines

the amount of features to be found, the two doubles determine the quality of the features and the minimum
distance between features, () amdaskdetermines if the entie image should be used (if NULL the entire
image is used). The remaining parameters are optional.

LucasKanade in OpenCV

The next OpenCV functiondgCalcOpticalFlowPyrLK#nd this calculates the PyramidalcasKanade optical
flow. The prototype forhe function looks like this:
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void cvCalcOpticalFlowPyrLK(
const CvArr * prev,
const CVArr * curr,
CVAIT * prev_pyr,
CVAIrT * curr_pyr,
const CvPoint2D32f * prev_features,
CvPoint2D32f * curr_features,

int  count,
CvSize win_size,
int level,

char * status,

float *track error,
CvTermCriteria criteria,
int  flaas):

Code Block: Prototype for the Pyramidal Luc&snade algorithm in OpenCV.

The inputsprevcontains the first frame with the known featuresyrris where we want to find the first

frame's featuresprev_pyrandcurr_pyrare workspacegrev_featuresare the features from the first frame,
curr_featuresare the outputted locations of those features in the second franmintis the number of

features in the curr_features arrayyin_sizeis the size of the window to use to avoid the aperture probl&m,

is the maximum number of pyramids to use (0O would be just one level), the elemstatagis non-zero, if a

feature was found in previous framt&ack_erroris used similarlycriteria determines for how long the

algorithm should be run (determines speed and accuracy).

Ly {0l oSyQa SEIYLES O2RSZ INNRs& I NB RNIgy S6KSNB TSI
new window. Since the lemig and direction of the arrows denote the optical flow and the criteria for the test is

to found the relevant object in each image (e.g. a cyclist), the arrows of a certain length or in a certain direction
will probably be able to show where it is.

The Baic Video Test

The test was donen a 3Brendering of a moving road, seen from the freriew window of a car. The images
were provided by [Vaudrey08] and were turned into a video. The reason for using this dataasshdhetic
environment increaseshie possibilities of determining the quality of the outptthe car on the right is used as
a substitute for the cyclist, which the system should be able to detect in the real world.
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Running the video with minor color adjustments from the example code yielded the following results:

4
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Figure21: Sparse Lucasanade in 3D environment (low amount of iterations)

It should be noted, that the arrows do not denotieet precise start and end points of the movements. The start
point is true, but the length of the arrow has been tripled, making it easier to see the direction. The colors
denote different directions, making it easier to distinguish between them. Therelarmusly a lot of errors,

i.e. the algorithm finds incorrect features and makes arrows all over the place in the bottom of the screen (due
to the details on the road). Changing the parameters of the function to reduce these arrows increases
computationaltime, but in this 3D rendered environment increasing the algorithm to its maximum amount of
computations did not create significantdecrease in run time for the video.
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Figure22is the same frame with the algorithm doing materations to increase the quality of the features,
which are found. Notice the decreasn errors compared t&igure2l.
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Figure22: Sparse Lucdsanade in 3D environment (high amount of iterations)

At thispoint it is already possible to declare the Basic Test for The Simple Dynamic System a success, since the
moving object (in this case, the car) has arrows on it, which means that the algorithm finds its features.

The next step would be to distinguish befen the optical flow of the object and the optical flow of the
background, e.g the road. The way this can be done is by comparing the vanishing point from the background
with the vanishing point for the car. Since these differ, it should be possiblelaigdhe car. This however is

not necessary to declarde Basic Test for The Simple Dynamic System a success, since the success criteria are
fulfilled. A lot of knowledge was also gained from doing the test, and that was also one of the main goals of the
test. Next, the static or the dynamic solution will be chosen and be the focus of the rest of the project.

3.4.3 TESTCONCLUSION

The results fronihe Basic Test indicate that both the static and dynamic solutions work within the simple
success criteria defirtein the beginning of 3.4 Test of Simple Dynamic and Static Systerscause the
moving objects were detected.

At this point itcould be relevant to perform a gtss test as suggested'i.4 Test of Simple Dynamic and Static
System$. However, it is not certain thahe Stess Test would reveal specific flaws in a dynamic vs. static
solution that would make the choice between the two obviolislso seems limited how much more we could
learn from such a test. Furthermore, it may prove difficult to determine whether any weaknessebé¢hat

Stress Test would reveal would be accredited to weaknesses in the implementation, the applied techmiques o
the dynamic and static solutions themselves.

Overall, the time seems better invested in moving forward and making a choice bethve&ttic System or

the Dynamic System based on our own preference. In short, the static solution seems simplénéhdynamic
solution. The dynamic solution seems to offer more variety and even though it seems to be a bigger challenge,
it still seems possible to implement it successfully. Since an important purpose of this project is to learn more
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about computer vion and image processing, it makes most sense to go with the more challenging of the two:
A dynamic solution is chosen as the focus of the rest of the project.

The following chapter lists the requirements for the system, which will be the bastsDesign

3.5 REQUIREMENTSPECIFICATION
3.5.1 [INTRODUCTION

3.5.1.1 PURPOSE

This requirement specification is based on IEEE standard 838 [|[EEE9&nd[BieringSgrensen8pin

regards to the software product while process requirements are based oAURL{Structured Program
Development Unified Modeling LanguaggHansen05]. This specification will list the functionality, interfaces,
performance and attributesaquiredto develop the product.

3.5.1.2 REFERENCES

The specification is backward traceable meaning that all requiremitit be referred back to previous studies
in the report. Thus when a requirement is stated a reference to the place of origiatesd as well.

The speification is forward traceable which in practice means that all requirements has a unique identification
so itis possible to make direct references.

3.5.1.3 READINGGUIDE

The requirement specification is written in natural language opposed to structured or formal language. It will
be dividedinto the followingfour sections.

1. Introduction

2. System desiption

3. Specific requirements

4. External interface requirements

Atest of how well the requirements are matched will be tested in a final test(6&eest.

3.5.2 GENERALDESCRIPTION

3.5.2.1 SYSTEMDESCRIPTION

The purpose of the system is to preveight turn accidents betweenarsand cyclists in the Danish ffe.

In short terms this will be done hyetecting cyclists iniwations describd in the traffic analyis part"3.1
Analysis of Right Turncéidents. If anunsafe situation is detected the system has to be able to give an output
as mernioned in"3.5.2.1System Bscriptiort’ as aconsole print out.

How to warn the involved parties is not a part of the produas first mentionedn "2.5 Delimitatior’, and will
therefore not be a part of the system requirement3oprovidean overview over the system a context¢tor
diagam is produced, sekigure23. This gives the highest level view over thpuihand output fromthe
involvedactors. The system receives input about the position of the &stors inrisk of colliding. The
combination of the information from the two input actors makes the system capabiietefcting a cyclist
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Actor System boundary

—) Camera [¥ System

Cyclist Actor

Car driver

Actor

Car

Figure23: Overview of the system with a conteadtor diagram.

The hardware part of the system consists of a camera located on the car with the field afoxiering the
right side of the carThe camera is static and provides footage whithaissmitted to a computing unit
running theproduct. The software part in this system consists of a program that is able to detect a cyclist
movingalongsidethe car.

3.5.2.2 THEFUNCTIONS OF THIPROGRAM

The program'’s main function is to prevent collisions betwears andyclists in right turn situations.

To be able taletectthe cyclist the program has to be able to obtain information about which direction objects
within the field of view moves. The program has to be able to tell whethectoistmoves at aspeed relative
to the vehiclewhichmakes thecyclista possible threat leading to a warning print out.

3.5.2.3 LIMITATIONS OF THEPROGRAM

The system will onlpe able to detect the cyclist. It will not be involved in warning the driver or automatically
applyingthe brakes beyond executing a priotit as mentionedn "3.5.2.1System Bscriptiori'.

