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ABSIRACT

The objective of this thesis is to study advanced image processing methodologies for
estimating traffic parameters with functional accuracy. The developed methodologies consist
of camera calibration, single Gaussian background modeling and foreground segmentation,
shadow suppression, vehicle detection and tracking, and optical-flow-based turn ratio
measurement. The accuracy of estimating vehicle speed depends not only on image tracking
but also on the accuracy of camera calibration. A novel algorithm has been proposed for
automatic calibration of a pan-tilt-zoom camera overlooking a traffic scene. A focal length
equation has been derived for camera calibration based on parallel lane markings.
Subsequently, the pan and tilt angles of the camera can be obtained using the estimated focal
length. To locate the parallel lane markings, we develop an image processing procedure. In
the preprocessing step of vehicle detection and tracking algorithm, foreground segmentation
can be accomplished by using background removal. The quality of background generation
affects the performance of foreground segmentation. Thus, a group-based histogram algorithm
has been designed and implemented for the estimation of a single Gaussian model of a

v



background pixel in real-time. The method is effective and efficient for building the Gaussian
background model from traffic image sequences. It is robust against sensing noise and
slow-moving objects. However, shadows of moving objects often cause serious errors in
image analysis due to the misclassification of shadows as moving objects. A
shadow-region-based statistical nonparametric method has been developed to construct a
RGB ratio model for shadow detection of all pixels in an image frame. This method of
shadow model generation is more effective than existing methods. Additionally, two types of

spatial analysis have been employed to enhance the shadow suppression performance.

An automatic contour initialization procedure has been developed for image tracking of
multiple vehicles based on an active contour and image measurement approach. The method
has the capability to detect moving vehicles of various sizes and generate their initial contours
for image tracking in a multi-lane read. The;preposed method is not constrained by lane
boundaries. The automatic contour: initialization and tracking scheme has been tested for
traffic monitoring. Additionally, this paper propeses a method for automatically estimating the
vehicle turn ratio at an intersection by using techniques of detection window and optical flow
measurement. Practical experimental studies using actual video clips are carried out to
evaluate the performance of the proposed method. Experimental results show that the
proposed scheme is very successful in estimating traffic conditions such as traffic flow rate,

vehicle speeds, traffic density, and turn ratio.
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Chapter 1

| ntroduction

1.1 Motivation

Image-based traffic monitoring has become an active research area in recent years for
the development of intelligent transportation systems (ITS). Under the framework of
advanced transportation management and information systems (ATMIS), services such as
traveler information, route guidance, traffic controlj congestion monitoring, incident detection,
and system evaluation across complex transportation networks have been extensively studied
to enhance traveling safety and efficiency [1]-=[3]. For these advanced applications, various
types of traffic information need to be collected' online and distributed in real time. Hence,
automatic traffic monitoring and surveillance have become increasingly important for road

usage and management.

Various sensor systems have been applied to estimate traffic parameters. Currently,
magnetic loop detectors are the most widely-used sensors, but they are difficult to install and
maintain. It is widely recognized that image-based systems are flexible and versatile for
advanced traffic monitoring and surveillance applications. Compared with loop detectors,
image-based traffic monitoring systems (ITMS) provide more flexible solutions for estimating
traffic parameters [4]-[8]. In ITMS, it is important to segment and track various moving
vehicles from image sequences. Thanks to image tracking techniques, the pixel coordinates of

each moving vehicle can be recorded in each time frame. Using calibrated camera parameters,



one can transform the pixel coordinates of moving vehicles into their world coordinates [9].
Accordingly, useful traffic parameters—including vehicle speeds, vehicle travel directions,
traffic flow, efc.—can be obtained from image measurement. These quantitative traffic
parameters are useful for traffic control and management [6]. However, it is still a challenge
to obtain traffic parameters in real-time for ITMS. Great uncertainties exist in traffic imagery
for extracting useful information. Robust tracking of moving vehicle requires advanced image
processing techniques to handle external uncertainties coming from shadows, background
generation, and dynamic camera calibration. Further, urgent attention is needed to
simultaneously detect motorcycles and cars in urban area of Taiwan and many Asia cities.
This study aims to investigate methodologies for tangible real-time on-line traffic monitoring

systems.

