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ABSTRACT

Freeway Traffic State Detection Using CCTV Stationary I mages
Kaixin Yang
Under the supervision of Professor Bin Ran

At the University of Wisconsin-Madison

Traffic detection and data collection are essemti@tansportation planning and management.
The CCTV (Closed Circuit Television) traffic camerhave been increasingly deployed for
traffic surveillance on major roadways by DOT (Depeent of Transportation) in the U.S.

However, the real-time traffic video data is stéiry limited to be published online because of
the large load to the video servers and internehections. As a result, the traffic snapshots
which are clipped from the video data are widelgduas an effective approach to publish the
real-time traffic conditions through internet. Gamtly, almost all U.S. states can provide

traffic snapshots via DOT or traveler informatioehsites (511 System).

These traffic snapshots are published and updatexy & minute to 5 minutes in different
states. They are potential new traffic data souhe¢ can be obtained free from internet
without additional equipment and instruction co$hey can provide valuable traffic
information to analyze traffic flow patterns andngestion status, where no other detectors

are available. How to utilize these online CCTVsiwts effectively for traffic detection and



data collection would be of practical significanda. this research, a novel traffic state
detection model is developed, which could contebiat both academic and industry fields.
The primary contribution of this study is to prosidn effective solution to detect the traffic
state using the CCTV stationary images. Trafficcgpaccupancy is used as a reliable measure
for quantitative traffic analysis and congestiotineation. The practical value of the proposed
approach is that it turns widely freely availabldeo source from internet into useful traffic

information, and this could be done without interfg the existing CCTV system in DOT.

The traffic image data used in this study wereemddd from 1-894 freeway corridor in
Milwaukee, Wisconsin. | proposed a model to measheetraffic space occupancy, which
could not be measured directly in the field. Inifidd, a perspective transformation method
is provided to estimate the traffic parameters suithaccurate camera calibration. The
proposed algorithms and image processing were mmgaiéed in MATLAB. The model
validation is performed with field loop detectortalacollected from the same roadway
segments. The model performance was evaluated uhifierent traffic status, illumination
conditions, and roadway geometry. The validatiod amaluation results indicate that the

proposed model has a robust detecting capabilityrddfic status.

Thesis Supervisor: Professor Bin Ran
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CHAPTER 1 INTRODUCTION

1.1 Background

Traffic detection and data collection are essemtidgtansportation planning and management.
Intelligent Transportation System (ITS) has beensaered as an effective technology to
solve the traffic problems and improve the saféfys technologies have been introduced
since early 1990's by integrating advanced inforomattechnologies, communications,
electronics, and management strategies. It inclédksnced Traveler Information System
(ATIS), Advanced Traffic Management System (ATM®)vanced Public Transportation
System (APTS), and Advanced Vehicle and Highwaye8yqAVHS). The ATIS and ATMS
technologies attempt to improve mobility by implertieg traffic management and traveler
guidance strategies using data collected througlara@d traffic surveillance and vehicle

detection technologies.

A recent progress in ATMS is the deployment of &t travel information systems in
Department of Transportation (DOTS) in the Unitetht&s. The 511 system utilizes
information and communications technologies toemt|lprocess, and publish real time traffic
condition to travelers. It assists travelers witle-ppip and en route driving information to
improve the convenience, safety and efficiency ofravel. The 511 system has been

implemented via telephone, radio, internet, andiladervices throughout the U.S.

The Closed-Circuit Television (CCTV) traffic systeptays an important role in traffic



surveillance, operation and management, from #itional manual monitoring to prevailing

video-based traffic detection. The camera can cawsrder area than other traffic detectors,
and is less intrusive and cost to install. Howesegritical issue with the CCTV system is that
it is still limited to publish the live video dathrough internet due to the bandwidth and
communication capacity. It also requires huge sg@ri® archive historical video data for a
long duration. As a result, although video datatams significant amount of visual

information regarding traffic conditions, they anely kept at Traffic Management Centers for
a short period of time (e.g. 3 days in Wisconsimess specially requested. Meanwhile, only

low-frequency video snapshots are available tti#ic through DOT/511 websites.

Figure 1.1 shows 511 Deployment in U.S. and cardestaibutions in some states and cities.
For now, there are more than 35 states have deplé§é service. The stationary traffic
images of major highway segments and intersecttonfd be published and updated every 1
to 5 minutes through 511 website. Most of othetestavithout 511 systems also provide the
traffic still images via DOT website. Currently, lprfew states do not have such traffic
information service online or under constructiomrk#@nsas, Hawaii, lllinois, North Carolina
and South Dakota). Table A-1 in appendix summaritiee traffic online cameras
information including the camera number statewigajate time and websites to public in

most U.S. states.

Comparing with traffic video data, the stationamyages could be stored for a long time to

study historical traffic flow pattern. From a praal perspective, the existing numerous



CCTV stationary images in Departments of transpioriaagencies could be a new data
source for traffic quantitative analysis, operatemmd management. In this research, | will
utilize the CCTV snapshots published on DOT/511 sites to detect traffic status and

congestion information.

511 DEPLOYMENT

L

=

¢ =
HAWAIL

Minneapolis, MN New York, NY Phoenix, AZ

Figure 1.1 511 System Deployment in U.S



1.2 Problem Statement

CCTV (Closed Circuit Television) traffic camerasvbaeen increasingly deployed for traffic
surveillance on major roadways by DOT (Departmédriiransportation) in U.S. They are the
most popular form of traffic monitor and record wige traffic video data every day. Figure
1.2 shows a typical video-based traffic monitor amtrol center. To reduce the human
burden of watching numerous monitors, many comrakrgideo-based traffic detection
systems are available. However, in the practicaliegtion, DOT only use CCTV video for
traffic surveillance not for traffic detection (ffia volume, speed, occupancy). Since
video-based traffic detection system needs higbguirement for camera resolution (720p or
1080p) and installation, which are very expensivédth equipment and maintenance costs
comparing with the already installed CCTV camef@senerally, the resolution of existing

CCTV video data is only 352*260 pixels.

Figurel1.2 A Typical Video-based Traffic Monitor and Control Center

On the other hand, the commercial systems reqaineeca calibration when to detect the

traffic flow parameters. Camera calibration is fitecess to obtain the camera focal length,



installation height, and tilt angles through fielidita measurement. Most of the Traffic
Management Center (TMC) uses the video data to twrothie traffic congestion and incident.
The CCTV cameras can be adjusted to different azglem in and zoom out if any traffic
incidents occurred. While video-based detectioesyggequires camera calibration and fixed

position.

Another difficulty is that the demand for storagepacity to support video surveillance
applications is huge. CCTYV traffic cameras genenaitbons of hours of traffic video every
day world-wide. Unless special request, such pteciadeo data will be deleted from the
video buffer maintained at Traffic Management Centiue to the huge size. Meanwhile, the
real-time video stream is still very limited to peblished online due to the large load to the
video servers and internet connections. As a rdswitfrequency traffic snapshots have been
widely used as an effective approach to publisificrazonditions through DOT or 511

traveler information websites.

The traffic snapshots are published and updatey dveinute to 5 minutes in different states.
They are potential new traffic data source if iafhformation can be obtained from these
shapshots. Most of the current traffic detectoesaly installed on major freeway, no traffic
data available on most arterials and local strdétsse traffic snapshots distribute broadly on
major freeways, arterials and local roadways. Taey clipped from existing CCTV video
data, can be obtained free from internet withowtitamhal equipment and instruction cost.

They can provide valuable traffic information toafyize traffic flow patterns and congestion



status where no other detectors available. If mgdtaffic detecting system has quality issues
(e.g. sensitivity issues, calibration, communiaati@lectronic breakdown and etc.), they
could be compensation and provide information ttidese the detectors with problem.
Moreover, these traffic snapshots can be storeé flong time for historical traffic analysis
and incidents reconstruction evidence. If propiheled (e.g. incident, congestion, and etc.),

they can even be used to index and identify videa df interests.

Table 1.1 Video vs. Stationary I mage based Traffic Detection

Storage Could not be stored for long term du  Can be stored for a long

to the huge size time

Limited to be published due to the Can be updated every 1 or

Published via internet upload & bandwidth limitations 3 minutes

Computer system Requires powerful video data Lower
processing capability

Camera Calibration Requires camera calibration and No need

needs recalibration if moved

Camera installation Higher requirements for install Utilize existing CCTV
height, angle & stability camera
Detected traffic variables Traffic volume, speed and Traffic occupancy
occupancy

How to utilize these online CCTV snapshots effaiivfor traffic detection and data
collection would be practical significance. Tabl@ $ummarizes the characteristics of video
and stationary image based traffic detection. Traifleo data are essentially image sequence

with high temporal frequency, e.g. 20 frames per s&ensive temporal information can be



derived from such high-frequency image sequencewsignificantly facilitates the detection
of moving objects. Such temporal information is agailable for traffic images, e.g. 1-5 min
snapshots commonly available from DOT/511 websitserefore, the traffic snapshots
clipped from the CCTV video data are stationaryfitamages with relative low frequency
and low resolution. Processing these stationarygé@wais difficult to use the existing

video-based traffic detection methods.

1.3 Resear ch Objectives and Scope of Work

The primary objective of this research is to depedotraffic state detection model using the
stationary traffic images obtained from internad.achieve this, a new approach is proposed
combining multi-segmentation and feature extractmmvehicle detection. The traffic space
occupancy is calculated as the measure to estithateraffic status. The traffic image data
used in this study were captured from 1894 freewaMilwaukee, Wisconsin. The model
calibration and validation are performed using lagtector data collected from the same
roadway segments. The research scope and assusnhat@as follows:

* Focus on the freeway mainline segment, later magnekto arterial

= Work on daytime images, later may extend to nighetdata

= Assume no system or communication error with CCTV

= Assume fixed camera position and angle with resped¢he road, no vertical

deviation, no zoom in or rotation for traffic inedts monitor.



1.4 Contributions of the Resear ch

In this research, a novel traffic state detectiadeh is developed, which could contribute to
both academic and industry fields. The primary dbation of this study is to provide an
effective solution to detect the traffic state gsthe CCTV stationary images. Traffic space
occupancy is used as a reliable measure for qaawdttraffic analysis and congestion
estimation. The practical value of the proposedr@ggh is that it turns widely freely
available video source from internet into usefalfic information, and this could be done

without interfering the existing CCTV system in DOT

The specific contributions of this research aréofiews:

= Propose a novel traffic state detection model torege the traffic occupancy
using CCTV traffic images.

= Develop a new image processing algorithm combimmndti-segmentation and
feature extraction to conduct vehicle detectiomfithe CCTV images.

» |nstead of using field data to perform camera catibn, a projection
transformation method is applied to calculate ttadffit parameter while the
camera parameters are not available.

= Provide an approach to measure space occupancugthrthe stationary

images which is difficult to measure directly iretfield.



1.5 Organization of the Thesis

The flowchart of this research work is illustraiedrigure 1.3. In Chapter 1, | introduce the
research background, problems, research scope @aridbation. Chapter 2 will conducts

literature review including the previous studiegnggraffic video stream data to detect the
traffic flow information. The generic image segnaitin methods are also reviewed in this

section, especially the algorithms for roadway abjgct detection.

In Chapter 3, | propose a traffic state detectiadeh and the image processing algorithms.
The model is consisted of three major modules,wagddetection module, vehicle extraction
module and projection transformation module. Thadfitr space occupancy is calculated
based on the roadway length and total vehicle keregtracted from the image. Then, the

traffic state and congestion information could btneated.

| present the experimental design and model vadidain Chapter 4. The traffic data
acquisition, model calibration and validation aresafibed in detail in this section. The
experimental data is collected from Lincoln avesegment on 1-894 freeway corridor in
Milwaukee, WI. The experiment results will be arzalg and compared with loop detector
data obtained from the same roadway locations hiap€r 5, more image data collected from
other four sites on 1-894 freeway will be processtau evaluate the performance and
effectiveness of the proposed model. Chapter @dscbnclusion section to summarize this

research and offer suggestions to the future work.
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CHAPTER 2  LITERATURE REVIEW

2.1 Overview of Video-Based Traffic State Detection

Increasing number of vehicles would enter the egstransportation network annually, and
the new road construction could not keep up wighgtowth of the traffic demand. Therefore,
the effectiveness of traffic operation and managegraee becoming more crucial. The key to
better traffic management is access to real tiraffidrdata, and the capability for quick
response and processing of these data for traféitysis and operation. Hence, the new traffic
sensors that can provide large volumes of real-tiata are steadily growing. Currently, loop
detectors produce the largest amount of traffie.dalthough, this detector technology is well
established, the installation and maintenance atesimple, and the associated cost can be
very high. Recently, more and more video-basedesyst(CCTV) have been introduced.
These pole or bridge mounted camera sensors hawndignificant performance. The trend

of switching toward imaging technologies is expddteincrease.

Comparing with current available traffic detectitecthniques, such as the inductive loop
detector, infrared (IR), lasers, radar, ultras@@nsors etc, vision-based traffic detection offer
more advantages over other devices (Table 2.1ceSik990s, traffic video surveillance
system has been widely deployed by DOT to monHerttaffic status and incidents, due to
its visual information, low maintenance costs aitilel impact to the road infrastructure.
Various video-based traffic detection methods Hzeen proposed and advanced significantly

in both research and technology fields.
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Table 2.1 Advantage & disadvantage of current traffic detectors

« Mature technology & standard < Require lane closure for installation and

Loop
electronics units maintenance
detector « Excellent counting accuracy  Decrease road life
« Susceptible to damage by heavy vehicles
road repair and utilities
Radar » Good performance in inclement e Cannot detect stopped or very slow movirg
weather vehicles
Infrared « Collect traffic data during day  « Performance degradation under diverse
and night weather condition likbeavy rain, fog or snow
» Maintenance require lane closure
Commercial Single camera and processor ci * Occlusion & shadows affect the detection
covermultiple lanes accuracy
video system Visual traffic information » Require stable camera installation and

» Low maintenance costs and littl calibration

impact to the road infrastructure

The video-based traffic detection uses video strdata to extract the traffic information of

freeway and major intersection. Vehicles are detbanhd tracked via video image processing,

which can yield traditional traffic variables sua$ traffic flow, speed and occupancy. The key

algorithms for background subtraction, vehicle diéde and tracking have been introduced,

improved, and tested by several studies (Koller1D93, Klausmann, P. et al., 1999, Badenas,

J. M. & Bober, F. Pla, 2001, Bose B. & Grimson, H)Q4, Gupte, S. et al, 2002;Kelly, et

al., 2005, Kanhere, N.K and Birchfield, S.T., 2008pmmon video-based traffic detection

model includes three major modules: background rg¢ioa, vehicle tracking and camera

calibration.
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At the industry side, a number of commercial systérave been developed and implemented
for traffic surveillance and detection, such as AABICOPE, CCATS, TAS, TraCam, CCATS,
and IMPACTS etc.Kastrinaki V., 2003). However, even a number of commergiaiesms for
traffic detection have existed, many requiremetits annot be met. Such as operation in
real-time, function under a wide range of traffanditions, weather, illumination and traffic
congestion. These issues will result in the chasfgihe background condition, and further,
limit the vehicle detection result (Coifman, B. &t, 1998). In addition, most of the
commercial system are expensive (hardware & so#fvand require high angle camera

installation and large store devices.

2.1.1 Background Generation

For video-based traffic detection, the camerasssac and installed above the ground to
obtain the traffic video data. The detection piiteiis essentially based on the fact that the
vehicles to be detected are the in motion amongvitleo sequences. Therefore, if the
background could be generated and compared witlerduirame, the moving vehicles could

be extracted. Traditional background generatiorr@agh includes frame averaging algorithm

and background frame differencing method.

2.1.1.1 Frame Averaging Method

The frame averaging algorithm is based on thessizdl information of pixel value to

generate a background image, and then use it taratepthe moving vehicles from the
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background. The background image is specified eithanually by selecting an image

without vehicles, or is detected in real-time bynfong a mathematical average of successive
images. The detection is then achieved by measshifacting the reference image from the
current image. Threshold is usually performed irdeor to obtain presence/absence

information of vehicle motion.

Zhang G. et al. (2007) proposed a traffic detection elagdsification system whiotonstructs
a background image using the median value of eacél i@m the video frames. The color

values of the pixel at,(j) in the extracted background image jBfan be obtained as follows:

Rbg =median Rl, RZ, R}
BG, = Gpg =median 5, G, ... G} 2.1)
Bpg =median B, B, ... B}

Where,

Rog: Gog: Bog represent the regyreen and blue channel of the background imagkerRGB
color space.

R. R, ... Ris the red channel value of the pixelj) in the frame sequence from tH&frame

to thet™ frame, similar to the green changglnd blue channds,.

This method often combines with other vehicle tnagkapproach to extract the traffic
parameters. A virtual loop detector was applie@bgng, G., et al. (2007), which comprises

three parts, a registration line, a detection lamel a longitudinal line. The virtual loop
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detector is analogous to the loop detector thegdbrds the vehicles passing through it. The
vehicle length could be calculated along the lardiital line that is occupied by the vehicle
region. The performance results show that the dvacauracy for vehicle count is 97.73%,

and the truck count accuracy is 91.53%.

Pumrin, S. (2002) provided a traffic detection aggh applying background extraction using
median value of each pixel from 100 image sequefieen recognize the moving blobs and

their centroids to estimate the mean speed folldwe8obel edge detector.

2.1.1.2 Background Frame Differencing Method

The background frame differencing method generatedackground image from the
successive video frames. The differences between successive frames are computed

pixel-by pixel to detect motionless objects in Ydeo frames.

0 if k(X y)- 1, YI>T
BG (x, y)=
. (2.2)
fi+1(X! y) If |f+1(X, y)' f(X! y)|<:T
BG (0 Y)= : ; 3 BG, (x.Y) 2.3)
Where,

f,(x, y): the intensity at pixel (x,y) in th& video frame

BG (x,y):i=1,2 ...n, background sequence at pixel (X, y)
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T: threshold
BG (x, y): final background image

m (X, y):number oBG ( X, y)is not zero at pixel (x, y)

Fathy, M. & Siyal, M.Y. (1995) used the backgroutitferencing and morphological edge
detection technique for real-time traffic analysis Woochul Lee’s work (2006), he applied
the background frame differencing method followedJehicle tracking through a virtual
detection line to estimate the traffic flow and epeCheung, S.C. and Kamath, C. (2004)
proposed a robust technique for background sulraaising urban traffic video. The
drawback of this method is the background can amaignificantly with shadows cast by
buildings and clouds, or due to changes in lightiogditions. The background frame is
required to be updated regularly under these chgngnvironmental conditions. The most

commonly used background updating techniques aeaging and selective updating.