3.5.2.4 THEFUTURE OF THEPROGRAM

The productdevelopedfor this projectisa prototype to be used for research purposes odlfinal commercial
product with the same purpse will technically be distinctly differenthis nearsthat the initial prototype
should not be used as a direct base &duture commercial programTherefore the development of thigst
program should notake possible future extensions into consideration.

3.5.2.5 USERPROFILE

The user of the system is the module that takes care of the warning part.
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3.5.2.6 DEVELOPMENTPROCES&REQUIREMENTS

The development process will be supported by the use ofSRIU.Aniterative development modelis chosen
which both deal with the design and implementation of the program.

3.5.2.7 SCOPE OMELIVERY

The development model chosen is a modified version efwimodel stated in [Hansen05].

The model exists of five modules (one design modulefandimplementation modules)ne internal
deadline, three internal test@nd a final test just before the externdélivery date, se&igure24:

y External Deadlines

Vtemal Deadlines

Calender 21 | 25 | 27 | 29 | 1 2 |

Figure24: Modified Wmodel for delivery of the program.

Module review:

M1: Design of the systenhist offunctions and featuresvhichare going to be implemented.
M2: Basic program structures: Video input, output, first simple detection system.

M3: Improving detectiorieature.

M4: Finishing detection system

M5: Tweaking and optimisation

Delivery and tests:

ID: Internal deliery of finished design draft.

IT1: Internal test 1: Test of simple system.

IT2: Internal test 2: Test of detectiguart.

IT3: Prefinal test: Training on recorded test footage.
FT: Finktest.

EL: External delivery.

The development progress runs from the 21th of November to 2nd of December.

3.5.2.8 ASSUMPTIONEP REREQUISITES

In order to have a working program some prerequisites need to be fulfilled. These prerequisites involves both
hardware, sofivare and knowledge about different right turn situations that resultsatlisions.

Camera, computer andthat is needed to secure the camgueoperly to the vehicle are the hardware needed

for the program to function. The camera is needed in order to collect image data from the surrounding traffic.

The computer will be used to process these data in order for the bicgclesi KA y (i K 3d ofviemt& NI Q& F)
be detected.
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The program will need daytime lighting cotidis to function properly.
3.5.3 SPECIFICREQUIREMENTS

3.5.3.1 DEFINITIONS

The following definitions are design rules for developing the program.

e The programming language is C++ as this is whahOV is optimized for.
e The delivery platformwill be x86 compatible P@ith 32bit Windows

3.5.3.2 FUNCTIONALREQUIREMENTS

To describe the functional requirements of the system use casgsraral situationsre defined The
functional requirements must beriplemented forall use cases. First a brief overview of the use cases are
presented here and then further down a detailed spiezifion of each one is listed.

Use Case @erview

For these use cases two actors are involved, one being the cyclist and #rebaiing the car driver. There are
four use case scenarios of thigstem, first a use case diagrdist to get an overview followed by a detailed
description of each particular case.

Note that all use cases are simplifisgpresentations of real lifsituations as thesare only used to break
down the system in smaller parts to enswe overview othe functional requirementsThe use cases are
basedon "3.1.4Where the Cyclist is Placed Compared to tedivle'.

Use Case 1
Scenario: A cyclist is catching up to a car approaching a right turn situation in a cross section. In this case the
front wheel of the bicycle is the first thing to enter system's field of view.

Use Case 2
Scenario: A cyclist is apprdang ajunctionand the cailis catching up tehe cyclist. In this case the back wheel
of the bicycle is the first thing to enter system's field of view.

Use Case 3
Scenariol O@OfAad Aad gAGKAY GKS Ol YSNIcadheTak & dycli?is OA Sg
travelling at the same speed.

Use Case 4
Scenario: No cyclist is in the system's field of view.

An exception to these use cases also exisere the cyclist or driver ignores traffic rules and regulations and
proceeds across the cross section. Because of the complexity of the scenario in this exception this use case is
delimited from the program.

The systen is divided into two functions:

e Afunction focusingon detecting the cyclist in more than 9 out of 10 situations
e A function focusing on preventirthe systemfrom wrongfully detectinga cyclist, when there is no
cyclist, inéss than 1 out of 10 situations

The first function is implemead for Use Case 1, 2, andwhile the second function is implemented for the
Use Case .4
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The system is expected to be able to accommodate for situations where severalscgrtisn the field of view

as it should take only the most dangerous one insideration These will not be considered specific use cases
simply because of the near infinite combinations of use cases it would bring, but will instead merely fall within
the already defined use cases.

Any noncyclists will be considered noise and tdi faithin the already defined use cases. In other words: If a
cyclist is catching up t the car (Use Case 1), and pedestrians are in the field of view, the case will still be
categorised as Use Case 1.

Function 1:Detecting the Cyclist
The purpose of thisuhction is to detect a cyclish the system's field of view.
Requirement Detecting the cyclist in more than 9 out of 10 sitoat.

Input: A video recordetly a camera placedn the car. The video is recorded in daylight conditions as this is
when the accidentsnost frequentlyhappenas foundin "3.1.3When the Collisions Happén

Output: When the cyclist is detected the system executesrasole printout.

Properties of involved partiest the involved parties havehe propertiesmentionedbelow, then the system
hasto detect the cyclist.

Cyclist- a moving object with certain pragties:

e Velocity: The cyclist is moving withspeedbetween 0 km/h to 45 km/hseesection”3.1.5Speed and
Reaction Timé

e Placement: The cyclist is placed at the right side of the car loike path or sharing the road with the
car, seesection"3.1.4Where the Cyclist is Placed Compared to tkaivle'.

Car- an object that moves along with the cana and has certain properties:

e Velocity: The caturns with a speeadf maximum 40 km/hseesection"3.1.5Speed and Reaction
Timé'.
Function 2:Detecting Only the cyclist
The purpose of this function is Bvoid detectinga cyclist, when no cyclistiis the camera'’s fieldf view.
Requirement] I Ay 3 £ Saa GKIyYy M 2dzi 2F wmn FlLfaS LlairirgdsSa

Input: A video recordetly a camera placedn the car. The video is recorded in daylight conditions as this is
when the accidentfrequently happenas foundin section"3.1.3When the Collisions Happén

Output: Nothing.

Properties of involved partiesf the involved parties havihe below mentionedproperties then the system
shouldnot detecta cyclist.

Car- an object that moves alongith the camera and has certain properties:

e Velocity: The car turns with a speed of maximum 40 kredesection"3.1.5Speed and Reaction
Time'.
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3.5.4 EXTERNALINTERFACESPECIFICATIONS

3.5.4.1 USERINTERFACE

This system does not haa user interfacas it functions without any direct input from the driver or cyclist

3.5.4.2 PERFORMANCHREQUIREMENTS

The system needs terform well enough tdoe able to detect the cyclist so@nough to avoid a collision.
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4. DESIGN

With the Requirement Spediftion done it is now clear whateaturesthe systenneedsbe able tosupport
Now it is necessanp figure out how to design a system that fulfills those requirements. This is what this
design chapter will be about, basically taking the system fihat it has to do' to 'how it has to do ifThe
overall theme of the required system is 'motion detection' andremspecifically ‘detection ohtlependenty
Moving jects' (IMO detection) as this is what the key featufresn "3.5 Requirement Specificatidrelates
to.

In the end of the analysis a test found that a dynamic solution is preferred for this project. The test showed
that a dynamic system could be a viable solution when combined with optical flow

In order to ensure that all possibilities are thought of an attempt will be done to uncskiether there are
any alternative techniques that work better than the optical flow attempted in the analysis test. The area
which will be looked into is howevstill only for dynamic systems.