1.2 Literature Survey

1.2.1 Dynamic Camera Calibration

For an ITMS, the basic function is‘to automatically extract real-time traffic parameters
using image processing techniques [10]-[13]. Traffic parameters, such as vehicle speed, are
often obtained using image tracking techniques. The accuracy of traffic parameter estimation
is affected by camera parameters, moving vehicle segmentation, and the tracking algorithms.
An ITMS works only if the cameras are calibrated properly, and its accuracy is very sensitive
to the calibration results. Moreover, in order to obtain flexibility of views and range of
observation, an increasing number of ITMS systems rely on moveable cameras with
adjustable pan/tilt and zoom settings. Proper calibration of camera parameters for

pan-tilt-zoom (PTZ) cameras plays an important role in image-based traffic applications.

Most calibration methods in traffic monitoring and surveillance [14]-[17] utilize known

information in a scene to estimate camera parameters, including tilt angle, pan angle, and



focal length of the camera. In [18] and [19], sets of parallel lines of a hexagon are employed
to estimate the camera parameters. Results from these presentations demonstrate that parallel
lines can be employed to adequately determine camera parameters. Effective algorithms have
been developed for estimating camera parameters using parallel lanes in a traffic scene
[20]-[22]. Bas and Crisman [20] used the height and the tilt of the camera along with a pair of
parallel lines in a traffic scene to calibrate the camera. However, their approach requires
special manual operations to measure the tilt of the camera. In [21] and [22], multiple parallel
lanes and a special perpendicular line were used to calibrate the camera parameters. The
drawback of their design is that a perpendicular line seldom appears in a traffic scene.
Moreover, the lane markings need to be manually assigned in all the methods mentioned
above, which is impractical for a traffic monitoring system using PTZ cameras, where manual
operation should be avoided. Therefore, it will be necessary for the ITMS to possess the

capacity of PTZ cameras to be dynamically calibrated.

In their recent presentation on. dymamic-calibration [23], Schoepflin and Dailey
employed the trajectories as well as the bottom edges of vehicles to obtain two sets of parallel
lines for PTZ camera calibration. The calibration procedure can be automated using the
presented approach. However, the accuracy is considerably sensitive to the trajectories of the
vehicles in traffic imagery. Furthermore, to obtain reliable tracks with high quality, the system
takes a longer time to capture a larger number of image frames for recording the recognizable
tracks of vehicles. It becomes very time-consuming and cannot meet the real-time
requirement of [ITMS. For practical applications, a method to speed up the process and obtain

stable results is urgently required.

In this thesis, a novel focal length equation will be derived to estimate the PTZ camera
parameters. The derivation requires only a single set of parallel lane markings, the lane width,

and the camera height. Compared with existing approaches, the proposed method has the

3



advantage of requiring neither the camera tilt information nor multiple sets of parallel lines.
Furthermore, an image processing algorithm is also proposed to automatically locate the
edges of lane markings. Using the lane-marking edges and the derived focal length equation,

one can estimate the focal length, the tilt and pan angles of a PTZ camera.

1.2.2 Background Modeling and Foreground Segmentation

Many approaches to moving vehicle segmentation have been studied for image-based
traffic monitoring [6]-[8]. Background removal is a powerful tool for extracting foreground
objects from image frames. The performance of background removal is affected by the quality
of background estimation. A fixed camera for monitoring a scene is a common practice of
surveillance applications. One of the key steps in analyzing the scene is to detect moving
objects. In general, a common assumption,is'that the imagery of a background scene without
any moving objects can be described well by a statistical model. If one obtains the statistical
model of the background imagery, moving objects can be detected by checking the captured
pixel intensity with its corresponding’background medel. Thus background estimation is an
important step in image-based surveillance applications and traffic monitoring and
enforcement applications that involve motion segmentation utilizing a near-stationary

background [24]-[26].

A simple method for obtaining a background image is averaging sampled images over a
span of time. The main drawback of this approach is that the foreground detection in the next
step is sensitive to the noise induced by ghosts or trails of the averaged image. Zheng et al.
[27] employed all incoming intensities of a pixel (including background and foreground
object) to construct the Gaussian background model. However, in their method the
foreground-object intensity degrades the quality of background estimation. To obtain a better

Gaussian background model, Kumar et al. [28] utilized a method to monitor the intensities



from several frames without any foreground object for a few seconds. The drawback of their
approach is that it can be difficult to find enough foreground-free frames to build a reliable

intensity distribution of the background image.