2.1.2 Vehicle Tracking

More video-based detection approaches considesgh#al and temporal characteristics of
video sequences, and deal mainly with the analySigariations in time of the same pixel
rather than with the pixel given by the environmant frame Bensrhair, M. et al., 2001

Other methods focus on using object modeling aadking to match with the observed

vehicles and estimate the traffic variables.
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2.1.2.1 Inter-frame Differences Method

Inter-frame differencing is the most direct mettiod motion objects detection between two
consecutive frames. Dailey et al. (2000) used heriframe differencing method to estimate
the traffic speed from un-calibrated cameras. Tifferdnces between two successive frames
are computed pixel-by pixel to track the moving ickds between the sequential images.
Then an edge detector is operated to find the mewnermf the vehicle centroid. The mean
speed could be estimated from the inter-frame niigtand time interval. Figure 2.1 presented

the algorithm of the inter-frame differencing medho

Frame ' —
e ,| Sobel edge/
F i+1§ 4 Thresholc ' Mophology | Convex hull/
rame (i n | _
* operator Bounding box
e_> Sobel edge/ 4
Frame (i+2] f Threshol !

Centorid coordinates
(X1, Y1), (X2, ¥2)

Figure 2.1 Inter-frame Differencing M ethod

Differencing the f'and the (i+1§ frames as well as the (i+1jnd the (i+2}frames to get two

difference frames. Sobel edge detector and a thietsine applied to extract the moving edges.
Two morphological operations, dilation and erosime used to close and fill the edge curves
to create moving blobs which represent the movilgjcltes. The centroids coordinates of the

blobs are calculated as the vehicle trajectory betwthe successive frames.
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S =— (2.4)
Where,
d: inter-frame distance

At: time between the successive frames.

To identify and track the correlation vehicles, @imum value of 0.90 of the linear

regression correlation coefficient is used. With emtimation of the traveled distance, the
vehicle speed is estimated from the equation (ZHis approach is very fast and works well
when the motion changes are significant. Howevenpt succeeds in detecting stopped or

slow-moving vehicles.

2.1.2.2 Model-based Method

The work in N. Buch (2010) builds a 3-D vehicle rabidg to match with the motion objects
under calibrated cameras. Figure 2.2 shows theatiagf the 3-D model based detection and
classification system. A Gaussian mixture model8IK8 is used to generate the initial
foreground mask. The vehicle contours,JSre extracted from the foreground mask and
compared with a projected model profile to detdet vehicle class. The classifier uses 3D
wire frame models to find the corresponding clasel for every contours {$ generated by
the detector. The camera requires calibration tovext ground plane coordinates (3D model)

to the image coordinate (2D projection).
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Detector

Video frame
—»

Gaussian mixture
model (GMM)

Classifier
foreground mask
Y
Closeid

contojr:

profiles score | Maximum labels
.| Overlap

»

arec
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Model profiles
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3D position: | 2p
hypothesis Projection W

Figure 2.2: 3-D Model based Detection and Classification Algorithm

U |

The measure of quality of fit between the vehidatours {§} and model masks {M,ix} is

defined by the area operator AE) pixels, and the overlap ratio operator O£ )[O, 1].

AMyy,i kNSk)

2.5
A(My,y,i kYUSk) (2.5)

O(Mx,y,i,k» Sk) =
A maximum operation is performed to find the higrepsality of fit P, € [0, 1] for every
counterS::
P=Max O(My.ik ) (2.6)
A thresholdT= 0.48 is applied toR,} to detect vehicle setly, } with L<k is given by
{&={Pd P>T} (2.7)
The classification precision of the method coulchieee 87%. Another work in C

Mallikarjuna et al (2009) selected around 400 imsgples that contain vehicles, and 1,200
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image samples that do not contain vehicles as itgptrain the classifier. The classification
result could achieve 88.25%. The weakness of theleidmased approach is that it is
unrealistic to build various geometric models onpéates for all vehicles that captured from

the traffic video data.

2.1.2.3 Feature Tracking-based Method

The feature tracking-based method tracks objectsakole or characteristic points such as
corners or lines of the object. Coifman et al. @9€eveloped a corner feature tracking
algorithm to detect the traffic velocity, flow amtnsity. The vehicle tracking algorithm is
shown in the Figure 2.3, which includes several mhest sub-feature detection, feature

tracking & grouping, vehicle trajectory and cameadibration.

Traffic Detect vehicle Feature Vehicle .| Traffic

video dat suk-feature tracks & aroup trajectorie parametel

A

Kalman filtering & Off-line camera

normalized

____________________

calibratior

Figure 2.3 Feature Tracking-based M ethod

Instead of tracking the whole vehicles, vehicleneorfeatures are tracked over time and
grouped into discrete vehicles using a motion cairgt Features that are seen rigidly moving

together belong to the same vehicle and groupeetlieg Kalman filtering and normalized
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correlation are used to find the corner’'s locatiansthe sequential video frames. By
monitoring the vehicle feature trajectory, the wihimoving distancel could be measured.
Off-line camera calibration is performed to obt#ie depth scaling factor due to perspective

projection. Ideally, the camera calibration reggsiitiee field survey and measurement.

Consider a regior, in the time-space plane with vehicle passing through it. Le{A) be
the sum of the distance traveled by all vehiclesegionA, t(A) be the sum of the time spent
by all vehicles in regio’, and|A| is the region area. The traffic flog{A), densityk(A) and

velocity v(A) could be calculated by following equations:

d(A
q) =72 @8
—
k(A) = m (2.9)
_ a4 _ d@4)
v(4) = =t (2.10)

The experimental results show that the detectitenfoa speed could reach 90%, the flow and

density accuracies are 75%.

In the work of Todd N. Schoepflin (2003), he progas cross correlation of vehicle features
(horizontal lines) by using a standard techniqudetect the mean speed. Image binarization

by automatic threshold and morphological operategse used to generate the background.
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Broggi (1995) used the parallel and local featuteaetion to detect the road boundary. Jung,
Y.K. and Ho, Y.S. performed a feature-based vehieeking system based on the congested
traffic video sequences in 2001. In the work of Kitn (2003), a probabilistic feature groping
approach was used to fast vehicle detection arzkitrg. The advantage of the feature
tracking-based is that the features of the movibgea could be visible even under the
occlusion or night-time conditions. It is a relaiy robust and reliable method to improve the

detection rate.

2.1.2.4 Optical Flow Field Method

This approach utilizes the relative temporal dispfaent of the pixels as well as the spatial
structure to generate an optical flow field wittive image sequences. The algorithm does not
detect and track the individual vehicles. Instéadreates an intensity profile of the traffic
flow in time order which is similar to the time-g@atrajectory diagram. Young Chou (2006)
proposed an optical flow field method to estiméte mean traffic speed. Principle component
analysis (PCA) was used to generate the intensdfjlg for the background (road surface).
For each frame, he creates a mask and stacks timmama intensity profile in time order to

obtain the intensity flow.

To estimate the local speed at (t,x) in the timeespdomain, let | (t,x) denote the intensity at
location (t,x) in the time-space domain. Fix a losmdow size, ww,. At location (t,x) and

for At=0.5,....1,2 sec, d=0,...m, compute D by equatiod.2.1
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D(d) = X2 r,, Txan i [ + At x +d) — I(t — At,x — d)| (2.11)
Find d) which minimizes D (d). The tentative speed igtx)= dy/At. Estimate y ando, by
the mean and standard gf(yx) for all locations (t,x) and all k’'s. The spgkis estimated in

equation 2.12.

—um2
Yk €xXp [——(Vk(t'zxiz vo) v (%)
v(t,x) = L (2.12)
Yk €Xp [_(VR(t'X)z vo)

20%

The experimental results show that the averagedatdndeviation of the error between the

estimated speed and the loop data is 3.4 mph.

2.1.3 Camera Calibration

Camera calibration is the process of finding tiwe fparameters of the camera that produced a
given image. When the camera parameters are knegvnan compute the traffic speed under
the real world coordinate. The camera parameterdeaepresented in a 3 * 4 matrix called
the camera matrix. Let (X,Y,Z) represent a 3D paasition in the real world coordinates
and(x,y,1) represent the 2D point position in timage coordinates (Kanhere, N. et al., 2008).

The relationship between the two is captured bynthagix P:
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f 0 0 0
0 -fsina —-fcosa fhcosa |*
0O cosa/s -sinal/s hsinals

(2.13)

< X
1
0
*
~ N < X
~ N < X

Where,
h: camera height
f. camera focal length
a: camera tilt angle

S: image scale

In order to find the true parameters of the cantbefield measurements are necessary. Figure
2.4 shows the field detection region, capital AB&mi the image corresponding region abcd.
If we know the coordinates of points A, B, C, D end¢amera coordinate system, and the
coordinates of points a, b, ¢, d under real woolkdinate system , the camera parameters could

be calculated based on the camera matrix P.

Figure 2.4 Camera Calibration

Many scholars try to conduct the camera calibratithout the field measurement. Fung et al.

(2003) developed a novel camera calibration teclnigsing the geometry properties of road
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lane markings. Road lane marking is the most comstiarctured pattern and is readily found
in a typical traffic scene. They accurately detewdi camera parameters, including pan angle,
tilt angle, swing angle, focal length, and cameistatice, using the appropriate camera
model. However, the effectiveness of their methedpotentially reduced where the
geometry of road segment is not straight. Damagednolear road lane markings can also
generate significant errors in the camera calibnagirocess. Many recent studies focus on the
algorithms for estimating traffic variables usingcalibrated traffic cameras (Schoepflin, Todd

Nelson, 2003).

2.1.4 State of the Art in Industry Field

The video-based traffic state detection methode teen reviewed and categorized above. In
this section, | attempt a brief review of the reygmative traffic monitoring systems in the
industry field. There are typically two categoripas, tripwire-based and track-based systems
(Beymer, D., et al., 1997 The tripwire-based traffic monitoring systems miut track vehicle,
instead, they simulate the loop detectors and deitar vehicles passing through a virtual loop
detector. The track-based systems do track vehaidsfollow their movements. Generally,

vehicles are segmented and tracked by region lieesgldng software.

The representative commercial tripwire-based systeiwiude AUTOSCOPE, CCATS, TAS,
IMPACTS and TraCam. These systems typically deteticles within several detection
regions (roughly the size of each detection reggom rectangle zone of a vehicle) in

the video images The system indicates vehicle poesdy detecting the image intensity
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changes and integrates their spatial and tempmmadtsires to measure the traffic speed. In
terms of the track-based monitor systems, the septative examples are CMS Mobilizer,
Eliop EVA, PEEK VideoTrak, Nestor TracVision, andrSitomo IDET Kastrinaki V., 2003).
These systems either track moving vehicles by esing optical flow vectors or extract

individual vehicle features, aggregating and trdam.

The challenges of the traffic monitor systems idelithe shadow, occlusion, congestion,
lighting transitions and weather condition chang®s.effective traffic surveillance system
should meet several requirements as follows (CaifrBa, 1998).
= Automatic detection and tracking each vehicle urgtexdow and occlusion.
= Function under a wide range of traffic conditiongls as the light traffic and
congestion state.
= Function under variety of lighting condition likeursny, overcast, twilight,
night and rainy etc.

= Fast computation and operation in real-time.

Even though a number of commercial monitoring systéave been created, many of these
requirements still cannot be met. This result Beegch in more advanced video-based vehicle
detection technology. The representative videodbasaffic monitoring systems were
summarized in terms of their fundamental processauniques and estimation of traffic

parameters in Table 2.1.



Table 2.1 Representative Traffic Monitor Systems

System Method Traffic parameters
AUTOSCOPE Background frame differencing with edge Volume
detection based on the spatial and temporal Speed
gradients Occupancy
CCATS Background removal and model of time signaturé/olume
for vehicle detection Speed
TAS Background frame differencing combines with | Volume
virtual loop detectors Speed
IMPACTS Tripwire based method Volume
Speed
ACTIONS Optical flow field and cluster method totelet Volume
moving vehicles Speed
Occupancy
IDSC Background frame differencing Volume
Speed
MORIO Optical flow field and 3D modeling Volume
Speed
TITAN Background frame differencing and morpholagic Volume
processing for vehicle segmentation and featuresSpeed
extraction Occupancy
TRIP 1I Spatial signature with neural nets for alje Volume
detection Speed
TULIP Thresholding for object detection Volume
Speed
TRANSVISION | Background frame differencing and laegion Volume
detection Speed
VISATRAM Background frame differencing and trackitige Volume
spatial-temporal cube Speed
CMS Mobilizer | Optical flow field and feature tracking Volume
Speed
PEEK Background frame differencing and vehicle Volume
VideoTrak tracking Speed
Occupancy
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2.2 Overview of Stationary I mage Segmentation Algorithms

The video-based traffic detection approaches areuitable to process the stationary traffic
image, as the vehicles are in motion among videmesgces. In this research, | will apply
static image segmentation and object detection adsthT his section conducts a review of the

existing image segmentation algorithms especiallydadway and object detection.

Image segmentation is the foundation of pattermgeition and image processing. Image
segmentation is to subdivide an image into a sebnfinuous and disconnect regions that are
homogeneous and meaningful with respect to someactagistics for image analysis. Ligt
represent the entire image region and segiReémio n partitions,R,, R,, ...R,, such that:

1. UL,;R=R

2. R; is aconnected region, | =1,2,...n

3. RiNR=0 foriandj, i#]

4. PRy =Truefori=1,2,...n

5. P R; UR;) = False for i j
Where, P R;) is a logical predicate defined by the pixels artpion R;, @ is the null set.
Condition 1 indicates the segmentation must be éetepCondition 2 requires that pixels in a
sub-region Rmust be connected. Condition 3 denotes that atitipas must be disjoint.
Condition 4 states that pixels in a segmented regimuld share same property. Condition 5

indicates that regiorere different in the sense of predicate P (Rafa&@hzalez, 2002).

Broadly speaking, there are two types of imagesnsegation methods, pixel based and
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object/region based techniques. Pixel-based imagmentation is based on pixel properties,
means that the pixel is the minimum analysis umithout considering the relationship of
neighboring pixels (Kang, W. et al., 2009). Trauhtl pixel-based image segmentation
methods include threshold segmentation approachge/gadient based detection,

feature/clustering based algorithm.

Table 2.2 Summary of image segmentation techniques

Segmentation Method description Common approaches

Threshold Compare the image pixel values with Global, Local and Dynamic
predefined threshold T based on the gray| thresholds

level histogram

Edge/gradient | Partition an image via detecting the image Sobel, Rroberts, Prewitt, Canny,

based discontinuous or abrupt changes in gray | Laplacian of Gaussian (LoG)
level.
Feature/clustering| Categorize the pixels into clusters Utilizing different kinds of features
based according to the feature space, and then | such as spectral information, colar,

back to the spatial domain to form separateéexture and variation of gray level

regions. etc.

Region based Group pixels into homogeneous regions Region growing, splitting, merging
according to given criteria, such as gray | or their combination

value, color and texture characters.

Special theory | Apply fuzzy set theory, neural networks, | Fuzzy set theory, Neural networks,
based wavelet approaches to perform Genetic algorithm, Wavelet,
classification into image segmentation. Markov random field (MRF),

Level set etc.

The principle of object-based image segmentatioto igroup the pixels into homogeneous
regions as the minimum image processing unit adegrdo the spatially contiguous
characteristics. Each region is consisted of a munol adjacent pixels and contains their

spectral and spatial features. The subsequent iraagdsis is based on the segmented
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regions (Techmer, A., 206Chi, Hongbo, 2009). Current image segmentation réatgos
combine certain special theory to improve the partiresults, such as fuzzy set theory,
neural networks, wavelet approaches and so oneXiséing image segmentation techniques

are summarized in Table 2.2.

Traffic detection is to extract the traffic variabl and provide the real time traffic flow
information for transportation management. Themefdhe roadway segments and vehicles
have to be detected from the image plane undecahera coordinate system. Lots of image
segmentation algorithms have been proposed to geeneifferent rules for object recognition
in previous studies. Following context will revieand discuss the existing image

segmentation methods especially for roadway antthetietection.

2.2.1 Threshold M ethod

Threshold segmentation method partition an imageutih the gray level histogram to
compare each pixel value with the predefined ttolesh. Let | (i, j) be an image, 1 (i, j) =0
when p (i, ) < T, 1 (i, ) =1 when p (i, j) >= Where p (i, j) refers to the pixel value at the
pixel (i, j). The threshold selection requires ttizd gray level histogram of an image has a
number of peaks, which corresponds to differenicstire or properties (Liu, Ping, 2004). The

threshold selection schemes may be implementedigyptocally or dynamically.

The image would be partitioned into two classeseurglobal threshold. Global threshold T
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depends only on gray level values and the predgftheeshold value T. There have been

many algorithms developed to generate better tbtésimage segmentation research, such as
minimum threshold, Otsu, optimal threshold, histmgrconcave analysis, iterative threshold

and entropy-based threshold etc. (Cheriet, Saidu&nS1998, Hu, Hoffman & Reinhardt,

2001).

In terms of the local threshold, the original imagedivided into several sub regions by
various thresholds Ts, which are derived from tixelp properties of the local region. Main
local threshold techniques include statistical shotd, 2-D entropy-based threshold and
histogram-transformation threshold etc. If there several objects taking different gray level
in an image, the dynamic thresholds (TI2. ...Tn) should be performed depending on f (X,
y), p(X, y) and the spatial coordinates x and y.general, dynamic threshold includes

watershed and interpolatory threshold.

Threshold techniques can work very well and fash\ww computation for an image which
has obvious contrast. However, if the image hasynoackground or low peaks, this method
would usually fail to find the most suitable threkh value (Rekik, Zribi, Hamida &
Benjelloun, 2009). Other problems might emanatédeut considering the neighbor spatial

relationship and result in unconnected sub regiows:; or under-segmentation etc.
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2.2.2 Edgel Gradient based Detection

Edge/gradient-based approach is to extract the rdorhiedges by detecting the intensity
discontinuities or abrupt changes in the imagegdneral, gradient operators are defined by
function g(x) to identify the edge/boundary. Theree several commonly used gradient
operators, Sobel, Rroberts, Prewitt and Canny ndetre based on the first derivative of
image f (X, y). The Laplacian of Gaussian (LoGh#&sed on second derivative. Among them
Canny technique is the most representative onea@R&., Gonzalez, 2007). The detected
edge segments could be aggregated together by Haagkform into long straight lines. For

roadway detection, a realistic assumption is ofiead, which requires the horizontal and
vertical roadway curvature are insignificant, tbad boundaries or lane marking width does

not change drastically.