When a technique has been chosen it will be looked into what algorithm this technique needs to be able to
segment the wanted motion and achieve the detection of the wanted IMO.

When done with this chapter it should be cleatactly how to implement a system fulfilling the requirements.

4.1 DYNAMICSOLUTIONS

In order to find a certaitndependenty Moving Object via a dynamic system, different solutions need to be
examined so that the best possible solution can be chosen fpleimentation. The solutiotestedin *3.4.2

The Simple Dynamic Systémasthe estimation ofoptical flow, which is a method used to recredhe 3D
information from a series of 2D images. Optical flow catesléhe motion betweera number ofimage frames
often just two,takenat two different times. This method is tested in the analysis section of the report with
partial successsit showspromiseeven though it was not developed fullWithin the area of optical flow
there are multiple different ways of achieving the desired result, such asphese(i.e. featurebased)Lucas
Kanademethod [Karade81] used i3.4.2The Simple Dynamic Systénhooking realistically at the time frame
of this project, then it is a significant benefit to have tested optical fi@eause we now know that it is a
technique thatis technically feasiblto implement in this project

However, nultiple alterrativesto optical flow exist for the Dynamic Systeone of which is templa

matching. As describad "3.3.3.2Neighborhood Processihigthis technique examines the imag®m the

upper left corner to the bottomight corner looking for resemblance to a template image. The template image
could in this case be a template of a cyclist. This technique is however hard to get entirely reliable as cyclists
comein lots of shapes and colors.

Stereo vision, as described'iB.3.5.1Stereo Visioly was another solution to find a cyclist. Stereo however
should only be used if other techniques are not sufficient. The downside here is that another cameras is
needed, which obvioug adds a level of complexity. Also, this was used for a similar Medialogy project.

One way of recognizing IMGsto segment the image into a 3Bpresentation, similarly to the idea behind
stereovisionand disparity maps. As described in this papdodrow07] away to go about thiss to project out
aninfraredgrid and then extract spatial information based on the deformation of this grid. As the grid is
infraredit will not be visible to humans and thereby not annoy anyone. ,Tiagever, requires that there is no
other significaninfraredinterference.
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While themethods mentionedabove should contain relevant possibilities, then iinigo waycertainall
possibilities are exhauste®n the base of what has been covered in the above chaptamitbe concluded
that optical flow is a viable dynamic solutiwr this project andwill bethe technique whictwill be looked
further into. This is mainly due to the fact that it is fairly $tytst forward to implement, it is known that it &
feasiblesolution,and there are many options within optical flow.

4.2 OPTICALFLOW

Optical fow is an attempt to provide an approximation of the true tiom field from a sequence of 2ilhages
as describedn "3.3.5.30ptical Flow. Since there are many options within optical flow teéstion of the
report will be looking into methods of optical flow which can fulfill the task of detecting the correct
Independenty Moving (bjects. Two terms, dense and sparse, represent the overall approaches to optical
flow.

Dense methods calculatgptical flowfor all pixels in an imagevhich means that itheory the dense methods
estimatemotion for every pixel in@image. In practice some areae very uniform in their texturing and
thereby it is not possible to find a plausible position for a given point imthe frame[BradskiO8.

Sparse methods calculatgptical flowon featuresonly and thereby do fewetomputations resulting in a faster
estimation.Just as with dense methods sparse methods also rely on a certain amount of contrast and contours
in the image. Eaturesused in a sparse optical flomight include the IMO which has to be detected, however
results from the analysis test show that it is not necessarily features from the IMO ahéatetected. Dense
methods aregenerallymore likely to include information about the IM@ue to the additional pixels computed
compared to sparsenethods [BradskiO8]

This means the dense methods show the most potential as they provide a better chance of tracking the IMO.
With the choice of dense methodisis relevant to look into which dense optical flow implementation to
choose for the final system.

4.3 CHOOSING APARTICULAR DENSEALGORITHM

When choosing a dense method it would be preferdbt to take a look at which buii functions OpenCV
provides. In OpenCVxlthere are three dense optical flow solutions btiitt The first one is Horn & Schunck
[Horn81], whichis a global variational method. The second is the block magcimathod which focuses on
dividingthe image imo a suitable number of blocks and finding the corresponding blocks in the next image. The
common denominator for the first two methods is the kaaf accuracy.

For theHorn & Schunck method the issue is tlitas a global method which implies global movement which
againimplies that small local displacements are not well tracked. This can be very harmful forahsystem
whichaims to detectsmall moving objects (when the car and cyclist are far from each other) [Maijzato®
downside of the block matching method is the lower resolution gained by the fact that the accuracy is a
function of the size of the blocks. The resolution of the véjoiciformation gained is the image side&vided by
the size of the blocks. To get an overview of the pros and cons of the different metesiable4.

The Ieal variational method of Luca&nadds built into OpenCV. It is a dense optical flow method calculating

the flow for every pixe(i.e. a different method than the Lucd&anadealgorithm used in'3.4.2The Simple

Dynamic Systel). Thismethod hasa betterresolution than the block matching method and also has an
advantage over the global method of Horn & Schunck, because of the benefits of being a local optical flow
method: LucasKkanade makes use of an additional assumption that all motions are small aneéobheteast

in local areas of the image. This makes the algorithm interesting because of its robustness to noise and the fact
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that the assumption about local motion makes the algorithm capable of tracking small motions in the image. In
the analysis testhe sparselLucasKanade algorithm was implemented with pyramids. The reason to use these
pyramids is as mentioneid "3.4.2The Simple Dynamic Systéthat even within feed from a video camera

running 30fpslarge andincoherent motions are commonplace, so a large windsmeeded in order to track

the motion, but with a large window the coherent motion assumption is broken.

Dense Implementation
Pros Cons
method order

Included in OpenCV 1.x
LucasKanade | Capable of tracking small motion| Large motion 1

Robustness to noise

Small local displacements are no

Includedin OpenCV k.
Horn & P well tracked 2
Schunck lterations
Accuracy
Small local displacements are no
well tracked
Block i
. Included in OpenCV 1.x Accuracy 3
Matching
Returned velocity image in low
Resolution
New method must imply
improved properties.
Farnebéack Only Included in OpenCV 2.0 4
Implemented with pyramids in
OpenCV

Tabled: Pros and cons for dense optical flalgorithms in OpenCV.

Based solely on theory it is uncertain which of the above mentioned dense methods that will suit this project
better. An implementation of all of them may prove necessangd therefore the implementationraler is
noted inTable4.

The most promisingoptical flow methodappears to be thelense LucaKanademethod. It has the advantage
of being able to track smaller local displacement with a high velocity information resolution. This will be
implemented without the pyramidas OpenCV does not support this part of the algorithm. This
implementationprocesswill be fastbecause of the builin functioncalcOpticalFlowLKif) OpenCV

4.4 CHOOSINGWHAT TOBUILD ONTOP OFOPTICALFLOW

With the optical flow algorithm in place it is now time to take a look at what needs to be done as the next step.
Theresult of the optical fhw algorithm isa set of displacement vectors for all pixels in an image, which
describes themotion of that particular pointompared to the previous frame. That is, we get an approximation
of the true motion field From this optical flow method it is necesgdo find the relevant objects to track.
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4.4.1 PHYSICALSTUATION IN THETRAFFIC

Before the information from the motion field t® be calculatedthe first task is to determine’hich motion
field needs to be observed.

The camera has to be mounted tre carasper choosing a dynamic systeButthe question still remains
what should be in the field of view of the camera and exactly wherplacethe camera. In order to answer
these questions a detailed look at the generalized situation of a potential rightaccident from the traffic
needs to be examined.