In recent years, Gaussian mixture model (GMM)-based approaches to obtaining reliable
background images have gained increasing attention for image-based motion detection
[29]-[30]. GMM-based methods feature effective background estimation under environmental
variations through a mixture of Gaussians for each pixel in an image frame. However, this
approach has an important shortcoming when applied to ITMS. In urban traffic, vehicles stop
occasionally at intersections because of traffic lights or control signals. Such kinds of
transient stops increase the weight of non-background Gaussians and seriously degrade the

background estimation quality of a traffic image.sequence.

For an image sequence captured by a static. cameéra, pixel values may have complex
distributions, and the intensity of a background pixel will-dominate the largest Gaussian. The
intensity of a background pixel can be found if it.is 'most frequently recorded at this pixel
position. Thus, several histogram approaches have been studied to estimate the single
Gaussian background model [31]-[32]. In histogram approaches, the intensity with the
maximum frequency in the histogram is treated as background intensity, because each
intensity frequency in the histogram is proportional to its appearance probability. The mean of
the Gaussian background model can be determined by searching for the maximum frequency
in the intensity histogram. Accordingly, the standard deviation can be computed using the
background-intensity region (centered at the mean). Intensities of the transient stop
foreground will not be recognized as the background intensity because its frequency is smaller
than the background pixel. However, often more than one intensity level will have the same
maximum frequencies in the histogram. Thus, it is difficult to determine the mean intensity of

a Gaussian background model from the histogram. To increase the robustness against
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intensity variation, the system needs to process many more image frames to establish a
reliable intensity distribution. However, this will cost much more computation time and

degrade the real-time performance.

Although the conventional histogram approach is robust to the transient stops of moving
foreground objects, the estimation is still less accurate than GMM. In this thesis, we propose a
novel group-based histogram (GBH) approach for estimating the Gaussian background model.
The GBH effectively exploits an average filter to smooth the frequency curve of a
conventional histogram for a more accurate estimation of the Gaussian mean. Accordingly,
the standard deviation can be estimated by using the estimated mean and the histogram. One
can easily and efficiently estimate the single Gaussian model constructed by background

intensities from image sequences during a fixed span of time.

1.2.3 Shadow Suppression for Image Analysis

Shadows of moving objects oftenicause.serious, errors in image analysis due to the
misclassification of shadows or moving ebjects:: Shadows occur when a light source is
partially or totally occluded by an object in the scene. In traffic imagery, shadows attached to
their respective moving vehicles introduce distortions and cause problems in image
segmentation. Therefore, cast-shadow suppression is an essential prerequisite for image-based
traffic monitoring. In order to increase the accuracy of image analysis, it is desirable to

develop a method to separate moving vehicles from their shadows.

Many algorithms have been proposed to detect and remove moving cast-shadows in
traffic imagery [33]-[40]. Shadow suppression can be classified into two main categories:
shape-based approaches and spectrum-based approaches. Shape-based methodologies employ
a priori geometric information of the scenes, the objects, and the light-source location to solve

the shadow detection problem. Hsieh et al. employed the lane features and line-based



algorithm to separate all unwanted shadows from the moving vehicles [33]. Yoneyama et al.
designed 2D joint-vehicle/shadow models to represent the objects and their attached shadows
in order to separate the shadows from the objects [34]. Under specific conditions, such as
when vehicle shapes and illumination directions are known, these models can accurately
detect shadows. However, they are difficult to implement, since the knowledge of scene
conditions, object classes, and illumination conditions are not readily available in practical

applications.

On the other hand, spectrum-based techniques identify shadows by exploiting spectral
information of lit regions and shadow regions to detect shadows [35]-[36]. Compared with the
shape-based approaches, color information inference is more explicit, because the spectral
relationship between lit regions and object-shadow regions is only affected by illumination,
not by object shapes and light sourcedirections, Horprasert et al. proposed a computational
RGB color model to detect shadows [37]. Brightness distortions and chromaticity distortions
are defined and normalized to classify each pixel:*The'detection accuracy of the algorithm is
sensitive to the background model; however, it is often difficult to obtain enough
foreground-free frames to build a reliable background model in traffic scenes. Cucchiara et al.
used the Hue-Saturation-Value (HSV) color information to extract the shadow pixels from
previously extracted moving foreground pixels [38]. The threshold operation is performed to
find the shadow pixels. The empirically-determined thresholds dominate the detection
accuracy. The shortcoming of their method is that it is not an analytical method. Salvador et
al. employed invariant color features to detect shadows [39]. Invariant color features describe
the color configuration of each pixel discounting shading, shadows, and highlights. These
features are invariant to a change in the illumination conditions, and therefore, are powerful
indexes for detecting shadows. However, the computational load is rather high. Bevilacqua

proposed a gray-ratio-based algorithm to effectively detect shadows with an empirical ratio



threshold [40]. The gray-ratio-based analysis considerably shortens the computation time, but
often misclassifies objects as shadows because pixels of different colors sometimes have the

same gray value.