Bertozzi, M. et al. (1998) detects lane markingsodlgh a horizontal edge detector and
enhances vertical edges via a morphological operfatw each horizontal line, it then forms

correspondences of edge points to a two-lane raatehand identifies the most frequent lane
width along the image through a histogram analyRisdetect the possible road markings or
boundaries, In the work of Enkelmann, W. (1995)eh®loied a contour algorithm based on
the range of acceptable gradient directions. Tamge is adapted in real-time to the current

state variables of the road model.

Edge/gradient based detection works well for imdg®sng significant contrast between sub
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regions. The technique can be efficiently perforrf@idwed by morphological operators and
Kalman filters. Prior knowledge of the road geomeuld be useful to identify the roadway
boundaries and lane markings. However, the lingitatof this method is that it could not
produce a closed curve or boundary. In additioa,niethod could suffer from noise effects,
edge less and irrelevant feature structures, tmodupes undesirable resultsathy, M. &
Siyal, M.Y., 1998,Chan & Vese, 2001). For instance, the vehicle shachight be appeared

quite strong, highly affects the edge tracking ealicle recognition.

2.2.3 Feature/Clustering based M ethod

Feature/clustering techniques label the image pixgb different clusters utilizing various

features, such as color, texture, spectral infaonaand variation of gray. In general, two

features are often performed for road segmentatiamely color and texture. For each pixel,
the color value is defined by the spectral resp@tgbe red, green and blue bands (R, G, B).
The R and B planes can be used to distinct the anadnon-road pixels, while green band
contributes very little in the road detection. Té¢wor feature requires special treatment to
ensure the consistency, due to the impact frormithation, shadow, season and weather
factors (Buluswar, S.D. 1998). The texture of thadris normally more regular and smoother
than that of the background environment. The raagrents can be discriminated from the

image through the texture by calculating the gnasicéenplitude.

C-means, Kohonnen self-organizing maps and K masemsinsupervised clustering methods
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that can be employed for feature clustering. Kinf2001) used the adaptive thresholding and
K-meansclustering for aeal-time region-based motion segmentation. Thadans algorithm

is an iterative method which needs to run sevamsd but very fast to return the clusters
found. Each pixel in the image is assigned to &uoercluster that minimizes the variance
between the pixel and the cluster center. The isolw@uality of K means algorithm depends
largely on the value of K and initial set of clusteK means could guarantee to converge, but

may not return the optimal results.

The template or a deformable model defining theshfaatures to match the road edges or
lane markings is used, especially in remote serisiage processingH{ckman, A. et al, 2003
Kluge, K. and Lakshmanan, S. applied a deformadateptate approach to lane detection in
1995. Kreucher, C. and Lakshmanan, S. (1999) cdadua lane extraction algorithm that
used frequency domain features. Y. Wang (1994) asgdline-based model to describe the
parallel borders of the road lane. A.L. Yuille (B)OQuses snakes to model the roadway
segments. Once a set of candidate lane markerbeeasdetected, Hough transformation is

often used to track and convert them into connestieiight lines.

The application of the feature/clustering algorithne straightforward for classification and
easy for implementation. But there are certain thaoks such as the inefficiency in selecting
the number of clusters and appropriate featuresnatch the complex road geometry or
vehicle model. Bayesian optimization and Kalmatefihg algorithm are often employed to

improve the features matching for the observed @magrhis requires the probability
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distributions of roadway positions which can beid=t from test data using edge detector.

2.2.4 Region based Segmentation

The region based approach is a process to groepad pixels together into sub regions based

on the predefined criteria. The candidate pixela region should share similar characteristics

with respect to the color, texture and intensity &he most commonly procedures for region

based segmentation are thresholding, region growspdtting, merging and classifying

(Wang et al, 2007).

Palubinskas, G., (2010) used a model and regioroapp to detection the traffic congestion

in optical remote sensing imagery. The region gngwian be processed like this: set a group

of seeds points firstly, grow regions by appendiagh seed to the neighboring pixels that fit

similarity criteria, stop when match with the stogprule. The region splitting and merging

approach rather than choosing seed points, theydiwégle an image into a set of arbitrary,

unconnected regions and then merge or split themegn an attempt to satisfy the conditions

of reasonable image segmentation (Jung, C. 2003).

This type of segmentation technique performs wélémthe region homogeneity criterion is

easy to define. However, it is a kind of iteratiapproach, the major drawback is that it

requires lots of computation time and memory (Kafg,2009). In addition, the segmented

region might be fragmented, over or under-segmentat the image.



36

2.2.5 Other Special Theory-based M ethods

Numerous special theory-based segmentation algwsitiderive from other fields of
knowledge such as fuzzy mathematics, genetic akgori wavelet transformation,
morphology, artificial intelligence and so on. mdge segmentation, recognition uncertainty
is a key factor that leads to unsatisfied partitiesults for fixed algorithms. And further, the
result will influence the performance of subsequerdge processing. Application of fuzzy
operators could handle the uncertainty inherentz¥set theory can allow certain degree of
flexibility and generate fuzzy boundaries betwedfent clusters in image segmentation
(Kang, W., 2009). But the main drawback of the fuzreory is that it is difficult to determine
the attributes of fuzzy membership and the commrtatould be intensive to calculate the

fuzzy factor (Gao, X., 2004).

In terms of neural network-based method, it is tally different approach comparing with
other image segmentation algorithms. The imagarsslyf mapped into a neural network
where every neuron stands for a pixel. Then, defeestimage edges by using dynamic
equations to direct the state of every neuron tdsvaminimum energy defined by neural
network (Wang Q., 1998ullock, D., et al.,1998 Jin, X. et al. (2007) proposed a vehicle
detection technique from high-resolution satellitagery using morphological shared-weight
neural networks. Neural network based segmenta&isnitable for real-time application due
to the highly parallel ability, robustness to noeed fast computing capability. However,

there are some limitations of this method eithaghsas the training time is very long and
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need to avoid overtraining, initialization may uhce the segmentation result (Jung, C.,
2003). Other theory-based methods were also prdpfmseimage segmentation (Zhang, X.
and u, Forshaw, M.R.B., 1997). Wang, J. and Miller, (2005) used a dynamic and
guasi-static background modeling for vehicle debectin the work of Paragios, N. and
Deriche, R. (2000), they applied a geodesic aativetours and level sets for the detection

and tracking of moving objects.

2.3 Chapter Summary

Video-based traffic monitor system has been widslyd in traffic management arelsthis
section, a review of therevious research on video-based traffic deteati@thodswas
given The generic model for estimating traffic parametacludes the crucial steps of image
acquisition, background generation, vehicle tragkamd traffic parameter calculation. Each
step can be performed with a variety of techniqurebsalgorithms. Various commercial traffic
monitoring systems are reviewed and classified dasge the detection method. However,
even though a number of commercial monitoring sgystbave been created, they still cannot
meet the practical application for traffic stateaedtion. The performance challenges of the
traffic monitor systems include the shadow, ocdnsicongestion, lighting transitions and

weather condition changes.

The existing video-based processing methods deedlégr dynamic video data can not fit to
the stationary images. For stationary image pracgsshe image segmentation algorithms

and object detection methodsere discussed in detakoadway and vehicle detection are
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the fundamental process to estimate the traffi@mpaters. In the past decades, numerous
image segmentation algorithms were proposed torganéifferent rules to conduct object
detection. However, so far, there is not universathod for the object detection especially
for images with complex background. More advanecedge processing techniques could be

developed following the ongoing computer visioreggsh.
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CHAPTER 3 METHODOLOGY

3.1 Mode Framework

A new traffic state detection model is proposedhis study to estimate the traffic condition
using CCTV stationary images. Figure 3.1 showsaberview of the traffic state detection
model. The model contains three primary modulesidway detection module, vehicle

detection module and projection transformation nhedu

Roadway Detection M odule

]
]

—> Grayscale R Otsu R Image .| Bidirectional | —

] Ll » » ]

.| detection region threshold binarizatior roadway |

] 1

Input N e L - S

Traffic (| ———

Stationary Image ! Vehicle Detection Module \

: |
—> Multi-scale .| Feature R 3D | Vehicle I

1 Ll > L ]

| segmentatio extractior mode bottomare: |

] 1

/// \\\
.’ Projection Transformation Module s
. 4
Traffic Output - \\
N — ] ) ———————
Space Occupancy \\ Perspective .| Orthographic e
Ll e
s projection projectior Rl
\\ /,
S ’

Figure 3.1 Proposed Model Framework

The roadway detection module aims to generateithiebtional roadway area, and calculate
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the left and right roadway distance respectivehe Vehicle detection module is to extract the
vehicles from the stationary traffic image, espicitne vehicle bottom area to estimate the
vehicle length. Instead of performing camera catibn, a projection transformation method
is proposed in this study to eliminate the impaaised by perspective projection. Once the
roadway distance and the vehicle length are oldaitiee traffic space occupancy could be
derived from the ratio of the roadway distance #m&l total vehicle length. And further,

provides the traffic state and congestion infororati

3.2 Roadway Detection Module

The road detection module has three major compen&@I & grayscale image generation,
image binarization and roadway generation. The raadumptions define the freeway
segment is a general highway scene, where the grplame is flat, the road boundaries are
parallel with constant width, the horizontal roachv@ture changes slowly and the vertical

curvature is insignificant.

3.2.1 ROI & Grayscale Image Generation

In the original traffic image, the vehicles beydhd camera's field of view are not clear to be
detected. So the original image is cropped intoGl Region of interest) image first. In

general, there are two types of images, the cobage and the gray image. A typical color
image is the RGB image. The RGB image is a 24bége which is composed of the red,

green, and blue color channels. The color of eadl 8 depended on the combination of the
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red, green, and blue intensities stored in eacbradbtannel. In terms of the gray image,
known as black-and-white image, it is a 8-bit image the pixel intensity vary from black to
white. The range of the graglue is from 0 to 255. The RGB color image camcdreverted to
the grayscale image by calculating the effectiughtness of the color. Equation (3.1) shows
how to convert the color image to the grayscalegen@onzalez, R., 2002).

Y =0.299%R +0.587+G +0.114* B (3.1)
Where,Y is the grayscale valu®, G, Bindicates the pixel intensity value in the recke,
and blue channels. Figure 3.2 shows the roadwagctet algorithm and procedure. The
figure 3.2a is the original input image, and 3.2 tbeen cropped and converted into

detection region (ROI) with grayscale image.

3.2.2 Image Binarization

Image binarization is a common method in image ggsing to convert a grayscale image to
monochrome. The optimum binarization threshold veddained using the maximum
between-class variance method. Figure 3.2c shows hiktogram shape-based image
threshold performing Otsu's algorithm. Otsu assutimasthe image to be thresholded by two
classes of pixels (foreground and background). ©tsoputes the histogram and probabilities
of each intensity level, then calculates the optmthireshold separating those two classes to
make the sum of foreground and background spreads its minimum. The between-class

variance is expressed in terms of the class prbtiediand their means in equation 3.2.
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0?B(t) = 0% — a?w(t) = wp (Owyp (8) [1p(©) — pr (O)]? (3.2)
a?w(t) is the within-class variance defined as the suth@fwo classes variances multiplied
by their associated weights.
a?w(t) = wy ()?f(t) + wy, ()a? b(t) (3.3)
Where,
a®w(t): Within-class Variance
o?f(t): foreground variance
o°b(t): background variance
t threshold
wy (t): probability of the foreground class
wy, (t): probability of the background class
0°B(t): between clasgariance
Uy (t): background class mean
uy (t): foreground class mean

o2: combined variance

In figure 3.2, the binary image 3.2d is createdoating to the Otsu's threshold, and the
roadway area (white color) is almost detected ftbenimage. The vehicles and noise on the
roadway could be removed through mathematical naggly operation discussed in the next
context. Image binarization is a simple and fastho@ which can fit the requirement to

process the real-time traffic images.
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3.2.3 Roadway Generation

The morphology operation is an image processingiigae based on the set theory, topology
and lattice theory. | conduct mathematical morpggloperation to obtain the bidirectional
roadway area. Basic operators in binary morphologiude erosion, dilation, opening and
closing. | perform a closing operation using a XRucturing element to merge the

fragmented pieces in Figure 3.2d.

The binary morphology is to probe an image A witpre-defined shape, drawing conclusions
on how this shape fits or misses the shapes inntage. This probe is called structuring
element, denoted by B. The closing of A by B isaaiéd by the dilation of A by B, followed
by erosion of the resulting structure by B (GonzalR., 2002).The dilation of A by the
structuring element B is defined by equation 3.4:

A® B = Upep4p (3.4)
If B has a center on the origin, then the dilatidrA by B can be understood as the locus of
the points covered by B when the center of B mamsgle A. The erosion of the binary
image A by the structuring element B is given by ¢éxpression:

AO© B = NpepA-p (3.5)
When the structuring element B has a center (B. a disk or a square), the erosion of A by

B can be understood as the locus of points redop¢ige center of B when B moves inside A.

The closing of an image by a structuring elemembtained by the dilation, followed by

erosion of the resulting structure by the strucigielement. The closing is the complement of
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the locus of translations of the symmetric of theicturing element outside the image A
which defined in equation 3.6.

A B=(ADB)OSB (3.6)
Figure 3.2e shows the final bidirectional roadwagaa To calculate the roadway segment

length, a projective transformation was applied segjpiently to calibrate the roadway

geometric distortion caused by the perspectivesgtimn.

: Grayscale
conversion
a. Input image b. Gray image (ROI) d. Binary image
Morphology operatio
(i3
§amn
am L)
0008/
-qiﬂ ] 100 200 e
ey Wit
c. Otsu Threshold e. Roadway area

Figure 3.2 Roadway Detection Algorithm and Procedure

3.3 Vehicle Extraction Module

The aim of the vehicle detection is to recognize ¥khicles from the stationary image and
estimate the vehicle size. There are many algosthrailable for object detection in the

research area of image processing and computenyisiowever, detecting objects from the
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general and uncontrolled environments is still paroissue. In this research, | use multi-scale

segmentation and feature extraction algorithm teatehe vehicles.

3.3.1 Multi-scale Segmentation

The multi-scale segmentation is a kind of objecdshimage segmentation which is contrast

to pixel-based image segmentation. Human being®merimage recognition on an object

level. For example, we can identify the road, viesiand background environment from the

entire image directly (Figure 3.3). And further, w@n distinguish the vehicle types such as

truck or car, as well as the number of vehicles lamés. It is so called top-down strategy

pattern recognition.

Backgrount

- Truck . Lane: Mediar

Backaroun

'OO.O'OO.O'.OOI @00 .O'OO. 0.0 0000 .O.

Figure 3.3: Image Hierarchy Structure

Entire Image

Object Level

Sub-Object Level

Pixel Level
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In contrast, the computer recognizes the imagdemixel level. The computer needs to learn
some knowledge or rules to understand the objel levhich is the bottom-up pattern

recognition. Although there are so many image segate®n methods, there is still not an
universal algorithm that fit to all different taskisie to the diversity and complexity of the
image segmentation problems. One can only takeggmentation approach according to the
specific issues. In this study, | apply the mutitle segmentation and followed by feature
extraction to conduct vehicle detection. Figure ZHows the flowchart of image

segmentation algorithm.

Input Gradient value Select a scale level fo
—’ . . . <
Images & density the gradient image
A 4
Watershed
transformatio

Result

Segmentation Merging

A

resuls seament satisfactory?

Figure 3.4 Image Segmentation Algorithm

A gradient map is generated first by calculating ¢inadient value and density of the image.

The gradient of an image is the first order dehixabf image in x and y directions.

Vf = (Z—’;Z—i) (3.7)

Where,
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g—i: the gradient in x direction

Z—}; : the gradient in y direction
The strength of intensity discontinuities is ofterbe used for identifying the edge locations

of an image. A gradient magnitude operator canctiehke amplitude edges at which pixels

change their gray level suddenly. The gradient ntade is defined in equation 3.8.

7= () + 3 @8)

ay

Following, the density function of gradients oviee image could be computed in the form of
a cumulative relative histogram. The density fumttmeans percentage of the pixels have
gradient values less than or equal to the densityev Once the cumulative relative histogram
has been calculated, it could be used along wilgthdient map to determine the scale level
to segment the image (Jung, C., 20@)mulative relative histogram can show the relative
numbers of pixels at or below a particular gradieragnitude for a selected cumulative

relative histogram level (scale level).

The morphological watershed algorithm is employedhe next step. Instead of working on
an image itself, this algorithm is applied on itedient image which was generated above.
There are three types of points in the gradiengana

1) Points belonging to a regional minimum

2) Points at which a drop of water will certainly fatl a single minimum (Catchment

basin or watershed of a regional minimum)
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3) Points at which a drop of water will be equallyelik to fall to more than one

minimum (divide lines or watershed lines on theognaphic surface)

This algorithm is to identify all the third type gbints for segmentatiorBéucher, S. and
Bilodeau, M., 1994)Denote M, M., ..., My as the sets of the coordinates of the pointsan th
regional minima of the gradient image g(x,y). L&MQ) be the coordinates of the points in
the catchment basin associated with regional minindd. The minimum and maximum
gradient levels of g(x,y) amain andmax.Define T[n] as the set of coordinates (s,t) for athi
g(s,t) < n, the topography in the gradient imageements frommint+1 tomaxt1.
* C,(M;) represents the point coordinates in the catchnbesin associated with
minimum M at stage n.
G(M)=C(M) n T[n]
* CIn] is the union of the catchment basin portiohstage n:
R R
cn] = JC, (M, JandC[max+1] = JC(M,)
i=1 i=1
e Initialize C[min+1]=T[min+1]
* At each step n, assume C[n-1] has been constractddhe goal is to obtain C[n]
from C[n-1]
» Define Q[n] as the connected components in T[r,efach IQ[n], there are three
possibilities
1) q n C[n-1] is empty (8): A new minimum is encountered,  is incorporakeid
C[n-1] to form C[n]

2) g n C[n-1] contains one connected component of C[(gd)] g is incorporated into
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C[n-1] to form C[n]

3) g n C[n-1] contains more than one connected compona&@n-1] (): A ridge
separating two or more catchment basins has bemuetered. A dam has to be built
within g to prevent overflow between the catchnieadins

* Repeat the procedure until n=max+1

By suppressing weak edges to different levels, #hgorithm can vyield multi-scale
segmentation results from finer to coarser segmientaScale Level values range from 0.0
(finest segmentation) to 100.0 (coarsest segmenjatind all pixels are assigned to one

segmented region.