The first thing to be looked into is the exact motion of the car, and to do this one has to base the calculations
on a certain kind of car. Instead of attempting to define what might be a viableétéadecided to choose a

specific carThis is an approach that makes sense since any finished commercial product would also have to be
configured in some way to work on a specific car model, B gupplyinghe specific dataand then the system

would adjist to these accordinglyn this section the qaused is a 199%koda Feliciaince a such car is

available for testingThe specific data used in the aalltions follows fronirable5. Besides the data from the

car some additional assumptioase madeto simplify mattersseebelow. More on theseassumptionsn 7

Discussion

Assumptions

e The car and cyclist drives in the same directions.

e Distance between car and cyclist orthogonal on the driving direction is 0.5 m.
e Same velocity in the turn as just before turning.

e The car takes the rigkturn along the line of a perfect circle.

Skoda Felicia 1997 [m]

Length 3.855
Width 1.635
Turning radius 5.250

Tableb: Measurements of the car, which is available for testing [CDb].
2 KSYy @GASHSR FNRBY | 0ANR @#H lodklkéthelplSuNainEiGuiedsA TleSdangekofs 4 OSy | |
situation occurs when the cyclist anldet car is located in the poiptat the same time. The car is located in

point p when the bonnet hits it until the car leaves the point with the rear end. Teeagrdinate to the poinip
is found with the parametricdrm for circles and the fact that thecoordinate to the point is known.
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Figure25: Bird's eye perspective on right turn situation.

The timet, [s] is the timeit takes the car to go from(time t,) to p depends on the velocity of the cay [%]
and the distancd.; [m]to the pointp. It looks like this:

L
tl =2t
Ve

where L, is calculated by the fact that the atength fromi to pis known.

The car will leave the poimt again when the rear end hgsassedo. The timet takesthe carto go fromi to the
rear leavep is denotedt, [m]and calculated as:

t, = (Ll:Lc)

where L:[m] is the length of the car.

Now it is possible to calculate the interval where the system has to detect the dpdiésims of where the
cyclist is placed in relation to the caruif is the velocity of the cyclist anig., [m] andL.,[m] is the distance to
the pointp from where the cyclist is placed &fin relation tot, andt, then thecritical region (detection
interval) R, is:

Le, < Re < L,
Where

Lc1 = (wp — vty
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This result sbws that the distance between the car and cyclist where the detection has to take place in order
to avoid a collision are dependent of the relative velocity between the car and ¢yigtonly this. Ifrigure

26 andFigure27 a 3D base area diagram is shown in order to see the relationship between the three quantities
L, orL.,, v, andv,. Note that the interval used for,, andv, are the ones foundn "3.1.5Speed and Reaction
Time'. v, =10 km/h ; 45 km/h ] and, = [ 5 km/h ; 40 km/h Minimum forwv, is set to 0 km/h where 0 km/Is

not a part of the interval.

Figure26: (a) 3D base area diagram ofagbnship
between velocities of the car, cyclist and the critical distance &dmp.
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Figure27: (b) 3D base area diagram of relationship
between velocities of the car, cyclist and the critical distance &dmp.

Figure26 shows that the biggest value 6f, is obtained with the highest velocity of the cyclist and the lowest
velocity of the car, whickome as naurprise. This value Is, = 42.93 m and is shown ifrigure28. Figure27
shows that the lowest value i5,, = 0 m when the cyclist is not moving, regardless of the velocity of theloar
simple termshis means that if the cyclist is standing still then the cyclist needs tt bee point p in order not
to be hit by the car. This is not entirely true digethe width of the car which is 1.635 m as showTable5.
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51
1,64m

A =174,77°
C

Critical
region g

Figure28: Angle needed to coveritical region.

Now it is possible to calculate thelative anglebetween pointsc; andc, Figure28in order to see theyclist in
the critical region. The situation is drawnkigure28 and with simple angle calculatiortss shown that the
horizontal angle of view has to b, = 174.77° in order to be able to overview the area in which the cyclist
have to be detected. It might be necessary to have an even wider angle of view in order to have the cycle
detected before it aters the critical region.

4.4.2 AMOUNT OFCAMERAS

¢KS RSYIFIYR 2F | K2NRI 208 forfthe disciBdioS amiich cadieraSausend hom T n T T ¢
many. The discussion about the choice of camera is also related to what kind of input the dercsd tpév

algorithm demands. This is on the other hand very hard to determine at this point, as it is detide8

Choosing a Partitar Dense Ayorithm" to pick the optical flow methoavhichworksbetter in the later

implementation phase.

The conclusion on this discussion about camera choice is solely based on the horizontal angle of view result,
and has to be reviewed when thiequirementsfrom the optical flow methodare known

The most simpleolution to monitor the critical region is with one camera withangle of view equal to
MTNETTed® .dzi SOSy OFYSNIa 6AGK a2YS 2F (iHeRkiladgob f £ Sa
not cover more thg ™ blogizentally Three options cdd be a solution to the problem:

1) Make use of amltra wide-angk lens, known as fisheye lenses.
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2) Anordinary lens filming intomomnidirectional mirror.
3) Using seval cameras with normal lenses.

The fiist and second solution generatmn-rectilinear imags (straight objects appear with straight Isie

rectilinear images, in norectilinear they are curved). The ndimear images can be converted into rectilinear
images so the motion field from these can be correctly extracted. This is how ever a mqrkerdask

compared to using multiple cameras to cover the critical region. An advantage from using multiple cameras is
that each camera (and corresponding system) is able to look for different kind of motion.

As stated irthe "3.5.3.2Functional Requirements four different use casearea part of the system and hate
be fulfilled. The cyclist in UseaBel enters the critical region at point, Figure28 and the cyclisfrom Use

Case 2nters atpoint ¢;. The cyclist from Usea€e3 where the cyclist and car have approximately the same
speed is placed in the middle between the two pointise Case 4 is not interesting in this context, as there is
no specific motion to muoitor.

The motion needed to be detected ihse @se 1 movdrom right-to-left in the image If it is nd moving in that
direction, thenit will never be in the risk of colliding with the car. The santeuis for Use Case &nly moving
from left-to-right but with different sign. The motion needed to be detectedlse Case 3 is the one with little
to no motion relative to the car.

In this way the system has to look for different kind of motion depending of what way it is lodisrggen in
Figure29 simple angle calculations shdvew it is possible to covehe critical regiorwith the use of two
OFYSN}Y&a gAUGK GNIRAGAZ2YLFE fSyasSa gA0GK Iy y3atsS 2F OA:

0,5m

R _=44.57m
C

Figure29: Coverage ofritical angles

The soltion to cover the critical region with multiple cameras is chosen not tmkimplify the systembut
because of the possibility it offers to divitlee overallsystem into smaller subsystent3ne approach to
designing and implementing productwithin the limited time span given in this projedee"3.5.2.7Sope of
Delivery"), is tolay the framework for an overall systedesign but onlydedicate time to design and
implement selected modules of this overall system.

For this reason it is chosen to go with the overall solution involving two cameras, but only focusing on the
design and implementation aine ofthe two camerasThis also impgs that not all use cases are going to be
implemented in the systentollowing nexis the deliberatioroverwhichof the two camerago choose.
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4.4.3 CHOOSINGAN USECASE

Sincethe resultsfrom "3.1 Analysis of Right Turncéidents respectively cover trucks in Denmark and cars in

the US, the data is not seen as being representative for right turn accidents with cars and cyclists in Denmark.
Therefore these data are not used to make an argument for choosing de ofse cases. It also seemed
apparent that accidents do occur for both Use Case 1, 2 and 3, so the system will be helpful regardless which
use case is chosen.

Due to the different distances from the car to the critical poiogsand ¢, (seeFigure28) the task to detect the
cyclist inUse Case 1 andHave different degrees of difficultyA farther distance to the car gives less
movement in the motion field, anchis is whyUseCase 1 in respect to trackable movemeniiobablymore
difficult to implement successfully.