We propose in this work a new, analytically-solved shadow model for effectively
detecting shadows. Current color-constancy-based shadow suppression methods examine each
pixel of the image to build the shadow models. Analyzing the spectrum properties of each
pixel covered by shadows in an image sequence is strenuous work. Furthermore, it is difficult
to obtain enough shadow properties of some pixels for probability analysis from image
sequences. In traffic imagery, the region of interest is the roadway in the background image
and light sources like the sun and the sky are practically fixed. The road can be treated as a
Lambertian surface, since the sun direction does.not change over a few frames and the light
source from the sky is pretty uniform. Thus, itisunnecessary to model each pixel respectively
for shadow detection because the shadow property of each road pixel is similar under the
same Lambertian condition [41]. Nevertheless; the color values of each pixel are different
from each other in color space, so it is impossible to construct a unique model for each pixel
merely by using color space. Investigating of other shadow properties to resolve the unique

model is crucial for cast-shadow detection.

In this thesis, a shadow-region-based statistical nonparametric approach is developed to
construct a unique model for shadow detection of all pixels in an image frame. To effectively
and analytically build a model for shadow detection, the model is established not by
examining each pixel in image sequences but through using a shadow region in a single image
frame. In our design, a color ratio between lit pixels and shadow pixels is utilized as an index
to establish the unique model for different shadow pixels. We will show later that the ratio can
be considered constant, under the Lambertian condition, in all image sequences. The model

generation procedure requires much less effort and hence computational load compared with
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current available methods. For further improving the performance of shadow suppression, a
post-processing stage of spatial analysis is added to verify the actual shadow pixels. The
shapes and boundary information of the detected shadow region are used to verify the actual

shadow pixels.

1.2.4 Vehicle Detection and Tracking

The information obtained from image measurement allows precise vehicle tracking and
classification. Thanks to image processing techniques, useful traffic parameters including
vehicle speeds, vehicle travel direction, traffic flow, efc. can be obtained. The study of image
tracking for traffic monitoring has gained increasing attention in recent years [42]-[43].
However, in practical applications, multiple vehicles on a multi-lane road need to be
segmented and tracked simultaneously. Acstimely: tracking initialization procedure plays an

important role in traffic image tracking.

Many powerful tools for real-time-image tracking have been proposed for traffic
parameter estimation. Pece and Worrall [44] proposed an expectation-maximization (EM)
contour algorithm to track vehicles. Their method used cluster analysis of image difference to
accomplish the initialization. Lim et al. [45] employed a feature-based algorithm to obtain the
state of the vehicle. Loop detectors were used to initialize image tracking for vehicle speed
estimation in their design. Masoud et al. [11] employed sets of blobs and rectangular patches
to track vehicles. Their method established the correspondence among blobs and tracked
vehicles for tracking initialization. Kamijo et al. [46] employed a spatio-temporal Markov
random field model to obtain the state of each pixel for tracking purposes. They employed a
slit at each entrance to examine entering vehicles and initiate a tracking process. Hsu et al. [47]
employed a detection zone and entropy concept to monitor similar-sized cars. Lai ef al. [48]

employed the idea of virtual loop and direction-based motion estimation to classify and track



vehicles, assigning virtual loops to each lane for tracking. In the previous work of our group
[49], an initialization method exploiting a detection line was proposed based on the concept of
contour growing. When a vehicle hits the detection line, a grabbing mode is activated to
generate a contour to cover the part of the vehicle that has entered the detection region. The
algorithms mentioned above all achieve reliable vehicle tracking in a road scene. However,
one drawback of these methods is that they simply use fixed-size models for all vehicles.
Their methods do not have the capacity to detect and track vehicles of various sizes
simultaneously. Thus, it is desirable to develop a tracking algorithm for general traffic
imagery that can handle multi-sized vehicles, including cars and motorcycles. Moreover, the
previous methods cannot handle vehicles that travel across lane boundaries in the
initialization stage of image tracking. Therefore, urgent attention is needed both to develop
initialization and tracking algorithms for detecting wehicles of various sizes and to generate
initial tracking for all moving vehicles, in any position of-a multi-lane road. In this thesis, we
address both problems by proposing han—image-based traffic monitoring system that
automatically detects and tracks multiple different=sized vehicles that travel in any portion of

a multi-lane road.