Over segmentation is the problem of watershed fibamsition algorithm. Merging is to
aggregate small segments where over-segmentatign bmaoccurred. The merge level
parameter represents the threshold lambda valueghwianges from 0.0 to 100.0. The
Lambda-Schedule algorithm was created by Robin&f02). The algorithm iteratively
merges adjacent segments based on a combinatispesftral and spatial information.
Merging proceeds if the algorithm finds a pair dfagent regions, i and j, such that the

merging cost;f is less than a defined threshold lambda value wsihown in equation 3.9.

|o]10j1 2
e L g LTRSS
|0i|+|0j|” i—yjll

Lj — length(2(0;,05))

(3.9)

Where:

Q : region i of the image, |{ds the area of region i
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u : the average value in region i andsuthe average value in region j
[| u-y || is the Euclidean distance between the speacihaés of regions i and |
length(O; O)) : the length of the common boundary gfa@dO;
Figure 3.6 shows the sample result of vehicle diete@rocedure. The process is initialized
by the multi-scale segmentation technique, and réig8.6b shows the result of

multi-segmentation. The green lines in the imaglcete the detected object contour.

3.3.2 Feature Extraction

A color image has multiple features such as thectsgle spatial, texture and color space
feature. These features can be combined togethieuitiing rules for object detection. Rules
building is based on human knowledge and reasorabgut the object's specific

characteristics. In terms of roadway, basicallyisitstraight and long, and for vehicles,
approximate have a rectangular shape etc. Eachtalge be defined by the meaningful rules

according to its multiple features.

Each kind of feature consists of various attributesr example, the spatial features have
approximate 15 attributes to evaluate the objettape in a variety of respects. The basic
attributes can calculate the object's area, lemgtimpact, rectangular fit and roundness etc. |
tested various attributes, the significant featwead in this study are described in detail as

follows.
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Area (A): The actual number of pixels in the region (isipixel).
Elongation: A shape measure indicates the ratithefmajor axis length and the
minor axis of the region.

EQ) = % (3.10)
Compact: A shape measure derived from the ratiare@d and perimeter to describe
the compactness of the region.

c(i) = A (3.11)
¢; is the perimeter that length around the boundétlgeoregion.

Roundness: A shape measure that compares thefateaabject to the square of the

length of the major axis of the object.

4xA;

R(i) = ToMar(L)? (3.12)
Tx range: Average data range of the pixels conmuyitlie region.
Tx_range(i) = @ (3.13)
g 1s the pixel value in the region.
Band ratio: The ratio between two bands, valuegedrom -1.0 to 1.0.
BR(i) = % (3.14)

Where, eps is a small number to avoid division &pz

Combining these specific features together coulltibbules for object detection according to

the object characteristics. For example, the ndadentify the roadway could be defined as

follows:

» Objects with a area greater than 500 AND
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« Objects with an elongation greater than 5 AND

» Objects with a compactness less than 0.15

In Figure 3.6c¢, the red objects represent the tideeehicles from the traffic image through

feature extraction to remove the roadway as watithsr background.

3.3.3 Vehicle Size Extraction

By masking the detected vehicles (Figure 3.6c)thednput traffic image (Figure 3.6a), the
extracted vehicles could be obtained as depictdeigr3.6d. The image acquisition process
can be regarded as a perspective transform fro8Bhevorld space to the 2D image space.
The individual vehicle is a 3D object projected @2D plane which was shown in Figure
3.6e by the red and yellow lines. The yellow limepresent the bottom plane with four
vertexes A, B, C and D. In principle, the edge ARl &D are in parallel, as well as BC and
AD. Note that the vehicle shadow is also extra@edart of the vehicle. The shadow will
affect the accuracy of vehicle size. In order tmoge the shadow and extract the vehicle size,

| applied the accumulative histogram approach.

Image projection and accumulative histogram carused to identify the vehicle’s spatial
feature. Figure 3.5 shows the approach of vehide sxtraction. | projected the vehicle
(include the vehicle shadow) to the horizontal aedtical directions. | try to extract the
vehicle bottom area ABCD. In Figure 3.5, the com@ints A (M, Hi), B (Vy, Hz), C (V3, Hy),

D (V,, H;) are the vertices with their coordinates of thé&dro area (yellow parallelogram).
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The coordinates ¥ V,, V3, H; and H can be derived from the projecteidtogram.

A A
! (v Hi)

Hy F---

B C
(Vp, H2) (Vs Hz)

a. Horizontalprojectior histogram

il [

b. Vertical projectior histogram

Figure 3.5 Individual Vehicle Projection and Size Extraction

In the vertical projection histograrV; and \5 fall in the higheshistogram grou. They may
not the maximum but significant higher than averhgtogram.Let MaxVertical represent
the maximum histogram arset Tv = 0.8, which represents the vertiostogramratio. V;
and V, are corresponding to tHirst and last larger histogram thamaximum histograr

multiplying by 0.8. For Y, it is corresponding to the length of the histaog figure.

Similarly, in the horizontaprojectior histogram, H corresponds$o the histogram which tt

first one larger than maximum histogram multing by 0.8. For H it correspons to the
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length of the projection histogram. The coordin&g can be calculated based on the
parallelogram feature: \W=V;+V3z-V,. Then link the corner points for each vehicle he t

image which produces the final vehicle size (bottyes) as depicted in Figure 3.6f.

& Multi-scale

w% Feature
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segmentatior

e
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a. Input image b. Image segmentation c. Object detection

Mask l

_ Individual
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Figure 3.6 Vehicle Extraction Algorithm and Procedure

3.4 Projection Transformation

3.4.1 Per spective Projection vs. Orthographic Projection

As discussed previously, in order to measure th#idrparameters, general video-based
traffic detection system requires the camera caiitan to remove the inherent perspective
effect of video images. The perspective effectteslahe 3D points on the road (real world)

coordinate system with 2D pixels on the image plal®epending on their distance from the
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camera. This effect associates different inforrmationtents to different image pixels. Thus,
road markings or objects of the same size appeatlemnin the image as they move away

from the camera view.

Traditional camera calibration requires field déample points) to calculate the camera
height, angle and focus etc. This is inconveniememthere are lots of camera equipments are
applied. In this section, | proposed a projectramsformation method to remove the inherent
perspective effect when camera parameters are iledalea The roadway assumptions define
a general highway scene, where the ground plaftat,ishe road boundaries are parallel with
constant width, the horizontal and vertical roadsature change slowly, which was shown in

the Figure3.7:

Figure 3.7 Per spective Projection

The inverse perspective mapping aims at invertihg ferspective effect, forcing
homogeneous distribution of information within tineage plane. To remove the perspective
effect it is essential to know the image acquisitistructure with respect to the road

coordinates (camera position, orientation etc.) Hrroad geometry (Tan, Sovira, et al.,
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2006). The remapped views transformthe perspectie projection to anorthographic

projection (aform of parallel projectic) corresponding to thparallel roadway boundari

and vertical size scaleiftire 3.8).

Figure 3.8 Orthographic Projection

3.4.2 Projection Transformation

A projective tansformation holds between the scene coordinadetla® image coordina

when the scene is a plane. The relationship betteeroad plane and the image plane c

be represented by a 3*3 homography me

x' x a1
<yl> — H3*3 <y> = (a21
1 1 azq

X', y': Road plane coordina

Where,

X, y: Image plane coordiné

(3.15)

az\ ,x
)6
aszz/ M
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Hs-3: A 3*3 homography matrix
§: The parameters in the homography matrix whicldoendifferent image rotation,

scale and reflection changes

¢. Roadway

a. Perspective projection b. Orthograpinajection

N o7

Haivg d. Detected vehicles

Figure 3.9 Projection Transformation

Figure 3.9 shows the projective transformation edore. The image under perspective
projection (a) was mapped to the image under ordpigc projection (b) via a homography

matrix. The transformation is necessary to caléthe image distortion caused by the camera
perspective projection. For example, the left aigtitrsides of the roadway segments have

been calibrated to parallel and have the same widgigure 3.9 b.

In MATLAB, conduct pattern search and global op#ation to adjust the parameters in the

matrix. The calibration rules are, 1) make the ve®gdboundaries parallel and 2) the vehicles
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have the same size scaf@nce the transformation has been achieved, we pacify the
roadway region and vehicle s. Figure 3.9c and 3dindicate the roadway region a
detected vehicles respectively. We can computebitieectional roadway distance and 1
total vehicle length based on the divided imagesl Aurther, the traffic space occupancy

be derived.

3.5 Estimation of Traffic Occupancy

Various traffic parametersould estimate the traffic stis, such as the traf flow, speed,
density and occupancy. In thstudy, traffic space occupancy is usesithe measument.
Traditional traffic occupancy is usually definedtlwrespect to point detector (loop detec
and it is averaged over time. In tiresearch, the vetles were extracted from the roadv

segments and thus, it is average over s

single lane

trajectory

Figure 3.10 Space Occupancy Estimation
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Consider the roadway segment as shown in Figur@, &tltime ¢ with n vehicles passing
through it. Let D be the roadway segment distaand,| denotes the length of th& vehicle.
The time space diagram indicates the vehicle t@jes from a single lane (the right lane of
the roadway right side). There are three vehicteths lane. The lean solid lines indicate the

vehicle trajectories, the different slope represeehicles have different speed at tigie t

The space occupancy is defined as the ratio o$uhe of the vehicle length and the roadway

distance multiply the number of lanes. It can Hewtated as follows:

m
Z D, & (3.16)
Where,
D : Pseudo roadway segment length
a: the ith lane
m: number of lanes

i : Pseudo length of the ith vehicle

n: Number of vehicles

Note that the roadway segment Iengtﬁ and tihéchkeelength f in the equation only
have relative values. The units of the values at@lpmeasured from the image, not from the
real world. To obtain the actual distance, the ienagale corresponding to the real world is

required to map the distance from the camera in@ag®e real world.
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According to the traffic occupancy, we can provttle traffic congestion status. Table 3.1
shows the congestion level from the light traffiowf to the congestion status. To determine
the model performance, | will compare with loop ettor data collected from the same

roadway segments for model validation and evaluoatio

Space Occupancy  Below 10% 10-25% More than 25%

Table 3.1 Traffic Congestion Estimation L evel
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CHAPTER 4 EXPERIMENTAL DESIGN AND VALIDATION

4.1 Experimental Data Description

The Wisconsin Department of Transportation (WisD®iRs deployed CCTV system and
published stationary images through 511 websifgdoide real time traffic information. The

cameras are installed along major freeways andsitéons, help to detect congestion
segments and traffic incidents. In addition, thage data can provide traveler information to
driver and motorists enable emergency dispatchdrs. traffic images were updated every
three minutes at 352*260 pixel resolution, andithage data can be downloaded freely from

the WisDOT 511 web site.

WISCONSIN DEPARTMENT OF TRANSPORTATION
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Figure4.1 Traffic Cameras Map in Milwaukee, WI

Figure 4.1 shows the traffic camera locations inwdukee, Wisconsin Source from:

http://www.511wi.gov/Web/Default.agpXhese wayside cameras were installed along major
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highway and usually placed on top of 45 foot poldse cameras can be remotely controlled
to pan, tilt and zoom. Video data could be fedh® local traffic operations center to assist
operators in monitoring the traffic status and egaacy events. The CCTV stationary images

used in this study were collected from 1-894 frepwarridor in Milwaukee, Wisconsin.

4.2Modd Calibration

The proposed model has been calibrated for imagenesatation, feature extraction and
projection transformation to achieve the optimaffgrenance. Five representative individual

images collected from 1-894 freeway corridor wesedito calibrate the model parameters.

a. Scale Level=80 b. Scale Level= 65 c. Scale Level= 30

Coarse fine
>

Figure 4.2 Segmentation Results under Different Scale Levels

The multi-scale segmentation algorithm takes spalameters for the dissimilitude between
the adjacent pixels and yield meaningful objectas@ering the homogeneity criteria. In
Figure 4.2, from a to ¢, shows the segmentationltsesinder different scale parameters.
Small scale level generates result with small mgiand much fine, while large scale

parameter gives coarse partitions. Different spalameters has been tested and obtained the
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optimum scale level 65 for the experimental data.

Due to the over segmentation, image merge is paddrafter the multi-scale segmentation.
In Figure 4.3, from a to c, shows the merge resuiter different levels. Figure 4.3a is the
image segmentation under scale 65 without mergiherge level 90 could result in an

optimal result.

a. Merge level=0 b. Merge level= 5 c. Merge level= 90

Figure 4.3 Merge Resultsunder Different Levels

While the image was segmented into several objedtsria could be developed according to
the object’s features to extract vehicles fromithage as the following.

= Area<TA

» Elongation< TE

= Std band>TSB

= Compact>TC

= Saturation>TS
Area criterion can be used to effectively remove tbadway and median. Consider the
features of the lane marks and road boundary, sheipes are long and narrow, so | select the

elongation as the second feature. Other featue®amnd, compact and saturation can be used
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to remove the residual objects.

The rules were built according to the object’s dees to extract two vehicles from the test
image. Table 4.1 shows the features, measure amdctan results. The area is the first
feature used to identify the roadway since the wagdusually occupies large area in the
traffic image. The extraction results 1, 2 and daate that the area feature is very significant
to identify the road area. When the area reducaes f13277.52 pixels to 241.53 pixels
(measure column), the roadway and median have tmeaved from the image. Only two
vehicles, some lane marks and road boundary igk én the image (the red color region
represents the objects waiting to be identified.eWkhe objects have been identified, they

will be removed and the color turns to black).

Consider the features of the lane marks and roaddaoy, their shapes are long and narrow,
so | select the elongation as the second feature. résult shows that it is very useful to
identify the lane marks and road boundary. Compawith the extraction result 3, most of
the lane marks and road boundary have been remowddfew small patches exist in the
extraction result 4. | tested other features, saddb compact and saturation are used to
remove the residual objects and extract two vesidecording to the features and measures
in Table 2, | build following rules to extract thehicles. If Area< 241.53, Elongation< 3.89,

Std band> 13.24, Compact>0.15 and Saturation>€h@8,the object belongs to the vehicle.



Table 4.1 Featur es Extraction Results
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Table 4.2 presents the detection results of the imndividual images and the quantitative

assessment for different traffic scenes. Overlidhsperformance drop can be observed with

increased number vehicles appear in the detectgiom.

Table 4.2 Individual Image Analysis

Image

Vehicle

Detection

Features

and Measures

Detection

Results

No. of

Vehicles

Precision

Area< 241.53
Elongation< 3.89
Std band> 13.24
Compact>0.15
Saturation>0.02

100%

Area< 2522
Elongation< 4.9
Compact>0.14

Saturation>0.01

100%

Area< 1248.18
Elongation< 5.61

Std band>2.5

Tx variance>418.3
Band ratio [-0.12, 0.4]
Tx range<158.5

10

11

91%

Area< 417.96
Elongation< 4.08
Band ratio [-0.04, 0.28
Compact>0.16
Roundness>0.17

Intensity [0.03, 1]

12

14

86%

Area< 500
Elongation< 5

Band ratio [-0.04, 0.28
Compact>0.15

10

80%
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The first image has been used to illustrate thegenaocessing procedure. The second image
was captured on the same road segment. The siglegltan be detected, but their shadows
cannot be effectively separated from the vehiclé® third and fourth images were captured
on the same road segment and show a three-lanedyglith more vehicles. The vehicles
are close to each other and some vehicles cardeteeted correctly. They link together and

were recognized to one vehicle in the final result.

In terms of the multi-feature extraction, more feat are required when vehicle increases
(image 3 and 4). The features, area, elongationcantpact are significant to identify the
roadway and median. To recognize the lane markr@adiside background, the feature band
ratio, std band, saturation and texture variation ae useful. However, these features are not
always sensitive, and the measures will vary fdiedint images. More effective features

should be built according to the vehicle’s chanasties in the future work.

To calibrate the projection transformation, theapaeters in the transformation matrix were
tested in MATLB to identify their functions. Them@e nine parameters which perform
different image rotate, reflection and scale chanyghen the matrix is a 3*3 unit matrix

which presents in equation 4.1, the original imiags not any changes.

a1 Q412 Qg3 1 0 0
<a21 a; a23) = (0 1 O) (4.1)
asz; 4az; dss 0 0 1
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We change only one parameter each time and keep pdrameters as shown in the unit

matrix to illustrate the parameters functions. Bach parameter, we have tested both of the

positive and negative values, the results are suinathin Table 4.3. In this research, to

perform a transformation from perspective projectio orthographic projectiorg,, asand

agzare significanparameters.

Table 4.3 Parameter Functionsin Transformation Matrix

| Ongi image

Parameter Positive value Negative value

Horizontal stretch _
(an=2) Horizontal reflection/mirror image

(au=-1)

Horizontal clockwise rotation around
the center line (g=1)

Horizontal anticlockwise rotation around the
center line (g=-1)
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a3
Image geometric distortion Image geometric distortion
(213=0.005) (a=-0.002)
(<21
Anticlockwise rotation around the | - cjockwise rotation around the image cent
image center point £&2) point (a:= -1.5)
C )
Vertical reflection/mirror image
(2= -2)
a3
Focus close to the object Focus far away from the object
(2= 0.01) (&= -0.005)
a1 & ag Image translation parameters, no geometric changes
S3

Image zoom out (g=3)

Zoom out & vertical reflection g -3)
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The model parameters in terms of the image prageasd projection transformation have

been summarized in Table 4.4 according to the nuadibfation discussed above.

Table4.4 Calibrated Parameters

Image processing Parameter Value
Segment scale 65
Image segmentation Merge scale 90
Area <500
Elongation <5
Feature extraction Compact >0.15
Band ratio [-0.04, 0.28]
Tx range <150
Transformation matrix 1 0 0
H3,53 = (0 6 0 025)
(1-894, Lincoln Ave) 00 2

4.3 Experimental Results Analyss

The stationary traffic images used for experimededign were downloaded by an automatic
program and organized by location. The images wapured on Oct 27, 2009 (Tuesday),
from 7:30 am to 5:00 pm, at 1-894 Lincoln Ave inlMaukee, WI. In all, there are 165 images.

The model and algorithms were implemented in MATLABIe space occupancy results of
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[-894 Lincoln Ave were shown in Figure 4.4. Notattlthe top figure shows the northbound
occupancy (between red lines in the images) andthiem figure shows the southbound

occupancy (between yellow lines in the images).

Space Occupancy (%) == CCTV Image OCCUpancy
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Figure 4.4 Space Occupancy & Image Data of 1-894 Lincoln Ave
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In the figure, the X axis shows the time from 743@ to 17:00 PM, and Y axis represents the
space occupancy, and the unit is percentage. Hudtgecould catch the trend of the traffic
flow change in the day time. For the northbound, dlierage occupancies were basically less
than 20%. But during the peak hours, from 7:30 :®808the space occupancy could reach
more than 30%. After the peak hour, the traffioMldescended and the occupancy waved
between 10% and 20%. It shows a light traffic staduring the period of noon time. The
traffic flow increased rapidly in the afternoonm®0% to 25% during 3:00 PM to 5:00 PM
which indicated a little congestioithis is the evening peak hour which is a common

traffic patternon the urban freeway.