Still, at this point many things have been delimited, and if a system which works for Use Case 1 is successfully
implemented then it can be argued, that it is also possible to successfully create the systehesdtrer use

cases. Thus, a solution for Use Case 1 (i.e. a cyclist catching up to the car) is chosen, and the system will be
createdwith a backwards facing camera, as seehigure30.

0,.5m

3,87m 3.86m | 49,00m

Figure30: Coverage with rear camera.

4.4.4 DESIGNOF THEDETECTIONPART

The task of ending with a systemhichgives aconsole printout when a cyclist is in the critical region involves
a number of stepsn top of the fundamental optical flow algorithrniThe subdivisionare as follow:

1) Prerequisites

2) Preprocessing.

3) Identification ofIMO.

4) Deciding ifMO is in danger.

4441 PREREQUISITES

As statedn "3.5.3.2Functional Rquirement$ the input to the function that need to detect the cyclist is a
video feed. The video cameezquiringthe video feed has certain properties, which should correspond with
what is needed in order to make the detecting as qualified as possible.

Frame rate:The optical flow methods we dose to start implementing are not goad trackinglarge motions
which would be solved by using tipeincipleof pyramids. Thisequiresthe frame rate to be as high as possible
seeingas the motion will be smaller with thease physical 3D velocity in the real world. In this project it is
unrealistic to get hold of a high speed camera and at the same time it is unrealistic that at system based on a
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high speed camera will be able to process the informatiat fast seeing ashiow a dense optical flow
calculation between to frames is a time consuming task. A cameradbifps is the compromise between
desirable high frame rate to satisfy the optical flow algorithms athuolv framerate to keep the performance
requirements accejable.

Image sensorThe better quality of the sens@nd likewise image qualityhe better performance of the
optical flow algorithms as thesely on finding edges, corners and other significaatternsin the images. The
use of adedicatedsensor fored, green and blue light (3CCD) mightfaeorable as the quality of the images
improves. The use of webcams with a low quality sensor is precluded.

Image stabilizerAs the camera will be placed on the car and thereby be ingghbi/of the natural vibations
from driving an image stabilizenay benecessary. The stabilization could be done later in the process by the
software but this wilimpact performance to some extent, makingdamera image stabilization more
desirable

Focal lengthThe field & view is determined by the focal length and sensor size in a videemsa FromFigure
29it is shown that the critical region on the right side of the car can be covered using two camerasanglea
of view of 50 %. This corresponds to a focal length on 40 mm measured as 35mm equivalent.

With the properties of the camera in place, the position of the camera needs to be determined. In order to
obtain optimal functionality in the system it ismiportant to know where the camera should be placed on the
vehicle so that theyclist is detected from point, until the forward facing camera takes over. If the two
camerasare placed in each end of the car pointing tosla each other as showed Figure29 this gives the
best coveragen the region where the cyclistill appearjust beside the car.

The camera in this system should therefore be placeithe uppermost front right corneof the car as seen in
the illustration below,Figure31.

Figure31: Best placement of camera for Use Case 1.

4.4.4.2 PREPROCESSING

Due to the cameras fixed image ratio sosegtionsin the picture might not provide the system with any useful

input abouttheMO® Ly G(KS K2NAT 2yiGFt RANBOGAZ2Y | ff 2F (KS AY
in order to cover the critical region. But especially in the right side of the images where the cyclist is far away

and occupying a small amount of pixelsere areareas where the cyclist witlever be placed, seleigure32.

Thiscallsfor the use of RQlexplained in'3.3.2Pre-Processing or cropping undesiregbarts of the imageaway

before the optical flow algorithm takes overhe runtime speed is significantly improved ducing the
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amount of pixebthe optical flow needs to go through by tw8o it makes sense ttefinea ROI as markkby
the red line inFigure32

ROI

Figure32: ROI for cyclist

Some of the OpenCV buit optical flow algorithms take ggescale images as input. If this is the case the
images captured from the video stream will be converted to egesle.

All of the optical flow algorithms need clearly defined structures to be able to track the mdtioay prove
interesting to experiment with the use of sharpen techniques to help improve the robustness of the optical
flow methods. OB example tosuch amapproach igshe Gaussian Sharpen kernel, see moré3i3.3.2
Neighborhood Processihg

4.4.4.3 |DENTIFICATION OAHMOS

The first thing that should be done is to segment the image, which will be required regardiebicbf
techniques are applied afterward$he segmentation is required to identify Independently Moving Objects
(IMOs) and therebygstablishing which parts of the image belongs to the object(s) we want to.track

The first thing that needs to be done isdivideall pixels ito two classes: IM@nd background [Chumerin08].

By looking at the parts of the image whose vectors start or end in the same vanishing point (also called the
focus of expansion), then one can assume that these belong to the same dbjdwt. same way, the vectors
for the background (the world) should also emdstartin a specific vanishing poirgeeFigure33.
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Horizon line

P
P3+t

o

Figure33: Showing different vanishing points for background and objects.

In order to find the vanishing points one need to first find ti@izon line This is the line at which there is no
velocity on the yaxis.

The system could also benefit from segmentation by remembering the location in previous frames. This is also
expldaned in the following sections.

Two methodsdescribed belowysed to find the horizon line will be implemented. If both work satisfactorily
they will both be used, as th&hould providea betterestimation of the placement ahe horizon line in
motion field with noise.

Finding the horizorline

The firstmethod makes use of the above mentioneefinition that there is no velocity on the-gxis on the
horizon line. The sum of all the pixels vertical velocities in every hdaeklome of each framewill be calculated
and theline with the lowest score will be used. The result will be improved if the ten lines with the lowest
score will be used and if the system uses the results from earlier calcuidatidrase thenew calculatioron.

The second method i® use the velocity field on objects that have the same movement in the image and
calculate their intersection. If all velocity vectors come from the same object then all the vectors will intersect
in the same pointseeFigure37. It will often be velocity informatiofirom the background which will be used

to calculate the intersection point. The reasfar thisis that the imagewill consist of areas without IMO It is
important to have at least two areas widely spaced in the imagk no IMOs, as the calculation of the
intersection from two vectors being placed close to each other will gikedative high error rate because a
smallerror on the angle of the velocity vector will be highly influential.

The system needs to accouiarr the possibility that the calculation in a single frame might not provide a usable
result and in this case the result from the previous frames should therefore be used.

Segmentation from vanishing point

With the horizon lindound, the vanishing poirfor a certain vector can be calculated by combining the
positionof it and its slopeThis is a simplified approach inspired by [Pauwels@ith utilizesa method to
segment IMOs in noisy optic flow fields.

There is however a problem whentgemining whit vectors belongo the backgroundand notto IMOs. Here
a solution can assume that some regions in the image are more certain to have vectors belonging to the world.
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Such regionsan be thetop and bottom right orners where there is little risk dfeingIMOs. The vectors in
such regions can then be used to determine Wamishing poinof the backgroundand all vectors withthe
same vanisimg points can be segmented away

When having found the IMOs in the frame then one needs to segment away the IMO&ré¢haoise. There will
always be pixels not belonging to IMQg.vectors withthe same vanishing poirds the vectors on the IMO
The segmentation is done by doimgighbothood processinglf there aremany neighbors witthe same
vanishing poirgthen it is properly an IMOasopposed to pixedwere none or only very few neighboring pixel
share intersection poirgt

Segmentation through memory

The system will also benefitom having incorporated memory of where the IMO is assumed tolbe

memory isused to store the position of the expected IMO pixels. This position is compared with the position of
a new IMQ& pixesand if there have been any IMOs close to the position in earlier frames then it is more likely
to be a pixel belonging to an IMO. ThHeacacteristic of noise disguised asIMOs is that it will appear on a

more or less accidental place in the image and disappear again immediately after. Memory in the system will

be able to ignore these as IMOs.