In terms of the southbound, the occupancies weetlean 25%. No significant peak hour or
traffic congestion on this direction. Three repraative images were shown under the figure.
The first image was captured at 7:55AM which sholes space occupancies of NB and SB
were 29.39% and 17.06% respectively. It is obvitescongestion status shown from the NB
in the image (between red lines). The second imeage captured at 11:53AM and the space
occupancies were 13.6% and 12.69% at that time. rfEpeesents a light traffic status on both
directions. The third image shows a moderate trafindition which captured at 3:29PM, the
space occupancies were 20.55% and 21.08% on NBRmrdspectively. The estimated space
occupancy from the stationary images could provielesonable results for the real-time
traffic state detection. In the following contextge will compare the experimental results

with field loop detector data to validate the pariance of the proposed model.
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44Modd Validation

4.4.1 Time Occupancy vs. Space Occupancy

The traffic occupancy which obtained in this stuslyhe space occupancy. We will compare
the results with the loop detector data to validate precision. However, the loop detector
measurement is the time occupancy. This sectiohde#cript the relationship between the

space occupancy and time occupancy.

The space occupancy is defined as the total veleiolgth divided by the roadway distance.

m l m m
;Ii E;'i m;h )
Og =-5—= i, =T = k(A)I (4.2)
m

Where,
Q, is the space occupancy,
| is thei™ vehicle length,
L is the roadway distance,
mis the number of vehicles.

K(A)is the density of the roadway regién

Y

M s the arithmetic mean of vehicle length.
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The time occupancy is commonly measured by loopatiets, defined as the percentage of
time that vehicles spend atop a loop detector. &udéfinition is made evident by illustrating
each trajectory with two parallel lines tracing thehicle’s front and rear (as seen by a
detector) and this is exemplified in Figure 4.5eTime occupancy in the regién O can be
taken as the fraction of the region’s area covesethe shaded strips in the figure (Hall, F. L.,

1996).

1 i

Region A

1/,

D
la]

< T, —»

A
-
\d

Figure4.5 Trajectories of Vehicle Fronts and Rearsin the Time-space Diagram

TheL is assumed to be the length of road visible tddbe detector, the so-called detection
zone. TheT is interval of time over which the detector measwents. The time eadf
vehicle spends atop the detector is denoted &bus, ifm vehicles pass the detector during

time T, the time occupancy is

0, =2 - M= | _Miz | (4.3)
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Note thatm/T in equation (4.4) is the traffic flowm(A) which is the number of vehicles
passing a reference point per unit of time, anthéasured in vehicles per hour.llis the

length of vehicle, andv is the speed, therefore,

2 0/m) (4.4)
WhereK(A) is the density ands is the space mean speed.

Space mean speed is given in equation 4.5:
1
v =m/L1 (4.5)

Where:
\i: The space mean speed
m: The number of vehicles passing the roadsegynent

\i: The observed speed of theviehicle

Let 7,=1/v,

m
1 m & 2l

0, =AM, )= k(a) @)
miZ:l:Vi =1 ;Ti

Where the term in brackets is the pace-based meainle length, in which faster vehicle has
smaller weights, while slow-moving vehicles haveyé weights. If all vehicles travel at the

same speed, both quantities are equal. Othenkisg are not equal.
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Figure 4.6 illustrates the effects of slow and fasticles for calculating the space and time
occupancy. According to the definition of space a&mte occupancy, the horizontal strip

represents the loop detector and the vertical strgicates the CCTV snapshot. Faster
vehicles are more likely to be captured by loopedetrs and slower vehicle are more likely to
be captured by stationary images. As a result,ngite same density, the average vehicle
lengths will be larger than longer vehicles gergraavels slower than smaller vehicles. This
sometimes outweighs the impact of the averagingceffifference. During congestion when

speed becomes synchronized, such effects can bee@@nd the averaging effects can kick

in.

X CCTV Snapshot X CCTV Snapshot

[ [T ][]

Loop detector Loop detector t

a. Slow vehicles b. Rasthicles

Figure4.6 Trajectories of Slow and Fast Vehiclesin the Time-space Diagram

The relationship between the space and time occypaould be concluded as follows:
= Space occupancy is a more accurate measuremeniefsity which is only
affected by the average vehicle length. And theetoncupancy is affected by

both speed distribution and vehicle length disthiiou
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= Both methods have some systematic errors, e.gerfashicles are more likely
to be detected by snapshot, rather than loop detegts a result, time
occupancy becomes smaller than the space occupancy.

= Meanwhile, another effect can potentially causeetioccupancy to be larger
than space occupancy is when slow moving heavycleshiappear, it will
increase the weighted average of the pace-basedlesdbngth causing the
time occupancy to be larger.

= In reality, the systematic caused by speed vanatioutweighs the impact of
vehicle length variations, hence the time occupaiscysually smaller than

space occupancy detected by CCTV snapshots.

In general, coefficient between the time and sma@eipancy can be determined by 1) speed
variations, 2) vehicle compositions. Apparentlhg tbrmer one has more impact based on our

validation results.

4.4.2 Occupancy Comparison

The proposed model needs to be validated to idtestthe traffic detection ability. The
validation is based on the loop detector data ctatk at the same locations and same time.
For loop detector data, there are 3 detectors deter traffic occupancy of different lanes on
I-894 freeway. The loop detector data providesodmipancy records every 5 minutes. Figure
4.7 shows the original time occupancy from loopedtdtr data on northbound (source from

Tops lab database). The red, blue and green cuepessent three detectors’ data located at
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different lanes. It records one day 24 hour dat&chvshows a peak hour from 7:00AM to
8:30AM and another peak hour during 3:00 PM to 3200. From 9:00AM to 3:00PM, the
traffic flow descended and the occupancy waved éetwl0% and 20%. In the night time,

there are few traffic and the average occupandybsibw 5%.
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Figure 4.7 Time Occupancy Data from Loop Detector

(1-894 Lincoln Ave. Northbound, Oct 27/2009, 0:00AN:00PM)

We averagehe original loop detector data to compare with ésémated space occupancy.
Note that the space occupancy focuses on the aeyttaffic flow from 7:30AM to 5:00PM.

In Figure 4.8, the blue curve indicates the avetage occupancy and the interval between
two red dash lines is the corresponding intervaltsydo compare with the estimated space

occupancy from CCTV images.
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Space Occupancy (%)
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Figure 4.8 Average occupancy from original loop detector data

Figure 4.9 shows the comparison of loop detectoupancy (green curve) with CCTV image
occupancy (red curve). As discussed above, undagestion condition, loop detector
occupancy is close to the CCTV image occupancytdube small vehicle speed variation.
Figure 4.9a shows the northbound comparison. Dupegk hour 7:30 to 8:30, the green
curve and red curve are very closed. After the gemk, the red curve lies above the green
one which indicates the CCTV image occupancy istgrethan loop detector occupancy.
Figure 4.9b represents the southbound comparisorsid¢shificant peak hour or congestion
traffic on this roadway direction. The red curvevays lies above the green one which
indicates the CCTV image occupancy is greater ibap detector occupancy. The results are
consistent with the relationship analysis previgughe traffic occupancy and the difference

between loop detector data are provided in Appetatile A-2.
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Figure 4.9 Occupancy Comparison

The mean absolute error (MAE) is introduced to measow close between the eventual

outcomes. The mean absolute error is given asaisllo

1
MAE = ~31|0c — Oy (4.8)
Where,

Q: is the estimated space occupancy
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Q is the loop detector occupancy
The mean absolute error are 4.51% and 7.62% fordadway directions respectivalyhich

show that the proposed model can provide a reagopalformance over long time duration.

4.5 Chapter Summary

In this chapter, data acquisition, model calibmatamd model validation were described in
detail. The traffic images captured from differdr@eway segments in Milwaukee were
selected to calibrate the model parameters. Theemadidation was conducted using field
loop detector data to demonstrate the performahtieeoproposed model. The experimental
data was collected from 1-894 Lincoln Ave. in Milueee, WI. This freeway corridor often

suffers from a daily recurrent congestion duringhb&M and PM peak hours, and makes it a

good site to exam the model performance under foe¢hflow and congested conditions.

The experimental results show that the space oocypastimated from the traffic stationary
images could catch the trend of the traffic flowarbe in the day time as well as the
congestion during AM and PM peak hours. Compariity the loop detector data, basically,
the estimated space occupancy is greater thannteeoccupancy. The mean absolute error
(MAE) is introduced to analyze the accuracy of ekpental results quantitatively. The
accuracy measured by MAE are 4.51% and 7.62% forrbmdway directions respectively,
which show that the proposed model could providesaeable traffic variables to detect the

freeway traffic status.
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CHAPTERS5 MODEL EVALUATION

5.1 Traffic Data Description

The proposed model consists of three modules: ragddetection module, vehicle

extraction module and projection transformation oled Each module is comprised of
many computer vision and image processing algosthall algorithms are implemented

using MATLAB. The model is calibrated and validatesing the traffic images captured from
Lincoln Ave. on 1-894 freeway corridor. The robuwests of the algorithm and model would be
evaluated with the traffic images from differentdtions along 1-894 corridor. The locations
and characteristics of the data will be describedhis section. The evaluation results and

sensitivity analysis will also be described.

The traffic image data captured from four sites|@94 freeway are used to evaluate the
model performance. These sites were selected ec¢hayg locate close to each other. We
expected that the traffic flow patterns are coesisialong these roadway segments. Data
was taken from 80St. to 92° St. on 1-894 corridor and the time from 7:30 AM&®0 PM on
September 27, 2009 (Tuesday). The total distandki®icorridor is about 2.1 miles including
four sites 68 St., 78' St., 84' St. and 92' St. (Figure 5.1).The adaptability of the modelemd
different traffic situations, illumination conditis and geometric roadway is also examined. The
relationship between the estimated space occupandyloop detector measurement is

discussed in the following context.
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Figure 5.1 Camera Sites and Traffic Images on Freeway |-894 Corridor

5.2 Modd Evaluation Resultsand Analyss

5.1.1 60" Street

The traffic images at this site captured from theerisection of 60 St. and 1-894 freeway.

Both directions of the roadway segments have tlarees and an on-ramp on the right direction.
The traffic images were collected from 7:30 AM t8® PM and the average interval between
successive images is 3 minutes. Figure 5.2 isdhgple of image processing results of each
module. Figure (a) shows the original traffic sceaptured at this site. Figure (b) shows the
detected roadway area. Figure (c) is the detectgion cropped from the original image.

Figure (d) displays the vehicles extracted fromldfieand right side of the roadway segment.
Figure (e) shows the result of the vehicle bottomaa Figure (f) presents the projection

transformation result of the roadway and the exgcheehicles respectively.



A .
b.Detected Roadway c.€oabn Region

d.Vehicle Extraction

e. Vehicle Bottom Area

\\

f. Roadway and Vehicle Projectioarisformation

Figure 5.2 Sample of the Image Processing Results (60th St.)

84
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A total of 201 traffic still images are successfuperformed in MATLAB. The traffic
occupancy and the difference between loop deteletiar are provided in Appendix table A-3.
Figure 5.3 shows the occupancy comparison betweerestimated results and the loop
detector data. In the figure, the X axis showstithhe from 7:30 AM to 17:30 PM, and Y axis
shows the space occupancy, the unit is percentdgegreen curve represents the estimated

occupancy and the red one is the field loop detetzta.
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b. Traffic Occupancy of Eastbound

Figure 5.3 Occupancy Comparison (60th Street)

For the left side of the roadway which is the westid, the estimated occupancies range
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from 5.41% to 25% between 7:30 AM and 5 PM. For tight side of the roadway, the
eastbound, estimated occupancies ranged from 58@%72%. The traffic conditions in both
directions were light or moderate for most of timeet There are not significant peak hours or
traffic congestion on this roadway segment. Thereded traffic status could catch the trend
of the traffic flow pattern derived from loop deteic Overall, the space occupancy is greater
than the occupancy collected from loop detectore Tiean absolute errors (MAE) for
westbound is 4.56%, and 5.12% on eastbound. Thposed model can estimate the traffic

situation appropriately for this roadway segment.

5.1.2 76" Street

Both directions of the roadway segments at thesetgion of 78 St. and 1-894 freeway have
three lanes and the left side has an on-ramp. réfffictimages were collected from 7:30 AM
to 18:00 PM and the time interval between successnages is 3 minutes. A total of 210
traffic still images are successfully performedtbg model. Traffic occupancy and congestion

status were estimated based on the traffic images.

Figure 5.4 is the sample of image processing ®e$dtn each module. Figure (a) shows the
original traffic scene captured at this segmergufé (b) shows the detected roadway segment
area. Figure (c) is the detection region of the gemaFigure (d) displays the vehicles
extracted from the left and right side of the roagwrigure (e) shows the result of the vehicle
bottom area. Figure (f) presents the projectionsfi@mation results of the roadway and the

extracted vehicles respectively.
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b.Detected Roadway Detection Region

d.Vehicle Extraction

e.Vehicle Bottom Area

f. Roadway and Vehicle Projection Transformation

Figure 5.4 Sample of the Image Processing Results (76" St.)



88

The traffic occupancy and the difference betweep ldetector data are provided in Appendix
table A-4. Figure 5.5 shows the occupancy comparszween the estimated results and the
loop detector data. In the figure, the X axis shtivestime from 7:30 AM to 6:00 PM, and Y

axis shows the space occupancy, the unit is pexgentThe green curve represents the

estimated occupancy and the red one is the fielpl ttetector data.
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Figure 5.5 Occupancy Comparison (76" Street)
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The estimated occupancies of the left side (wesithpof the roadway segment range from
2.56% to 14.56% between 7:30 AM and 6 PM. For tightrside of the roadway, the

eastbound, estimated occupancies ranged from 384%.73%. There is not significant peak
hour or traffic congestion on both roadway dirawsio The traffic status on this roadway
segment is light or moderate in the day time. T$tereted traffic status is consistent with the
trend of the traffic data derived from the loopeattor. The mean absolute errors (MAE) for

westbound and eastbound comparing with loop detdeta are 2.07% and 2.53% respectively.

5.1.3 84" Street

The camera at this site was located at the intéoseof 84" St. and 1-894 freeway. The
geometry of this segment is three main lanes oh daection, and there is an auxiliary lane
and on ramp on the right side. The left side ofrtbedway segment appeared much shorter
than the right one since the camera view focusethemight side of the roadway. The traffic
images were collected from 7:30 AM to 6:00 PM ahe time interval between two

successive images is 3 minutes.

Figure 5.6 shows the sample of image processingtsesf each module. Figure (a) is the
original traffic image captured at this locationgle (b) presents the detected roadway
segment. Figure (c) is the detection region cropfreth the original image. Figure (d)
displays the vehicles extracted from the roadwayremt. Figure (e) shows the result of the
vehicle bottom area. Figure (f) presents the ptigedransformation result of the roadway and
the extracted vehicles respectively. A total of Ztaffic still images were successfully

performed by the model.
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a.Original Image

b.Detected Roadway - etdation Region

d.Vehicle Extraction

e.Vehicle Bottom Area

f. Roadway and Vehicle Projection Transformation

Figure 5.6 Sample of the Image Processing Results (84th St.)

90
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Traffic occupancy and congestion status could benated based on the proposed model. The
traffic occupancy and the difference between loefector data are summarized in Appendix
table A-5. Figure 5.7 presents the occupancy coispabetween the estimated results and
the loop detector data. In the figure, the X akieves the time from 7:30 AM to 6:00 PM,
and Y axis shows the space occupancy, the unérizeptage. The green curve represents the

estimated occupancy and the red one is the field tetector data.
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Figure 5.7 Occupancy Comparison (84th Street)

The figure shows that the estimated occupanciggerénom 3.08% to 15.47% between 7:30



92

AM and 6:00 PM for the left side of the roadway ethis the westbound. In terms of the
right side of the roadway, the estimated occupaneaged from 4.67% to 17.4%. The traffic
flow in both directions shows a light or moderate host of the time. There is not significant
traffic congestion state on this roadway segmenminduhe day time. The estimated traffic
condition is close to the traffic flow status dexivfrom the loop detector. The mean absolute

error (MAE) of westbound is 2.05%, and eastbouritid§%.

5.1.4 92" Street

The roadway segment at"8&treet divided into two road branches. Both dioest of the
roadway have three lanes. A total of 211 traffit shages were collected from 7:30 AM to
6:00 PM. Figure 5.8 is the sample of image proogseesults from each module. Figure (a)
shows the original traffic scene captured at thies $igure (b) shows the detected roadway
segment. Figure (c) is the detection region im&ggure (d) displays the vehicles extracted
from the roadway segment. Figure (e) shows thdtreSthe vehicle bottom area. Figure (f)
presents the projection transformation result ¢f thkadway and the extracted vehicles
respectively. The traffic occupancy and congestiatus could be estimated based on the traffic

images.

The traffic occupancy and the difference betweesp laetector data are summarized in
Appendix table A-6. Figure 5.9 presents the occapatomparison between the estimated
results and the loop detector data. In the figtive X axis represents the time from 7:30 AM
to 6:00 PM, and Y axis shows the space occupandgihvthe unit is percentage. The green

curve represents the estimated occupancy anddheneeis the field loop detector data.



b.Detected Roadway c.€oabn Region

d.Vehicle Extraction

f. Roadway and Vehicle Projection Transformation

Figure 5.8 Sample of the Image Processing Results (92nd St.)
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The figure shows that the estimated occupanciegeréom 2.83% to 15.4% between 7:30
AM and 6:00 PM for the left side of the roadway ghiis the westbound. In terms of the
right side of the roadway, the estimated occupan@aged from 2.6% to 19.35%. The traffic
flow in both directions shows a light or moderabe fost of the time. No significant traffic
peak hour or congestion occurred on this roadwgyneat. The estimated traffic condition is
consistent with the traffic flow data derived frdle loop detector. The mean absolute errors

(MAE) for westbound is 3.62% and for eastbound 79%.
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Figure 5.9 Occupancy Comparison (92nd Street)
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5.3 Sengtivity Analyss

This chapter discusses the evaluation resultseoptbposed model applied to the traffic image
data captured from four different locations on higly 1-894 freeway corridor in Wisconsin.
Estimated space occupancies and traffic conditemas reasonable and consistent with the
records from the loop detector data. Overall, thethaodology and model performed well.
However, there are several factors and parametgingse would impact the model

performance.

The proposed traffic detection model is consistethaee major modules. The most critical
factors corresponding to each module are objectisfavehicle occlusion and roadway
geometry. When deploying the model to the real tiraffic data, their influence are quite
important for effective calibrating, tuning and maining the methodology. So far, there are
still not perfect solutions to solve such imagecpssing problems like object shadow. | shall

conduct a qualitative analysis based on the imaggepsing samples.

*  Object shadow

Object shadow is the common limitation that assediavith image processing. The shadows
in the traffic image can be cast by buildings, sread vehicles. The shadows will also be
varied due to the illumination changes during tlay dime. We can handle part of this
problem by extracting the vehicle bottom area. Hmweif under a strong illumination with

significant shadows in the image, it is hard to ogenthe shadow as the long shadows will

link together closed vehicles.



96

In Figure 5.10, from a to d, shows the shadow arilte for vehicle separation. The red circle
includes five vehicles which could be segmentedently in the final results. But in the

yellow circle, two vehicles link together due teetshadow and were recognized into one
vehicle finally. In figure ¢ and d, the detecti@sult is longer and wider obviously comparing

with the original vehicles.

a. Traffic Image b. Vehidiatraction

c. Vehicle Bottom Area d. Vehicleofection Transformation

Figure 5.10 Object Shadow

* Vehicle occlusion

The accuracy of the proposed method mostly dependiie vehicle extraction quality. In
order to extract the vehicles, several featuresirarestigated including the vehicle shape,
size, color and texture etc. Even the vehicle retimy could be accomplished successfully,

the occluded vehicles may disturb the detectionltgs
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Figure 5.11 indicated the vehicle occlusion impdato groups of occluded vehicles are
labeled in the image by red and yellow circles eesigely. In figure b, the vehicles could be
extracted from the traffic image. However, theyldawot be divided due to occlusion. There
are six vehicles labeled in figure a, but therearly three vehicles in figure b, c and d. The

detected vehicles are larger obviously comparirth thie original vehicles.

a. Traffic Image b. VehiclatEaction

c. Vehicle Bottom Area . \ethicle Projection Transformation

Figure5.11 Vehicle Occlusion

* Roadway geometry

Roadway geometryespecially the horizontaturve can affect the roadway projection
transformation. Figure 5.12 shows a curved segmwtit divisions. The guideline of
projection transformation is to convert the roadwsagment into parallel if it is straight and

symmetry. But if the roadway segment has curveoarmex construction such as the division
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or branch, the projection transformation may reisudtistortion.

a. Original Image b. Image Mask c. Projection Transformation

Figure 5.12 Roadway Geometry

The sensitivity analysis reveals that the modédigoerance is sensitive to these factors. Further

improvements are required to optimize the modedritlgms.
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CHAPTER6 CONCLUSION AND FUTURE WORK

6.1 Summary of Research

The primary motivation of this research is to depeh novel traffic state detection model
using the online stationary images. These traffitianary images clipped from CCTV video
data and published via DOT/511 website. The praphasedel concentrates on stationary
images instead of the successive video data tordigie the traffic status. It could estimate
the traffic space occupancy and make qualitativadyais on current traffic condition such as

the light traffic or traffic congestion. The thesiensists of six chapters.

Chapter 1 introduces the ITS progress, the backgraf the video-based traffic detection
and 511 traveler information project. Problem steget, the objectives and scope of research

are also presented in this chapter.

Chapter 2 is the literature review providing théoimation of the previous studies using
traffic video stream data to detect the trafficommfiation. The generic image segmentation
methods are also reviewed in this section, espgdia algorithms for roadway and object

detection.

The methodology and model architecture are give@hiapter 3. The model has three major
modules including roadway detection module, vehiditection module and projection

transformation module. When the roadway and vesiclere identified, the projection
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transformation will be applied to convert the ti@fimages from perspective projection into
orthographic (parallel) projection. In order to impe the computational speed, the model
will only process the detection regions insteadtlud entire image. The traffic space
occupancy could be estimated based on the roademgyhl and total vehicle length. Finally,

the traffic congestion status could be determined.

Chapter 4 presents the experimental design and Invadidation. The traffic image data
acquisition and data processing procedure are idedcin detail in this part. The model
calibration is divided into three parts, the caliwn of multi-scale segmentation thresholds,
the calibration of vehicle features extraction gmejection transformation parameters
calibration. Then experimental data were colleétedh 1-894 Lincoln Ave. on September 27,

2009 in Milwaukee, Wisconsin.

To ensure the model performance, it is necessapvatuate the detection algorithm under
various roadway environments. In Chapter 5, théuewi@n criteria and sensitive analysis are
presented based on four different roadway segmentsl-894 freeway corridor. The

experimental results of the proposed model areyaedl and the measurement of the

effectiveness is evaluated. The results indicatdiable performance of the proposed model.

6.2 Concdludons

Video-based traffic surveillance is deployed brgallly Department of Transportation.

However, most of the traffic video data are usedtfaffic monitor and could not provide
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traffic flow measurements. The stationary traffitaiges which are available online would be
a kind of new data source for traffic quantitatasgalysis. The primary contribution of this

study is the development of a novel traffic detactnodel utilizing these stationary image
data. The proposed model could provide an effectofation to detect traffic occupancy and
congestion status. Traffic space occupancy is @@ reliable measurement for traffic

guantitative analysis and congestion detection.

The adaptability was evaluated under differenfitratatus and illumination conditions using
traffic images taken from four sites from 7:30 AMG:00 PM. Estimation of space occupancy
depicted the traffic conditions reasonably. Theppsed model successfully performed the
traffic data taken from 60St., 78' St., 84" St. and 92' St. on freeway 1-894 corridor where
the roadway geometry and traffic flow conditions afifferent. The evaluation results
indicated that the estimated occupancy is congistéh the records collected from the loop

detector data at the same time and locations.

This research could contribute to both academic iaddstry fields. From an academic
standpoint, | proposed a traffic detection mod@éhgishe new data source which is available
freely from the internet. A complete suite of alijuns for roadway detection, vehicle
extraction and projection transformation have bdeweloped. | provided a way to measure
space occupancy which could not be measured diriedthe field. The projection transformation
method could eliminate the perspective distortidnlevthe camera calibration parameters are

unknown.
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In terms of the application benefits in a practpatspective, the study addresses the problem
of how to utilize the internet traffic data mordi@éntly for quantitative traffic state analysis.

It could be a complement of loop detector data githlity issues (usually 20-30% bad data)
and store longer for historical traffic study. Tperformance of the methodology could assist

traffic manager to watching numerous monitors attlice the human burden.

6.3 FutureWork

Some improvements could be achieved based on thentdraffic detection model. The short
term future work for this study will focus on theoposed algorithms to optimize and improve

the robustness of the model performance.

* Roadway detection algorithm

Existing roadway detection methods are primarilysdzth on the image binary and
mathematical morphology. As discussed in the seitgianalysis, the traffic congestion or
significant shadows are common limitations for iemggocessing. The roadway detection and
vehicle extraction from these situations eitheteféhior contained a lot of noise. To increase
the model robustness, a dynamic roadway boundatyredian detection algorithm should be

considered in the further study.

* Vehicle multiple feature investigation
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The accuracy of the proposed method mostly depemdghe vehicle extraction quality.
Image processing is quite sensitive to the impattgehicle shadow and occlusion which
could be an enhancement to the existing algoritfime. image texture feature will be useful
in the vehicle segmentation. The integration ofrenir work should be investigated more

microscopic or macroscopic texture characteristfogehicles.

» Projection transformation optimization

When conduct the projection transformation, we m@&stixed camera position and angle
with respect to the road in current research, gaifitant vertical deviation, zoom in or
rotation. If the camera zoomed in for incidentssumse such changes are logged or
identifiable. However, camera movements will ofterpact the field of view. In the future
work, we will consider the projection transformationder camera zoom in or rotation

situations.

At the application side of this research, a longntduture work will consider the

following research directions.

» Extending to arterial traffic dada

A benefit of the still traffic image is that it cldube a complement of traffic data source
where the other detector data is not availableasr duality issues. Most of loop detectors
were installed on the highways. For arterial anthlcstreets, there are not such traditional
loop detector data for quantitative traffic anadysComparing with the freeway mainline

segments, the arterial and local streets are momgplex as there are traffic signals and
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control signs. There are also bike lanes, pedegpaaement and bus stations for the roadway
construction. Nowadays, more and more CCTV camerae installed on the urban major
arterials and intersection to monitor the traffiatgs. These image data could be collected

and used to detect the arterial traffic flow patsein the future work.

« Traffic incidents detection

It is possible to detect the traffic incidents takiadvantages of the CCTV traffic image data
which are distributed broadly. If the traffic ocangy is very high or congestion occurred
during non peak hours, the traffic manager showy pttention to the special roadway
segment. This would be helpful to assist trafficnag@ement or police to response quickly

with abnormal traffic conditions.

» Detecting traffic on network level combining withmote sensing image

Due to the data source limitations, remote sensmages are not considered as a reliable
input in this research. The research focused oh leaation separately and only tested four
roadway segments. When high frequency and resollRi® data is available, fusion of the
two data sources can possibly be implemented. ®Rpansion of the proposed model
combining with the growing remote sensing technieegould detect the traffic pattern on

the network level.
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Table A-1 Traffic Monitor Cameras Onlinein U.S. States

State Cameras statewide Update (min) Website
Alabama 158 Video http://alitsweb.dot.state.altas/i
Alaska 55 10 http://511.alaska.gov/alaska511/maymupin
omponent
Arizona 230 5 http://www.az511.com/adot/files/caasér
Arkansas - - Under construction
California 1,365 Video http://quickmap.dot.ca.gov/
Colorado 384 & 48 Videos 10 http://www.cotrip.atglice.htm
Connecticut 280 3 sec http://www.ct.gov/dot/cwphiasp?a=23
54&Q=290242&dotNav=|
Delaware 150 Video http://www.deldot.gov/traffic/majs
Florida - - http://www.fI511.com/Cameras.aspx
Georgia Over 500 2 http://www.georgia-navigator. ttoaffic/c
am.php
Hawaii - - Under construction
Idaho 147 & 46 videos 15 http://Ib.511.idaho.gollid
lllinois - - Under construction
Indiana 115 5 http://www.in.gov/indot/2420.htm
lowa 176 5 http://Ib.511ia.org/ialb/
Kansas 33 statewide & 28 in 2 http://511.ksdot.org/KanRoadPublic/Defau
Wichita Metro It.aspx
Kentucky 150 1 http://511.ky.gov/kylb/
Louisiana 140 5 http://lb.511la.org/lalbweb/camf@mges
elect.jsf?view=state&text=mé&textOnly=fa
Ise
Maine 27 5 http://www.511maine.gov/cameras.htm
Maryland - - http://www.md511.org/traffic.aspx?show
ameras=true
Massachusetts - 10 sec http://www.mass511.comfgrafes.sws
Michigan - - http://mdotnetpublic.state.mi.us/dvidefa
ult.aspx
Minnesota 500 in Minneapolis 1 http://hb.511mn.org/main.jsf

and 60 in Duluth,
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Rochester and St.

Cloud.

12}

Mississippi 379 5 sec http://www.mdottraffic.com/
Missouri - - http://maps.modot.mo.gov/timi/
Montana - - http://www.mdt.mt.gov/travinfo/weathrer
wis_google.shtml
Nebraska 160 3-30 http://www.511.nebraska.govtdtig/ind
ex.html
Nevada 385 statewide (20 in - http://www.nevadadot.com/Traveler_Infa/
Reno & 8 in Elko Traffic_Cameras/Traffic Cameras.aspx
area) http://bugatti.nvfast.org/PMMS/CCTVs.a
px
New Hampshire 44 - Do not publish online
New Jersey - 1-2 http://www.511nj.org/cameras.agpfcl
t=NJ%20Turnpike%20Tour
New Mexico 89 10 sec http://nmroads.com/
New York - 30-60 sec http://www.511ny.org/mapviespa?cust
ommap=true&layers=cctv
North Carolina - - Under construction
North Dakota | 39 (32 DOT owned, 7 10 http://www.dot.nd.gov/travel-info-v2/
leased to LiveView)
Ohio 350 5 sec http://www.dot.state.oh.us/districts/DO2/Tr
afficCameras/Pages/default.aspx
Oklahoma - Video http://www.oktraffic.org/map.php@ation
=statewide#
Oregon 310 2 http://www.tripcheck.com/Pages/Camefas
Entry.asp
Pennsylvania | 662 (647 are public 3 sec http://www.511pa.com/Traffic.aspx?Shaw
facing) Cameras=true
Rhode Island 115 20 sec http://wvimc.dot.ri.gov/camcenter/camc
entermapview.aspx#
South Carolina 348 5 http://206.74.144.28/gettiagis/index.as
p
South Dakota - - Under construction
Tennessee 425 5 http://ww?2.tdot.state.tn.us/tswitemag. ht
m
Texas - 2 sec http://www.dot.state.tx.us/travdiittaca

meras.htm
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Utah over 900 3-5 http://wwwtahcommuterlink.com/
Vermont 24 5 http://51%¥ermont.gov/main.jsf
Virginia - Video http://www.511virginia.org/
Washington 850 1.5-30 http://www.wsdot.com/trafiameras/def
ault.aspx
West Virginia 25 Video Http://mww.wv511.0rg
Wisconsin 203 3 http://www.511wi.gov/Web/map.asexfr
on=southwest
Wyoming 104 3-10 http://map.wyoroad.info/hi.html2d@co
=0&al=0

Table A-2 Traffic Data of Lincoln Avenue (Unit: %)

NB SB
Estimated | Loop Detector Estimated | Loop Detector

Time Occupancy| Occupancy Error Occupancy | Occupancy Error

7:30 26.34 28.27 1.93 18.82 8.97 9.85
7:35 27.78 29.65 1.87 16.85 7.15 9.69
7:40 28.99 32.84 3.85 14.30 8.20 6.10
7:45 30.01 31.79 1.78 13.72 8.35 5.37
7:50 30.69 31.92 1.23 15.60 8.66 6.95
7:55 29.39 30.57 1.18 17.06 7.60 9.46
8:00 28.15 29.48 1.33 11.70 8.53 3.17
8:05 28.73 30.75 2.02 15.26 7.99 7.27
8:10 32.49 28.13 4.36 14.28 7.77 6.51
8:15 32.91 25.36 7.55 16.45 8.56 7.88
8:20 27.94 21.58 6.36 17.82 8.15 9.67
8:25 25.34 16.82 8.52 15.70 7.21 8.49
8:30 28.99 25.73 3.26 16.76 7.57 9.19
8:35 25.87 17.56 8.31 12.65 7.54 5.10
8:40 14.34 12.53 1.81 16.63 7.71 8.92
8:45 15.24 16.38 1.14 13.63 10.02 3.61
8:50 17.20 13.15 4.05 17.13 8.42 8.71
8:55 19.75 18.64 111 18.85 8.49 10.36
9:00 13.65 10.37 3.28 17.73 8.34 9.39
9:05 14.76 10.44 4.32 16.18 7.05 9.13
9:10 16.19 11.28 491 15.68 7.78 7.90
9:15 16.83 11.46 5.37 11.35 7.59 3.74
9:20 12.38 9.66 2.72 11.23 8.56 2.67
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9:25 19.84 11.63 8.21 20.02 8.12 11.90
9:30 18.57 12.57 6.00 17.58 7.37 10.21
9:35 13.86 12.24 1.62 15.05 6.97 8.08
9:40 17.20 12.28 4.92 15.43 7.27 8.17
9:45 15.50 11.73 3.77 13.67 7.40 6.27
9:50 20.37 11.69 8.68 15.39 8.03 7.36
9:55 13.27 10.65 2.62 12.77 6.85 5.92
10:00 14.29 10.53 3.76 11.79 6.43 5.36
10:05 16.40 9.68 6.72 15.73 6.56 9.18
10:10 12.75 15.42 2.67 13.72 8.35 5.37
10:15 13.65 8.47 5.18 11.42 7.02 4.40Q
10:20 14.87 8.82 6.05 8.66 7.40 1.26
10:25 15.98 11.80 4.18 10.55 8.13 2.41
10:30 19.52 9.62 9.90 12.05 8.03 4.01
10:35 13.49 10.67 2.82 15.78 8.19 7.59
10:40 12.59 13.83 1.24 18.35 7.77 10.58
10:45 16.83 10.75 6.08 16.93 7.79 9.15
10:50 15.66 8.50 7.16 16.93 8.30 8.63
10:55 15.08 9.36 5.72 18.09 9.01 9.08
11:00 16.67 10.17 6.50 16.59 7.72 8.87
11:05 13.49 10.75 2.74 17.55 8.78 8.77
11:10 14.71 11.40 3.31 18.86 9.36 9.5(
11:15 13.70 12.85 0.85 16.25 8.40 7.85
11:20 15.61 12.64 2.97 15.60 8.20 7.40
11:25 12.43 10.65 1.78 14.27 8.58 5.70
11:30 15.13 8.70 6.43 11.70 8.92 2.78
11:35 13.12 10.80 2.32 18.73 8.52 10.21
11:40 9.68 9.57 0.11 17.10 9.08 8.02
11:45 12.96 7.23 5.73 16.98 8.54 8.43
11:50 15.19 7.65 7.54 15.69 10.84 4.85
11:55 13.60 8.14 5.46 12.69 6.89 5.80
12:00 9.15 11.52 2.37 14.36 9.25 5.11
12:05 10.26 10.30 0.04 10.20 9.45 0.75
12:10 12.28 11.47 0.81 14.32 8.06 6.26
12:15 18.47 10.82 7.65 20.58 9.21 11.3y¢
12:20 13.81 10.25 3.56 20.13 9.70 10.48
12:25 13.17 8.96 4.21 19.73 9.14 10.59
12:30 15.32 9.74 5.58 21.48 9.92 11.55
12:35 14.27 8.75 5.52 19.05 8.68 10.3y
12:40 13.76 8.51 5.25 20.13 8.25 11.88
12:45 17.32 9.86 7.46 16.32 8.62 7.70
12:50 18.41 9.52 8.89 21.99 9.05 12.94
12:55 13.33 9.63 3.70 18.43 8.70 9.73
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13:00 13.23 11.92 1.31 19.80 10.69 9.11
13:05 16.03 10.85 5.18 20.31 9.83 10.4}
13:10 19.95 11.13 8.82 18.06 9.91 8.15
13:15 15.61 11.40 4.21 16.11 10.13 5.97
13:20 15.56 10.92 4.64 21.63 9.58 12.0p
13:25 18.57 9.74 8.83 19.33 8.93 10.40
13:30 15.66 10.86 4.80 18.30 7.96 10.3p
13:35 15.71 10.42 5.29 14.70 8.68 6.03
13:40 16.46 11.38 5.08 18.43 10.03 8.4(
13:45 19.05 11.32 7.73 22.86 10.54 12.3p
13:50 15.87 10.75 5.12 21.78 9.36 12.4p
13:55 17.02 10.21 6.81 19.03 9.92 9.11
14:00 18.15 10.16 7.99 20.02 9.28 10.74
14:05 14.18 9.54 4.64 19.66 8.99 10.6¥
14:10 14.39 12.57 1.82 21.23 10.59 10.6p
14:15 13.57 11.76 1.81 17.15 10.44 6.7(
14:20 11.64 10.53 1.11 16.08 10.19 5.8¢
14:25 14.76 11.80 2.96 20.32 10.31 10.0n
14:30 15.03 10.93 4.10 23.11 11.22 11.88
14:35 16.50 10.95 5.55 23.19 11.17 12.0p
14:40 18.57 11.57 7.00 20.02 11.34 8.68
14:45 18.78 11.14 7.64 22.61 11.79 10.8p
14:50 20.63 11.90 8.73 20.01 11.24 8.76
14:55 15.27 10.85 4.42 21.02 11.45 9.57
15:00 14.13 10.73 3.40 20.76 10.39 10.37
15:05 16.53 11.65 4.88 21.86 10.87 11.0p
15:10 21.01 13.42 7.59 21.39 13.48 7.91
15:15 15.56 10.68 4.88 21.95 13.20 8.75
15:20 15.61 12.35 3.26 20.92 12.68 8.24
15:25 20.55 13.46 7.09 21.08 13.17 7.91
15:30 13.02 11.83 1.19 23.05 12.75 10.3D
15:35 18.78 10.52 8.26 21.60 12.72 8.88
15:40 15.16 10.86 4.30 18.99 13.16 5.83
15:45 10.05 12.93 2.88 21.89 12.84 9.0%
15:50 17.82 13.75 4.07 19.68 14.14 5.53
15:55 17.53 12.10 5.43 16.63 12.74 3.89
16:00 16.57 12.83 3.74 14.32 12.63 1.68
16:05 16.93 12.96 3.97 17.40 11.55 5.86
16:10 13.12 10.34 2.78 19.29 14.37 4.92
16:15 15.13 11.93 3.20 21.69 13.15 8.54
16:20 14.75 12.27 2.48 16.33 13.22 3.11
16:25 12.06 13.75 1.69 18.90 15.20 3.7(
16:30 15.94 11.82 4.12 17.62 13.70 3.92
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16:35 17.89 12.60 5.29 17.96 12.65 5.31
16:40 15.68 9.57 6.11 16.80 13.92 2.88
16:45 19.28 11.35 7.93 15.39 13.57 1.82
16:50 14.13 11.52 2.61 13.16 14.81 1.65
MAE 4,51 7.62
Table A-3 Traffic Data of 60th Street (Unit: %)
wB EB
Estimated | Loop Detector Estimated | Loop Detector