The might be multiple IMOs in tfeames,such as wlking people, runners or mugiie cyclists. As mentioned in
"2.6 Successr@@eria”, this system is focused on cyclists but effort to avoid detection of pedestrians will not be
done as one might asell want to include thoselao.In the case of multiple relevant IMOs, the system shpuld

as mentionedn "3.5 Requirement Specificatidrfind the one in most dangerbased on speed and position,

and then chek if a collision is eminent for this one. This lead to the design of the system which has to tell if the
IMO has a placement and velocity which ifitin a dangerous situation.

4.4.4.4 DECIDING IHMO IS INDANGER

The system will bdesigned to monitor the critical region from (seeFigure28) to somewhere on the side of

the car. Butf the system should be more thaa simple motion detector it has to be able to compute if a cyclist

in this region is really idanger or not. First it is needed to understand precise how the system has to work. The
first question is when to activate the system. There are overall three degrees of activation:

e Active at all times.
e Active when theight turn indicator is turned on.
e Active only when turning

Having the system active when the right turn indicator is turned on seems like a reasonable compromise as this
should leave it active in all required situations without annoying the driver excessifeg/was also how one

of the projects in"2.2.1.1Collisions Betweenahicles successfully chose to activate their systénshould be

noted that even though the system is not active and thereby not outputting any detection printibatgght

still be gathering data.

Activating the system with the righitirn indicatoronly gives the clue that a turn will be made within an

unknown and arbitrary amount of time. The exact time until a turn is made, and thereby the exact time until a
potential collisionoccurs can only be calculated if the distance to the junction is known. This however is not
something that is simple to find antis certainly not within the scope of this project.

What can be used is the fact that the car potentiallp caake a turn at all times after the right turn indicator is
put on. This means that the system has to compute the potential collision situation at all times while the
indicator (and thus the system) is activated.

Pages2 of 98



MED3 - Right Vision - Group 381

What the system has to do to determinesifdetected cyclist is hit by the car that turns the millisecond after
the calculation is to:

e Calculate the distance to the cyclist.

e Calculate the relative velocity of the cyclist.

e Get the velocity of the car as a input

e Calculate if the cyclist is in tliynamic critical region.

As done earlier in this chapter the relations between the critical value of the distartbe tyclist, the car and
cyclistsvelocities is investigated. In stead of findithe maximum distance to the cycligt) here the needs to
use the ever changing values of the velocity of the car and cyclist to determine a critical distariee] from
where the system have tdetect the cyclist

Lot = (2 =1) (L + L)

WhereL, andL, arevehicle dependent variableé,,; is the distance to the cyclist ang, and v, is the
velocity of thecydist and thecarrespectively. It is possible to get the velocity of the car directly from its
speedometer, oe.g.a GPSeceiver.

The only unknowwvariablein the equatio is the velocity of the cyclist. This is the procedure to find it:

The only information about the cydfisQelocity is the magnitude of the horizontaptical flowvelocity vectors
from the pixels on the cyclist. The magridies of the vectors vary depeird) onthe distanceand angleto the
observer. Theelativevelocityvb,,.el[?] of the cyclisto the carcan be calculated as

1

Vprel = ;

where [ [m] is the distance the cyclist travels in the tije[s]. As we get the velocity inforation between

every frame t, is the time gafbetween two franes. With a rate of 2frames persecond the time elapsed is

1/25 sec. The magnitude of the velocity veclgy,,; is given in pixels, so it is needed to convert the length of

the vectors in pixel in the image to a distance traveled in the real world. There the assumption about the cyclist
placement 0.5 meter orthogonal from the car is used. Consider a camerawjffitafaS 2 F @A Sé 2F pn.
orthogonal out of the car is can be shown that the camera covers 0.46 m. If the width of the inigghes

relationship is

w8 %0

le=1,
f pixel o 4om

This is however not the only scale needed to be implemented. Tdgnitude of the velocity vectors in the
image change with the distance and the angle from the viewet.us first consider the situation Figure34.
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Cyclist one Cyelist two Cyclist three

b =0,5m

Figure34: Relationship between angle and distance
cakulating vector magnitude.

If the angleAisOs G KSy GKS f Sy3idK @hbatedds in h&above forinBsit aldssa0lter a i A &
angel makes the magnitude of the vector smaller with the same velocity in the real world. Iffisgies (i KSy

the magnitude of thevectorwill be infinitely small. From simple afegyreflection itcan be shown that the

relation between the distance coverdsy the cyclistind the angle of view is:

=1, tw 1
f pixel g 4em sin(%—A)

0 X0

whereAis calclated with the cosine relations because all of the side in the triaA@€s known (more on
how to find the lengtha later).

It is a fact the size of an object in Bnageis cut in halif the distance between the camera atitk object is
doubled Thisimplies that we normalize the length tfie vectors with the distance @.5 m which is the point
of refererce when calculating the pixel pereter relation. In totalthe length the cyclist coverbetween two
framesis

Ly 1 J0.524L,,

lr=1,;
[ "pixel g 4om sin(g—A) 0.5

Now therelative velocity of the cyclist is calculated as

I Ly 1 J0.52+ L, 7t

v =L =1.
rel ™, T Pelg4em sinE-4) 0.5

where L, is the actual placement of the cyclist. To get the velocity of the cygjist

Vil = Vp — Ve Vp = Ve + 7,
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This result is put intd,.,; = (Z—” - 1) (L4 + L.) and is compared withte actual placement of the cyclisthis

placement of thecyclistor the distance from the car is calculatedlely bythe O & O fplaceiietan the image.
This is a simplified version of distance mea&snent, which includes some disadvantages, e.g. the measure
problems occurring if the cyclist is moving towards or away from the side of thé&lesertheless the system is
now ableto tell if a deteded cyclist is in danger of being hift the car is turning right immediately after the
computation. So if.,- is the placement of theyclistin the real worldand L, < L.,; then the system has to
issue adetection output

45 CONQUSION

The goabf "4 Desigri has been to fulfilthe "3.5 Requirement Specificatidnspecifically by going from what

the product has to do and explaining how it will do it. Optical flow was chosen as the best approach for the
system and then the two variants of optical flow, dense and sparse, were compared. Dense was ultimately
chosen beause it tries to compare motion for all pixels, as opposed to sparse methods which only looks for
features.This means that there should be a significantly higher theoretical chance of finding vectors on the
cyclist.Four dense optical flow methods wereund, dense Lucasanade, Horn & Schunck, Farneback and
Block Matching, and these were compared to see which one would suit the final system best. Dense Lucas
Kanade was chosen as the first priority for implementation. These methods were partly choseséoduay

are already available in OpenCV.

Use Case 1, with a cyclist overtaking the car and therefore a camera pointing backwards, was chosen as the
focus for the rest of the project and it was explained in exactly what direction the camera should pdint an
how much it should cover. Then the design for the detection part was explami@dhconsist of a system

which should make it possible to isolate and detect the cyclist. Specifically, it will try to segment the cyclist by
looking at the horizon line ahvanishing point$or objects and the background the video. A memory system

will also be added to increase the quality of cyclist detections. Lastly, the system should be able to determine
whether or not a cyclist is in danger depending on where thaigtyis in the video frame.

The following chapter will implement what was specified4 Desigri.
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5. IMPLEMENTATION

Based on the knowledgieom "4 Desigri, an impementationof the productwill now follow. Since
implementation is the design plansreged out, anydeviations from the design witle specified.