Time Occupancy Occupancy Error | Occupancy Occupancy Error
7:30 17.78 13.29 4.49 11.48 11.90 0.42
7:35 17.13 11.27 5.86 20.05 11.38 8.67
7:40 22.31 10.98 11.33 9.64 10.53 0.89
7:45 21.67 11.73 9.94 10.12 10.41 0.29
7:50 14.91 12.17 2.74 11.36 9.15 2.21
7:55 9.54 10.69 1.15 18.89 10.84 8.05
8:00 21.30 10.66 10.64 11.48 8.24 3.24
8:05 19.17 10.83 8.34 7.90 9.57 1.67
8:10 15.37 10.48 4.89 11.21 9.03 2.18
8:15 16.39 9.68 6.71 16.67 10.23 6.44
8:20 11.12 13.36 2.24 11.12 9.41 1.71
8:25 14.40 10.64 3.76 9.26 9.65 0.39
8:30 20.37 11.29 9.08 19.01 8.84 10.1
8:35 18.43 11.48 6.95 15.31 9.24 6.07
8:40 22.96 12.60 10.36 13.70 10.57 3.13
8:45 7.41 10.48 3.07 8.52 9.83 1.31
8:50 18.70 11.05 7.65 12.35 9.10 3.25
8:55 24.07 10.12 13.95 15.68 10.39 5.29
9:00 17.50 9.58 7.92 17.05 8.46 8.59
9:05 14.05 8.48 5.57 8.52 7.62 0.90
9:10 20.46 9.59 10.87 12.50 8.63 3.87
9:15 18.43 10.36 8.07 15.68 9.08 6.60
9:20 22.31 10.08 12.23 11.98 9.58 2.40
9:25 25.00 10.17 14.83 12.47 12.90 0.43
9:30 17.96 8.45 9.51 11.73 5.62 6.11
9:35 16.10 14.39 1.71 21.10 10.17 10.9
9:40 18.82 10.64 8.18 11.85 7.26 4.59
9:45 21.39 9.55 11.84 5.06 6.34 1.28
9:50 19.44 10.08 9.36 14.40 7.10 7.30
9:55 17.87 9.18 8.69 9.51 6.53 2.98
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10:00 17.69 11.84 5.85 17.28 7.09 10.19
10:05 11.67 8.88 2.79 15.80 6.82 8.98
10:10 13.00 8.27 4.73 11.90 7.47 4.43
10:15 12.87 8.57 4.30 15.56 8.54 7.02
10:20 16.39 5.33 11.06 8.64 8.05 0.59
10:25 17.13 6.59 10.54 10.07 7.41 2.66
10:30 12.50 9.95 2.55 18.64 11.05 7.59
10:35 13.06 7.52 5.54 8.02 9.83 1.81
10:40 16.20 6.16 10.04 15.84 7.64 8.20
10:45 20.58 10.50 10.08 12.01 8.64 3.37
10:50 22.37 12.30 10.07 19.05 9.12 9.93
10:55 16.35 11.67 4.68 20.12 8.79 11.38
11:00 10.74 10.89 0.15 13.46 8.64 4.82
11:05 7.50 8.59 1.09 15.80 7.50 8.30
11:10 7.78 6.27 1.51 13.09 7.51 5.58
11:15 8.90 6.97 1.93 17.13 6.18 10.9%
11:20 10.05 7.24 281 10.16 4.53 5.63
11:25 10.15 5.60 4.55 12.75 7.09 5.66
11:30 541 2.89 2.52 17.91 10.87 7.04
11:35 10.20 8.90 1.30 16.84 7.07 9.77
11:40 15.07 10.50 4.57 17.95 7.37 10.58
11:45 12.65 10.13 2.52 16.42 6.57 9.85
11:50 12.30 8.75 3.55 14.69 6.87 7.82
11:55 10.89 5.41 5.48 16.05 7.13 8.92
12:00 15.22 10.30 4.92 13.46 7.97 5.49
12:05 16.19 14.65 1.54 12.05 6.56 5.49
12:10 15.00 16.19 1.19 17.78 6.16 11.62
12:15 15.20 13.50 1.70 16.67 7.25 9.42
12:20 12.53 14.13 1.60 17.65 6.87 10.78
12:25 11.02 12.65 1.63 10.86 7.75 3.11
12:30 16.67 15.22 1.45 8.64 7.91 0.73
12:35 11.60 12.80 1.20 13.70 7.18 6.52
12:40 12.30 7.57 4.73 16.05 6.84 9.21
12:45 10.28 8.58 1.70 10.74 7.58 3.16
12:50 16.48 9.56 6.92 13.09 7.95 5.14
12:55 10.83 10.12 0.71 11.94 6.47 5.47
13:00 11.94 12.02 0.08 13.30 6.83 6.47
13:05 13.33 10.39 2.94 16.70 8.23 8.47
13:10 11.10 9.63 1.47 17.52 8.49 9.03
13:15 10.37 9.83 0.54 15.30 8.88 6.42
13:20 11.67 9.77 1.90 12.59 7.24 5.35
13:25 18.06 9.26 8.80 10.80 7.78 3.02
13:30 10.28 8.98 1.30 12.35 8.02 4.33
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13:35 16.48 10.68 5.80 10.21 8.79 1.42
13:40 10.83 10.25 0.58 10.03 9.94 0.09
13:45 11.94 9.80 2.14 13.19 8.71 4.48
13:50 13.30 10.43 2.87 13.00 9.20 3.80
13:55 11.20 9.69 151 15.16 7.60 7.56
14:00 10.37 7.49 2.88 17.41 9.10 8.31
14:05 11.90 9.37 2.53 11.37 8.29 3.08
14:10 13.35 11.20 2.15 12.30 10.21 2.0¢9
14:15 11.31 10.22 1.09 14.52 10.03 4.49
14:20 15.10 10.60 4.50 11.05 7.92 3.13
14:25 12.35 9.55 2.80 15.42 10.07 5.35
14:30 14.27 10.91 3.36 10.28 7.16 3.12
14:35 17.50 12.14 5.36 13.69 9.78 3.91
14:40 16.00 13.00 3.00 11.41 10.50 0.91
14:45 11.50 12.65 1.15 16.09 8.15 7.94
14:50 17.25 11.30 5.95 10.83 8.81 2.02
14:55 18.20 11.18 7.02 9.50 8.79 0.71
15:00 16.58 12.04 4.54 11.49 8.88 2.61
15:05 15.07 13.12 1.95 12.31 8.59 3.72
15:10 15.83 12.13 3.70 10.18 8.02 2.16
15:15 16.27 15.50 0.77 9.08 8.58 0.50
15:20 17.41 13.82 3.59 9.27 8.75 0.52
15:25 16.05 14.15 1.90 12.47 9.53 2.9
15:30 19.00 11.23 7.77 10.98 9.70 1.28
15:35 16.85 12.13 4.72 20.71 11.21 9.5(
15:40 17.35 13.95 3.40 18.79 10.34 8.45
15:45 16.25 15.55 0.70 15.30 11.82 3.48
15:50 18.50 15.09 3.41 13.05 10.18 2.87
15:55 15.07 13.94 1.13 12.95 9.88 3.07
16:00 13.30 15.16 1.86 15.04 9.27 5.77
16:05 11.11 12.71 1.60 13.75 9.47 4.28
16:10 13.37 14.05 0.68 14.20 10.98 3.22
16:15 10.37 13.63 3.26 15.87 10.71 5.16
16:20 17.65 14.75 2.90 20.09 9.85 10.24
16:25 15.86 13.38 2.48 21.94 9.32 12.62
16:30 16.05 12.37 3.68 18.77 10.45 8.3
16:35 17.40 13.58 3.82 13.09 8.74 4.35
16:40 16.85 12.98 3.87 11.95 11.23 0.72
16:45 18.20 13.84 4.36 21.04 11.13 9.91
16:50 15.37 13.73 1.64 13.35 10.42 2.93
16:55 11.94 12.04 0.10 11.20 9.98 1.22
17:00 13.35 11.29 2.06 10.86 9.69 1.17
17:05 11.10 14.01 3.91 22.72 11.41 11.31
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17:10 10.37 13.58 3.21 16.79 11.40 5.39
17:15 17.65 14.84 2.81 18.80 10.83 7.97
17:20 22.72 14.33 8.39 10.37 12.20 1.83
17:25 16.79 15.62 1.17 17.65 11.90 5.74
17:30 19.85 13.94 5.91 8.64 10.31 1.67
MAE 4.56 5.12
Table A-4 Traffic Data of 76th Street (Unit: %)
wWB EB
Estimated | Loop Detector Estimated | Loop Detector

Time Occupancy | Occupancy Error | Occupancy Occupancy Error
7:30 8.82 8.19 0.63 10.45 12.66 2.21
7:35 8.78 7.19 1.59 8.03 11.34 3.31
7:40 9.27 7.01 2.26 7.00 10.95 3.95
7:45 9.23 7.22 2.01 5.61 11.33 5.72
7:50 7.38 6.97 0.41 7.42 9.63 2.21
7:55 8.04 7.05 0.99 6.67 10.81 4.14
8:00 9.15 7.36 1.79 11.06 9.42 1.64
8:05 10.00 7.38 2.62 10.45 10.38 0.07
8:10 8.93 7.43 1.50 8.23 9.82 1.59
8:15 7.09 7.18 0.09 9.05 11.88 2.83
8:20 11.10 7.43 3.67 7.27 11.22 3.95
8:25 8.56 7.07 1.49 8.06 12.26 4.20
8:30 10.05 8.08 1.97 7.58 12.62 5.04
8:35 9.33 7.53 1.80 7.38 11.34 3.96
8:40 7.82 8.50 0.68 6.11 11.60 5.49
8:45 9.50 6.38 3.12 5.60 10.38 4.78
8:50 7.82 7.53 0.29 4.75 9.82 5.07
8:55 5.31 7.27 1.96 7.08 9.50 2.42
9:00 5.22 6.78 1.56 5.34 8.23 2.89
9:05 5.40 6.62 1.22 11.30 7.94 3.36
9:10 3.56 5.70 2.14 8.24 9.74 1.50
9:15 8.02 5.58 2.44 7.45 8.95 1.50
9:20 7.45 5.90 1.55 5.61 7.53 1.92
9:25 8.10 5.06 3.04 3.94 6.55 2.61
9:30 8.25 5.60 2.65 5.22 7.45 2.23
9:35 3.45 4.01 0.56 8.00 8.62 0.62
9:40 4.56 6.85 2.29 11.26 6.61 4.65
9:45 10.56 6.52 4.04 9.09 6.20 2.89
9:50 9.15 5.80 3.35 7.42 8.37 0.95
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9:55 7.28 5.37 1.91 6.67 7.61 0.94
10:00 6.89 4.10 2.79 11.06 10.89 0.17
10:05 8.10 4.62 3.48 8.48 6.71 1.77
10:10 8.42 6.54 1.88 7.42 2.08 5.34
10:15 7.80 5.23 2.57 7.33 5.80 1.53
10:20 7.72 6.35 1.37 12.30 8.67 3.63
10:25 6.37 8.65 2.28 11.37 6.27 5.10
10:30 8.39 6.67 1.72 12.08 7.58 4.50
10:35 11.30 8.51 2.79 10.45 8.70 1.78
10:40 13.67 8.70 4.97 9.03 7.48 1.55
10:45 9.74 7.57 2.17 7.05 8.28 1.23
10:50 9.15 6.09 3.06 6.70 9.60 2.90
10:55 8.82 7.07 1.75 4.70 8.07 3.37]
11:00 12.20 6.67 5.53 11.91 7.31 4.6(Q
11:05 10.75 7.98 2.77 7.50 8.90 1.40
11:10 7.42 9.18 1.76 11.50 9.19 2.31
11:15 9.51 8.57 0.94 4.85 7.59 2.74
11:20 8.76 5.02 3.74 10.15 7.18 2.97
11:25 7.60 4.34 3.26 12.85 7.37 5.48
11:30 5.03 1.40 3.63 8.24 6.59 1.65
11:35 9.69 6.07 3.62 5.15 9.22 4.07
11:40 8.65 6.87 1.78 15.39 8.69 6.70
11:45 6.07 7.32 1.25 11.67 9.73 1.94
11:50 9.12 8.07 1.05 14.05 9.20 4.85
11:55 8.95 7.14 1.81 12.45 8.62 3.83
12:00 9.82 6.87 2.95 9.72 8.29 1.43
12:05 8.14 5.46 2.68 11.98 10.50 1.48
12:10 7.06 5.30 1.76 11.04 9.30 1.74
12:15 8.22 6.26 1.96 7.15 10.36 3.21
12:20 7.56 5.39 2.17 8.56 10.11 1.55
12:25 7.89 5.52 2.37 8.04 11.08 3.04
12:30 5.05 3.68 1.37 6.15 7.16 1.01
12:35 2.56 4.57 2.01 9.82 8.70 1.12
12:40 7.89 5.90 1.99 5.89 7.86 1.97
12:45 8.67 6.25 2.42 6.84 7.98 1.14
12:50 7.96 5.28 2.68 9.79 8.43 1.36
12:55 7.87 5.91 1.96 8.15 7.11 1.04
13:00 9.05 7.20 1.85 10.05 8.20 1.85
13:05 8.80 5.97 2.83 6.68 8.53 1.85
13:10 9.25 6.53 2.72 6.21 7.48 1.27
13:15 7.89 5.42 2.47 5.35 8.34 2.99
13:20 11.15 6.21 4.94 5.85 7.77 1.92
13:25 8.21 6.36 1.85 6.48 7.82 1.34
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13:30 7.50 6.23 1.27 11.01 8.41 2.60
13:35 9.22 6.56 2.66 10.67 8.98 1.69
13:40 8.96 6.73 2.23 7.04 9.19 2.15
13:45 8.67 5.90 2.77 8.95 8.84 0.11
13:50 8.29 6.37 1.92 7.08 8.82 1.74
13:55 9.25 6.72 2.53 10.50 8.15 2.35
14:00 7.94 5.39 2.55 11.34 9.50 1.84
14:05 8.10 5.98 2.12 8.00 8.68 0.68
14:10 9.07 6.47 2.60 7.33 9.18 1.85
14:15 7.33 5.94 1.39 7.12 9.35 2.23
14:20 8.56 7.17 1.39 7.27 8.50 1.23
14:25 7.53 6.41 1.12 8.24 9.10 0.86
14:30 5.35 7.21 1.86 9.35 7.07 2.28
14:35 8.90 7.29 1.61 7.58 10.20 2.62
14:40 11.89 8.24 3.65 6.50 9.83 3.33
14:45 13.20 7.98 5.22 7.56 9.13 1.57
14:50 10.21 7.68 2.53 5.24 8.65 3.41
14:55 5.45 6.12 0.67 4.39 9.16 4.77
15:00 6.50 7.23 0.73 5.27 9.20 3.93
15:05 8.79 8.63 0.16 6.97 9.11 2.14
15:10 8.27 7.50 0.77 5.80 8.05 2.25
15:15 6.08 8.25 2.17 6.21 9.15 2.94
15:20 8.00 9.73 1.73 7.94 9.64 1.70
15:25 6.67 8.53 1.86 12.37 10.32 2.0§
15:30 5.78 7.39 1.61 17.73 10.34 7.39
15:35 12.20 7.61 4.59 15.07 10.70 4.37
15:40 14.56 8.74 5.82 14.50 11.46 3.04
15:45 6.70 9.13 2.43 12.00 11.49 0.51
15:50 12.00 8.82 3.18 13.00 11.18 1.87
15:55 9.35 8.37 0.98 8.00 10.42 2.42
16:00 7.04 8.78 1.74 6.20 8.97 2.77
16:05 9.12 7.33 1.79 12.00 10.66 1.34
16:10 8.05 9.27 1.22 11.67 10.87 0.80
16:15 6.56 8.68 2.12 10.59 9.33 1.26
16:20 7.82 9.23 1.41 11.09 10.17 0.92
16:25 7.09 7.38 0.29 11.63 9.87 1.76
16:30 6.12 8.04 1.92 10.16 10.14 0.02
16:35 5.60 7.67 2.07 8.42 9.31 0.89
16:40 6.07 8.04 1.97 9.50 12.39 2.89
16:45 7.50 9.15 1.65 7.08 12.47 5.39
16:50 9.53 7.82 1.71 8.67 10.77 2.10
16:55 8.94 7.93 1.01 7.42 10.92 3.50
17:00 9.37 7.09 2.28 9.09 11.25 2.16
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17:05 5.10 7.44 2.34 8.63 11.07 2.44
17:10 10.37 8.80 1.57 8.16 11.35 3.19
17:15 9.82 8.32 1.50 9.42 11.88 2.46
17:20 7.33 8.49 1.16 8.93 11.68 2.75
17:25 9.27 8.35 0.92 8.50 11.42 2.92
17:30 9.23 8.96 0.27 7.42 11.67 4.25
17:35 7.38 8.54 1.16 8.57 10.59 2.02
17:40 8.67 7.18 1.49 7.42 11.09 3.67
17:45 9.10 7.04 2.06 11.05 11.63 0.58
17:50 7.93 7.55 0.38 10.56 10.16 0.4Q
17:55 8.05 7.58 0.47 7.78 9.42 1.64
MAE 2.07 2.53
Table A-5 Traffic Data of 84th Street (Unit: %)
WB EB
Estimated | Loop Detector Estimated | Loop Detector