During"4 Designi it was determined that foudifferent denseoptical flow algorithmshouldbe implemented
in order to see which one workltsetter. The algorithms will be implemented in the order listed below. It should
be noted that if an algorithm is successful the remaining will likely not be implementedoiihare as follows:

e Dense LucakKanade
e Horn & Schuck

e Block Matching

e Farneback

If the results from one of the algorithmeok promising"4.4.4Designof the DetectionPart' will be added to
the algorithm Specifically the detection part is usedgerform segmentationbased on the data from the
optical flow algorithmto detect the cyclist.

If none of the four dense optical flow algorithms are successfully implemented, alternatives might be
considerednstead.

Before going into the technical details the development process and tools involved will be explained.

5.1 PROCESS
Thesolution is implemented in C++ as this language delivers the performance required.

The development of the program will take place in the Integrated Development Environment Microsoft Visual
Studio (Xcode on Macs). The computer vision library OpenCV is used in ogdémeasier access to image
processing functions. When there is a baitfunction in OpenCV that fits the task which needs to be done, the
built-in function is chosen in favour of making a new and possibly slower one.

Subversion (SVN) is going to be used to ensure the coheretwedreand efficiency of multiplprogrammes
working simultaneously on the same files.

In order to keep the code consistent it was agregubn that camelCase should be used as naming scheme.
This means that e.g. all functions names will start with a lower case lettefodlnthg wordswill be indcated
by an upper case letter, like in the name camelCase.

5.2 FOOTAGE ANPREREQUISITES

The footage used to test each algorithm will be denoted as the Implementation Footage and was recorded
simultaneously with the Test Footage, which will be ulsed 6 Test'. The specifics of this recording session
werethereforeidentical to that of the test footage explainéd "6.1 Test Setup. The footage consists of 10
sequences for Use Case 1, and 10 for Use Case 4.

Thelmplementation Botagewasrecorded on a Canon MiniDV MD215 camcoradrich fulfils the criteria
mentionedin "4.4.4.1Prerequisite$ by recording with 25 fps, having a decent image sensor and an angle of
view with more tha 50 degrees. As discoverigd'4.4.3Choosingan Use @sé', the optimal placement of the
camera is by mounting on the foremost, right side of the bonnet, and having the edge of the field of view
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being able to just see an object 41.53 meters behind the car and 0.5 meters orthogonally to the side of the car
(seeFigure30on pages8).

5.3 OPTICALFLOWALGORITHMS

This section describes the implementation of the individual optical flow methods in the order defifiadblie
4. SincedenselLucasKanade showe the most potentiain "4.3 Choosing a Partitar Dense Agorithm™ it will
be implemented first.

5.3.1 DENSH.UCASKANADE

The densd_.ucasKanade algorithm jss describedn "4 Designi, incorporated in OpenCV and should therefore
be straightforwardto implement.The code for the system is a modified version of [StonerainO8faits by
loading and decoding a video, then it will godugh each frara of the video by using a while loop ssen

here:

CvCapture *input_video = cvCaptureFromFile ("video.avi");

number_of frames = ( int ) cvGetCaptureProperty (input_video,

CV_CAP_PROP_POS_FRAMES

long current_frame = 0;

while (current_frame <= number_of frames)

{
cvSetCaptureProperty(input_video, CV_CAP_PROP_POS FRAMES
current_frame);
Ipllmage  * frame = cvQueryFrame (input_video);
cvConvertlmage(frame, image| 0], CV_CVTIMG_FLIP);
++current_frame;
cvSetCaptureProperty(input_video, CV_CAP_PROP_POS FRAMES
current_frame);
frame = cvQueryFrame (input_video);

}

cvConvertlmage(frame, image[ 1], CV_CVTIMG_FLIP);

Code Block: Playing a video with a whileop.

The code sippet loads a decoded frame intmage[0] then moves to the following frame and |osithat
frame intoimage[1] By doing thismage[1]will always be one frame ahead iofiage[0] If theexecutable
generated by this code is running on thenffowsoperating systemthe frames will be upside dowdue to a
bug in OpenC\50the CV_CVTIMG_FlflRgwill flip the frames.

cvCvtColor (image[ 0 ], source[ 0], CV_BGR2GRAY

cvCvtColor (image[ 1 ], source[ 1], CV_BGR2GRAY

Iplimage * velocityX = cv Createlmage (size, IPL_DEPTH_32F, 1),
* velocityY = cvCreatelmage (size, IPL_DEPTH_32F, 1);

Code BlocKk: Converting images to grayscale and creating image holders.

In Code Block the twoframes,image[O]andimage[l]are converted to gray and stored asurcg0] and
source[1]followed by two 32bit float images which will be created as two image holders cadledityXand
velocityYwhich canstore both positive and negative values. These two images will be used to store the
horizontal and vertical movementsdim one frame to the other when using thitenseLucasKanade algorithm:
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cvCalcOpticalFlowLK(source[ 0], source[ 1], cvSize (1, 1),
velocityX, velocityY);

Code BlocB: Calculating optical flow with the Luc&anade algorithm.

sourcg0] is thefirst frame andsouce[1]is the following frame. Thdifference in pixel positions in these two
images will be calculated by theicasKanade dense algorithm. The changes to the horizontal direction will be
stored in the imageelocityXand the changes in the vertical direction will be stored/é@hocityY cvSize()s the
window size used taleterminethe size of theroups of pixels the algorithm should operate on and thereby
the level of detail. Lower values make it approach a dense level while higher values make it moretépegse.

a windowsize of (1,1)s usedmaking itas dense as it can gédther values for cvSize() were also tested but
with no improvement in the outputThe methodstested onfootage of a cyclist overtaking a car as seen
below.

Figure35: Originallmplementation Footage. Figure36: Running dense Luc&sanade
on Implementation Footage.

Lookingat Figure36 above itis apparent the cyclist clearly stands out from the backgrolindas to be noted
that the black sections in the image where the cyclist is contains no velocity information. In other words: The
algorithm finds plenty of motion in the background but none on the cyclist.

At this point it would make sense to perforilation and Erosioto clearly segment the cyclist from the
backgroundThis, however, would not work because once the cyclist gets closer he goes from black to being
covered in whiteFrom this we have to conclude that the algorithm provides too inconsistent results to be used
for this project, which means that work has to proceed to the next algoritHorn & Schunck.

5.3.2 HORN& SCHUNCK

The Horn & Schunck methodtie secondof the fourchosen denseptical flow methodgo be implemented

It was one of the firsbf these kinds ofechniques to make use of brightness constancy assumpésn

explainedin "3.3.5.30ptical Flow, and it relies on iterations to solve its equatioadl of which is also the case

for LucasKanadeThe codeaused is found atHlair07q. The key pad of the implemented code will be described

in this sectionThe code to load in video and split it in a current and previous frame is similar to the code used
for the dense LukaKanade.

The function that computesie Horn & Schunck algorithmdsCalcOpticalFlowHS@nd its prototype is:
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cvCalcOpticalFlowHS(

const CvArr * prev,

const  CvAIrr * curr,

int  use_previous,

CvAIrr *velx,

CVAIr vely,

double lamda,
CvTermCriteria criteria );

Code BlocR: Prototype for Horn & Schunck algorithm in OpenCV.

The function includea previous and a current image themaininput. Both are 8-bit single channel images.
TheusePreviouparameter uses data from previous frame as the initial starting pdineCvArr veband CvArr
velyis velocity in x and y directions stored32 bit floating point image®oublelamdal is a parametewhich
isweight related to theLagrange multiplierwhich represents the relative weight given to errors as one
attempts to minimizeequations related to motiofbrightness and smoothness [BradskiOBjeCvTermCriteria
criteriadetermines the amount of iteration of the Horn & Schunck process on one frBelew are the inputs
used for the implementation of the method.