Time Occupancy | Occupancy Error Occupancy | Occupancy Error
7:30 7.80 13.06 5.26 10.24 13.20 2.96
7:35 9.60 10.91 1.31 13.57 11.75 1.82
7:40 5.04 9.23 4.19 12.62 11.23 1.39
7:45 4.75 8.61 3.86 14.50 11.62 2.88
7:50 6.27 10.28 4.01 17.00 9.44 7.56
7:55 3.87 8.99 5.12 15.50 11.35 4.15
8:00 5.27 8.67 3.40 6.67 9.90 3.23
8:05 6.70 7.54 0.84 9.05 10.94 1.89
8:10 4.98 9.82 4.84 12.50 11.31 1.19
8:15 6.00 9.37 3.37 12.05 12.52 0.47
8:20 8.30 9.65 1.35 7.38 13.07 5.69
8:25 10.15 9.09 1.06 10.80 12.42 1.62
8:30 9.38 9.89 0.51 17.40 13.79 3.61
8:35 8.05 10.07 2.02 12.38 12.75 0.37
8:40 8.17 11.19 3.02 6.43 11.90 5.47
8:45 7.80 10.58 2.78 8.76 13.35 4.59
8:50 6.14 8.69 2.55 5.50 9.39 3.89
8:55 6.50 8.47 1.97 10.07 10.84 0.77
9:00 10.62 7.54 3.08 12.14 11.31 0.83
9:05 6.36 7.92 1.56 7.40 8.60 1.20
9:10 6.43 7.38 0.95 6.50 8.70 2.20
9:15 7.01 10.47 3.46 11.86 9.96 1.90
9:20 6.10 6.36 0.26 13.10 9.97 3.13
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9:25 7.07 6.05 1.02 7.14 10.16 3.02
9:30 5.47 7.14 1.67 7.62 11.19 3.57
9:35 7.06 7.85 0.79 10.95 8.11 2.84
9:40 9.33 6.98 2.35 8.33 7.81 0.52
9:45 10.97 8.50 2.47 7.76 10.77 3.01
9:50 4.13 6.72 2.59 12.10 10.05 2.05
9:55 5.10 7.18 2.08 13.05 7.57 5.48
10:00 3.53 8.15 4.62 14.27 8.28 5.99
10:05 3.71 8.02 431 6.53 7.31 0.78
10:10 7.43 8.78 1.35 6.71 9.05 2.34
10:15 10.86 8.44 2.42 6.06 9.63 3.57|
10:20 12.00 6.83 5.17 12.85 17.50 4.65
10:25 14.27 7.30 6.97 7.15 6.92 0.23
10:30 6.53 511 1.42 7.52 9.63 2.11
10:35 6.33 6.42 0.09 10.95 13.13 2.18
10:40 13.87 13.05 0.82 8.87 9.53 0.66
10:45 13.47 11.83 1.64 10.60 8.69 1.93
10:50 12.67 7.87 4.80 8.93 8.28 0.65
10:55 6.93 7.52 0.59 5.95 7.57 1.62
11:00 571 6.72 1.01 6.19 5.56 0.63
11:05 3.86 7.38 3.52 7.86 9.45 1.59
11:10 8.16 7.08 1.08 7.53 11.70 4.17
11:15 7.74 7.52 0.22 11.80 10.10 1.70
11:20 8.53 7.36 1.17 6.67 8.29 1.62
11:25 10.80 8.64 2.16 9.76 7.98 1.78
11:30 6.93 9.18 2.25 12.06 8.46 3.60
11:35 6.13 5.54 0.59 17.38 12.45 4.93
11:40 7.67 7.60 0.07 9.80 11.42 1.62
11:45 12.07 9.09 2.98 13.57 10.15 3.42
11:50 5.80 8.25 2.45 9.50 8.59 0.91
11:55 3.08 5.26 2.18 9.65 7.80 1.85
12:00 4.43 5.64 1.21 10.87 8.67 2.20
12:05 6.19 6.31 0.12 13.30 9.06 4.24
12:10 7.87 5.35 2.52 6.43 9.53 3.10
12:15 4.76 6.50 1.74 4.76 8.75 3.99
12:20 10.27 7.82 2.45 6.19 8.49 2.30
12:25 10.13 7.59 2.54 6.27 7.44 1.17
12:30 5.53 6.88 1.35 7.87 9.18 1.31
12:35 6.67 7.30 0.63 6.12 9.07 2.95
12:40 7.50 8.07 0.57 4.67 8.55 3.88
12:45 8.67 7.73 0.94 8.07 10.59 2.52
12:50 6.97 7.66 0.69 11.09 10.18 0.91
12:55 12.06 10.90 1.16 14.52 10.08 4.44
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13:00 6.80 8.90 2.10 9.70 7.48 2.22
13:05 5.71 7.99 2.28 6.66 9.26 2.60
13:10 6.67 8.78 2.11 9.05 8.72 0.33
13:15 10.80 7.23 3.57 12.80 12.13 0.671
13:20 11.73 7.69 4.04 571 8.62 2.91
13:25 571 7.87 2.16 6.65 8.68 2.03
13:30 6.67 7.78 1.11 5.73 8.66 2.93
13:35 5.24 7.93 2.69 9.05 10.21 1.16
13:40 7.47 8.78 1.31 14.29 9.98 4.31
13:45 7.87 7.31 0.56 8.13 9.26 1.13
13:50 9.60 8.18 1.42 8.87 10.47 1.60
13:55 10.80 7.63 3.17 10.10 8.63 1.47
14:00 9.38 7.48 1.90 12.35 10.61 1.74
14:05 8.75 7.15 1.60 12.50 9.54 2.96
14:10 10.67 8.27 2.40 13.53 11.42 2.11
14:15 9.20 8.60 0.60 11.67 9.40 2.27
14:20 5.74 8.42 2.68 13.00 9.27 3.73
14:25 8.67 7.66 1.01 8.56 10.37 1.81
14:30 11.00 9.02 1.98 10.64 11.29 0.65
14:35 8.53 9.27 0.74 15.53 10.60 4.93
14:40 9.27 11.07 1.80 7.62 10.11 2.49
14:45 12.07 10.44 1.63 8.67 10.13 1.46
14:50 14.13 10.48 3.65 7.60 9.40 1.80
14:55 11.90 8.08 3.82 8.20 10.40 2.2¢
15:00 9.05 10.37 1.32 7.86 9.40 1.54
15:05 7.98 10.94 2.96 14.03 10.31 3.72
15:10 12.29 8.97 3.32 11.12 8.80 2.32
15:15 13.32 11.13 2.19 12.00 9.69 2.31
15:20 9.39 11.65 2.26 9.90 9.97 0.07
15:25 10.53 11.23 0.70 7.00 11.49 4.49
15:30 11.07 10.17 0.90 13.00 10.75 2.25
15:35 7.29 9.68 2.39 9.33 11.61 2.28
15:40 14.53 11.07 3.46 10.53 12.93 2.4(
15:45 8.52 12.19 3.67 11.07 12.71 1.64
15:50 9.12 12.24 3.12 8.68 11.41 2.73
15:55 10.93 10.54 0.39 13.00 11.50 1.5¢
16:00 15.47 12.72 2.75 14.53 9.98 4.55
16:05 9.20 10.66 1.46 17.40 11.90 5.5(
16:10 8.67 10.74 2.07 6.68 11.82 5.14
16:15 10.27 11.72 1.45 9.67 11.89 2.22
16:20 13.01 11.34 1.67 8.51 10.80 2.29
16:25 11.90 10.68 1.22 9.20 10.69 1.49
16:30 9.41 10.67 1.26 14.93 11.29 3.64
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16:35 9.60 9.51 0.09 8.87 10.99 2.12
16:40 15.05 11.66 3.39 16.13 13.52 2.61
16:45 9.58 11.71 2.13 5.65 12.12 6.47
16:50 7.90 10.70 2.80 7.20 10.96 3.76
16:55 9.82 11.19 1.37 8.10 11.84 3.74
17:00 7.60 8.64 1.04 9.62 12.93 3.31
17:05 10.93 9.99 0.94 7.60 12.28 4.68
17:10 12.90 11.67 1.23 8.93 12.05 3.172
17:15 15.29 11.80 3.49 8.67 13.41 4.74
17:20 10.09 10.96 0.87 16.40 13.95 2.45
17:25 11.52 11.20 0.32 9.60 13.41 3.81
17:30 10.12 11.72 1.60 10.89 12.87 1.94
17:35 9.96 11.34 1.38 9.83 11.89 2.06
17:40 11.84 9.89 1.95 7.87 12.84 4.97
17:45 10.93 9.68 1.25 9.30 12.79 3.49
17:50 9.60 9.49 0.11 8.17 10.68 2.51
17:55 8.27 10.71 2.44 7.85 9.76 1.91
18:00 7.60 9.31 1.71 7.47 11.81 4.34
MAE 2.05 2.65
Table A-6 Traffic Data of 92nd Street (Unit: %)
wWB EB
Estimated | Loop Detector Estimated | Loop Detector

Time Occupancy Occupancy Error | Occupancy| Occupancy Error
7:30 7.03 12.16 5.13 7.50 12.03 4.53
7:35 6.46 10.92 4.46 12.40 10.38 2.02
7:40 7.40 13.90 6.50 8.05 10.53 2.48
7:45 9.27 6.42 2.85 10.31 10.84 0.53
7:50 8.85 7.09 1.76 7.02 9.24 2.22
7:55 5.75 6.70 0.95 5.37 10.53 5.16
8:00 6.51 7.43 0.92 6.32 10.15 3.83
8:05 4.60 5.57 0.97 5.29 9.39 4.10
8:10 7.30 7.61 0.31 7.30 10.54 3.24
8:15 11.75 7.92 3.83 4.38 11.09 6.71
8:20 10.63 6.37 4.26 3.44 11.91 8.47
8:25 15.40 7.03 8.37 3.13 11.88 8.75
8:30 9.05 5.50 3.55 5.06 11.94 6.88
8:35 12.22 7.65 4.57 4.19 11.21 7.02
8:40 9.21 7.39 1.82 5.12 10.38 5.26
8:45 12.63 6.87 5.76 5.31 10.73 5.42
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8:50 9.30 7.53 1.77 7.02 9.15 2.13
8:55 12.22 5.70 6.52 6.46 8.59 2.13
9:00 4.60 7.61 3.01 7.40 7.93 0.53
9:05 7.30 5.92 1.38 9.27 8.19 1.08
9:10 11.75 12.03 0.28 8.85 7.93 1.02
9:15 9.21 9.87 0.66 5.73 9.82 4.09
9:20 10.63 2.89 7.74 3.02 8.02 5.00
9:25 9.54 7.25 2.29 7.29 7.18 0.89
9:30 9.07 4.93 414 6.05 6.91 0.86
9:35 10.93 3.93 7.00 7.50 7.60 1.10
9:40 3.20 6.04 2.84 8.33 6.49 1.84
9:45 5.00 12.89 7.89 13.02 8.14 4.88
9:50 6.90 13.27 6.37 12.19 5.46 6.73
9:55 6.29 6.50 0.21 7.29 6.56 0.73
10:00 3.73 17.17 13.44 10.52 5.29 5.23
10:05 3.09 6.13 3.04 2.60 8.38 5.78
10:10 11.25 7.69 3.56 11.25 8.53 2.72
10:15 3.47 5.47 2.00 7.92 541 251
10:20 4.27 1.33 2.94 2.81 12.83 10.0]
10:25 5.01 11.47 6.46 5.10 7.63 2.53
10:30 6.42 12.34 5.92 7.60 8.07 2.44
10:35 7.00 5.52 1.48 7.56 13.29 5.73
10:40 6.27 8.93 2.66 5.63 7.71 2.08
10:45 5.21 7.80 2.59 5.31 7.35 2.04
10:50 8.27 6.03 2.24 5.15 6.87 1.72
10:55 6.42 7.52 1.10 7.20 11.60 4.40
11:00 4.67 7.34 2.67 5.63 13.64 8.01
11:05 8.06 7.70 0.36 7.96 10.73 2.77
11:10 6.83 6.71 0.12 4.48 9.65 5.17
11:15 8.67 6.36 2.31 5.73 8.90 3.17
11:20 9.07 5.27 3.80 5.08 7.21 2.13
11:25 4.67 6.50 1.83 5.94 6.47 1.87
11:30 4.02 6.12 2.10 6.81 5.70 1.11
11:35 3.73 11.39 7.66 13.02 8.22 4.8(Q
11:40 7.06 9.35 2.29 6.67 8.60 1.93
11:45 5.10 6.74 1.64 5.05 8.79 3.74
11:50 5.65 13.40 7.75 6.88 8.30 2.02
11:55 6.46 17.78 11.32 19.35 7.13 12.2
12:00 9.27 12.57 3.30 8.06 8.65 0.59
12:05 8.85 10.60 1.75 10.31 9.02 1.29
12:10 7.40 5.73 1.67 7.13 9.57 2.44
12:15 8.50 6.57 1.93 5.27 10.70 5.43
12:20 14.58 5.82 8.76 6.09 12.52 6.43
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12:25 8.85 5.30 3.55 8.03 13.01 4.98
12:30 12.08 6.50 5.58 7.09 7.14 1.05
12:35 8.85 7.36 1.49 5.10 10.31 5.21
12:40 6.51 7.61 1.10 8.02 11.72 3.70
12:45 6.04 9.80 3.76 5.29 10.40 5.11
12:50 4.68 10.64 5.96 7.04 8.09 1.05
12:55 7.30 11.64 4.34 11.06 8.30 2.76
13:00 3.04 6.75 3.71 12.73 9.51 3.22
13:05 9.28 6.67 2.61 5.40 8.74 3.34
13:10 3.77 11.25 7.48 5.05 9.06 4.01
13:15 7.97 5.51 2.46 6.07 8.95 2.88
13:20 7.12 6.12 1.00 8.41 8.58 1.17
13:25 3.91 8.93 5.02 7.62 8.52 1.90
13:30 7.90 7.67 0.23 3.65 8.60 4.95
13:35 12.04 6.17 5.87 6.08 9.97 3.89
13:40 5.64 7.80 2.16 7.30 9.79 2.49
13:45 5.87 5.69 0.18 8.73 9.61 1.88
13:50 9.28 5.85 3.43 5.87 9.41 3.54
13:55 7.97 11.56 3.59 9.37 9.46 0.09
14:00 5.94 7.49 1.55 6.03 10.40 4.37
14:05 10.03 7.57 2.46 6.35 8.64 2.29
14:10 2.83 6.93 4.10 261 10.87 8.26
14:15 3.30 7.35 4.05 14.76 10.37 4.39
14:20 12.17 11.40 0.77 11.12 9.44 1.6§
14:25 4.93 6.19 1.26 5.87 9.92 4.05
14:30 8.84 6.87 1.97 4.70 7.90 3.20
14:35 13.30 7.71 5.59 8.89 10.18 1.29
14:40 9.06 12.22 3.16 7.78 9.43 1.65
14:45 10.43 12.73 2.30 5.08 10.39 5.31
14:50 5.80 9.37 3.57 7.14 9.02 1.88
14:55 11.74 7.43 4.31 3.33 10.07 6.74
15:00 12.03 8.29 3.74 2.86 10.38 7.52
15:05 4.06 8.61 4.55 16.51 9.73 6.78
15:10 8.26 14.11 5.85 18.52 9.43 9.09
15:15 6.09 11.13 5.04 9.37 9.84 2.53
15:20 6.51 9.82 3.31 5.40 9.91 4.51
15:25 4.51 8.82 4.31 6.51 11.72 5.21
15:30 7.30 8.49 1.19 4.68 11.51 6.83
15:35 5.60 8.33 2.73 7.36 10.51 3.15
15:40 7.10 12.91 5.81 10.35 12.69 2.34
15:45 6.64 12.77 6.13 9.21 12.64 3.43
15:50 4.63 9.90 5.27 10.36 11.14 0.78
15:55 5.40 11.45 6.05 15.60 12.54 3.06
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16:00 6.38 13.01 6.63 12.20 9.38 2.82
16:05 6.22 8.24 2.02 4.10 12.48 8.38
16:10 4.93 14.58 9.65 9.08 11.57 2.49
16:15 4.28 11.60 7.32 12.06 11.85 1.21]
16:20 5.07 11.03 5.96 5.12 10.93 5.81
16:25 9.05 12.95 3.90 8.05 11.20 3.15
16:30 4.76 8.21 3.45 4.76 10.97 6.21
16:35 3.97 7.35 3.38 6.51 11.58 5.07
16:40 7.08 7.78 0.70 4.50 12.99 8.49
16:45 9.74 10.66 0.92 7.32 12.25 4.93
16:50 6.51 10.58 4.07 10.75 11.13 0.88
16:55 7.30 9.14 1.84 12.63 11.48 1.15
17:00 10.75 11.90 1.15 14.20 12.25 1.95
17:05 10.63 7.48 3.15 6.51 12.19 5.68
17:10 9.25 16.72 7.47 4.60 11.89 7.29
17:15 15.40 10.80 4.60 7.02 14.50 7.48
17:20 12.22 8.69 3.53 10.50 13.40 2.9¢
17:25 8.85 7.72 1.13 9.21 12.84 3.63
17:30 15.34 12.82 2.52 15.40 12.67 2.73
17:35 12.04 8.37 3.67 9.05 12.37 3.32
17:40 6.51 8.01 1.50 8.85 12.63 3.78
17:45 7.32 11.54 4.22 5.73 12.07 6.34
17:50 11.77 10.28 1.49 15.06 11.09 3.97
17:55 9.20 12.21 3.01 9.06 10.11 1.08
18:00 10.63 7.04 3.59 12.32 11.20 1.17
MAE 3.62 3.79