This yielded the following results:

Figure37: Original Implementation Footage.

cvCalcOpticalFlowHS(gray_img, prev_img,

usePrevious, velx, vely,

1, IterCriteria);

Code BlockO: Calculating optical flow with the Horn & Schunk method.

Figure38: Running Horn & Schunck
on Implementation Footage.

In Figure38 above the Horn& Schunck method is tested dhe samemplementationfootageas with the
LucasKanadeln this image the cyclist contains white pixelsich includeinformation of directions When
looking at the pixeValuesfor a cyclistwe seeinformation, but segmenting away all pixels translating rigbt
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roots in the inaccuracy of the Horn &Hsinck mehod.
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Segmenting the cyclist walserefore not a succestor the Horn & Schutk methodandwas then put on hold.
The work proceeds witthe next algorithmBlock matching.

5.3.3 BLOCKMATCHING

BlockMatchingis the third in line to be implemented. éncompassea lot of similar algorithms in which the
image is divided into small regions callddcks These algorithms try to divide the previous and current images
into such blocks and then find the motion of these blocks [Bradskil&].code used was found at

[Stonerain0§.

The function for the block matching algorithm in OpenCV is call&ahlcOpticalFlowBM@ndits prototype can
be seenin Code Bloci 1.

void cvCalcOpticalFlowBM(
const CvArr * prev,
const  CvAIrr *curr,
CvSize DblockSize,
CvSize shiftSize,
CvSize max_range,
int  usePrevious,
CvAIrr *velx,
CvAIr *vely)

Code Block1: Prototype for the Block Matching algorithm in OpenCV.

As with the other optical flow functions there is no direct output of the function and instead there is a
parameter outputthrough the last two arguments of the function, thelxandvelythat is. As with the
previous two optical flow methods it takes the previous frame and the current frame as input (Huth 8
singlechannel images), which are the two first argumentstfa function.

ThecvSize()nput is the third argumentvhich determines the block size which corresponaisghlyto the

window size as described for the Ludésnade algorithmThe seconavSize()nput determines at which point

it should start considering newblock Depending on how this relates to the block size this makes it possible to
have overlapping blocks.

Themax_rangenput determines how far around each block it has to search in order to find the block in its
new position.If use_previouss changed from O to 4t will override themax_rangeand instead use the
velocities found from a previous function call in order to determine Hamwto search. The function was run
with the following parameters:

cvCalcOpticalFlowBM(source[ 0], source[ 1], cvSize (16, 16),
cvSize (1, 1), cvSize (11, 11), 0, velocityX, velocityY);

Code Block2: Running Block Matching function.
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This yielded the following results:

Figure39: Original Implementation

- Right Vision

Footage.

- Group 381

Figure40: Running Block Matching
on Implementation Footage.

Theimplementationfootage is once again usethd as with thedenseLucasKanade method there is only
information from the backgrounavhen the cyclist is far awayThe issue is again that this is not consistent
since there is information on the cyclist when he gets cld$gs inconsistency is, just as witte denselucas

Kanale, a significant issue itself. In addition to that, thevelocity information from the cyclist when up close is

highly chaotic, similarly to the results seen from Horn & Sckun

The Block Matching algorithm thereby seems to have the issues from bosedauca&anade and Horn &

Schunck meaning that it is ultimately the weakest of the three. Implementation therefore has to proceed to the

last of the four planned algorithms, namely Gunnar Farneback.

5.3.4 FARNEBACK

As the last algorithm from the implementatigrian the Farnebéck algorithm [Farneback02] was also
implemented. This algorithm required OpenCV 2.0 which therefore had to be installed.

The key part of the implementation code is the calttdcOpticalFlowFarnebaclggen below.

void
const
const
doubl
int
int
int
int
doubl
int

calcOpticalFlow

Mat & previmg,
Mat & nextimg,
e pyrScale,
levels,
winsize,
iterations,
polyN,
e polySigma,
flags);

Farneback(

Mat & flow,

Code Block3: Prototype for the dense Farneback algorithm.

Since this algorithm was only recently added to OpenCV, in May of 2009, tmereaidot of useful examples
using it. The official OpenCV reference manual does however explain all the inputs [Opemp@08igand
nextimgdenote the two input images, both-Bit singlechannel flow is the computed flow image,
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pyrScalespecifies themage scale, alwaysss thanl, to build the pyramids for each image. So with a value of
0.5 each next layer is twice as small as the previevglsdenote the number of pyramid layers including the
initial image,winsizeis the average window sizertger values increase the algorithm's robustness to image
noise and increase the chances for fast motion detecthuut yield a more blurry motion field

iterationsdenote the amount of iterations for each pyramid level, polgihe size of the pixel neigbrhood
used to find expansions in each pixel. The largénas givemore robustness but anore blurrymotion field.
polySigmads a standard deviation used to smooth derivatives that are used as a basis fwlyin@mial
expansiofi, andpolySigmashouldfollow the values opolyN Lastlyflagsdenote the operation flgs, and can
either beOPTFLOW_FARNEBACK_GAUSS8IN usually gives more accurate flow at the cost of speed,

or OPTFLOW_USE_INITIAL_FLDW specific parameters used for our impleration will be explained in
Code BlocR 7 below, as a starting point parameters found[Damien09jwas used, and they yielded the result
seen inFigure41.

Compared to the other optical flow algorithms Farnebéack takes the two frames as matrice input, which means
the Iplimageshave to be converted to 8bit MxN matrices first. The code for this is seen below:

cv:i: Mat iml=cv:: cvarrToMat (source[ O ),
im2=c v: cvarrToMat (source[ 1 ]);

Code Block4: Iplimagesconverted to matrice in Farneback.

TheflowO is the output in 32it format which contains the flow values at F(x,y). In order to work with lihe f
values it was needed to segde them which is done in this code:

for (int y= 0;y<flow ->height ;y++)
{
float *vx=( float *)(velx ->imageData + velx ->widthStep *y);
float *vy=( float *)(vely ->imageData + vely ->widthStep *y);
const float *f=( const float *)(flow ->imageData +flow ->widthStep *y);
for (int x= 0;x<flow - >width ; x++)
{
vX[x] = f 2*X];
vy[x] = f[ 2*x+ 1J;
}

Code Block5: Separation of flow valuga Farnebéck.

With the flow values separatefllowingis then a large chunk of code whichlculateswvhich pixels the above
mentioned flow values coespond to in the original picture. At this point the output looked like this:

® Raises an equation to theh power.
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Figure41: Running Farneback for the first time.

All we want to track is the cyclist, bught now the algorithm trackpixelsin mostof the image. To remove

noise, a simple segmentation was done. Since all coordinates for the moving points are known, it was possible
to remove all points thatvere moving in the opposite direction of the cyclist, i.e. to the right. This was done

with a smple conditionalktructurethat only draws the lines moving to the left:

i{f ((p2. x <p. x &&p2. y <p. y)|l (p2. X <p. X &&p2. y >p. y))
cvLine(vel, p2, p2, CV_RGB255,0,0), 1, 8);

Code Block6: Segmentingway noise movingight.

This gave the following output:

Figure42: Running Farneback after removing noise, which is moving to the right.

Here it is quite obvious where the cyclist is. However, there is still a significant amount of noise in the left side
of the image, and the amount of detectguixelson the cyclist quickly degraded when the cyclist was only a bit
longer away. However, weald still not tried totweakthe output of thealgorithm by changing the input
parameters, so this was the next step.

As mentioned, the following parameters wetaken from [Damien09Jand was used a foundation for
experimentation.

calcOpticalFlowFarneback(im1, im2, flow, 05, 2, 10, 2, 14, 2.0,
cv:: OPTFLOW_FARNEBACK_GAUSS)AN
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