1.2.5 Turn Ratio Measurement

The information regarding traffic flow from an individual origin to a destination is
required for traffic planning and control [S0]-[51]. Traffic flow data are usually organized in a
matrix termed origin/destination matrix (OD matrix) in the study of traffic management
systems [52]. Each element of the matrix represents the traffic flow from a specific origin to a
specific destination referred to a time unit. In traffic networks, the dynamic OD matrix
characterizes the time-variant traffic demand mode between each pair of origin and
destination. It is an essential input for dynamic traffic assignment models and is also useful

for online identification and control of traffic systems. Thus, many researchers have studied
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dynamic OD matrix estimation and prediction [53]-[54]. In traffic modeling, vehicle turn
ratios as well as traffic flow data at intersections are employed to estimate OD matrices. A
traffic monitoring system must detect all passing vehicles and provide vehicle counts to the
ATMIS for further analysis. Therefore, at an intersection with signals, the traffic surveillance
system needs to classify the motion of vehicles, such as moving straight ahead, or turning left
or right [51], [54]-[55]. The turn ratio of passing vehicles, computed from the count of

vehicles traveling straight and turning, is an important component in dynamic OD estimation.

However, current techniques are not suitable for providing useful information to
dynamic OD estimation [56]-[57]. Most researchers still employ manual counting to estimate
the turn ratio for their studies of traffic control and prediction. To our best knowledge, there is
not yet a solution for image-based turn ratio .measurement. It is desirable to automate the
measurement of this important parameter, notonly . because the execution difficulties can be

reduced, but also because reliability-and real-time performance can be increased.

This thesis proposes an image’processing procedure for segmenting and counting
passing vehicles that travel in prescribed driving directions from an image sequence. From the
detected vehicle count of each driving direction at a road intersection, the corresponding turn
ratio can be automatically measured. Specially designed detection windows are provided to
count the passing vehicles at an intersection. Furthermore, vehicles with different driving
directions are separated by exploiting an optical flow measurement. Many researchers have
devoted their efforts to algorithms of optical flow estimation [58]-[59]. However, most
current algorithms require many iterations to estimate the optical flow field before a stable
solution can be found. In traffic monitoring applications, computation time needs to be
minimized for real-time performance [60]-[62]. This thesis proposed a novel algorithm for
motion vector estimation based on a real-time optical flow computation to assist the detection

window in vehicle counting. As opposed to the conventional approaches to estimating optical
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flow, this work will focus on the real-time determination of vehicle motion detection.

1.3 Research Objectives and Organization of the Thesis

The objective of this thesis is to develop advanced image processing methodologies for
estimating traffic parameters with satisfactory accuracy. The developed methodologies consist
of camera calibration, single Gaussian background modeling and foreground segmentation,
shadow suppression, vehicle detection and tracking, and optical-flow-based turn ratio
measurement. For traffic monitoring, the background image of a traffic scene is first
generated in real-time from image sequences. Accordingly, the moving vehicle will be
segmented by background removal. Next, shadow suppression method will be studied to
improve the accuracy of foreground segmentation. Vehicle detection algorithm will be
developed to detect each moving vehicle and initiates a tracking process. Analyzing the
detection and tracking result allow us to estimate the useful traffic parameters, such as traffic
flow, vehicle speed and traffic density. The accuracy of estimating vehicle speed depends on
not only the vehicle tracking results and-but also on camera calibration. Camera calibration is
an important step in traffic image analysis. Moreover, a new procedure will be designed to
measure vehicle turn ratio at an intersection. Optical flow method is used to check where the
vehicle comes from and to enable the detection process for the moving vehicle that moving in

a specific direction.

The material in the thesis is organized according to the methodologies used in the traffic
parameter estimation. A simplified overview is shown in Fig. 1-1. In Chapter 2, we present a
novel calibration method for a PTZ camera overlooking a traffic scene. A background
estimation method for an image-based traffic monitoring system using a single Gaussian
scheme is presented in Chapter 3. In Chapter 4, a shadow-region-based statistical

nonparametric method has been developed to detect the shadow pixels in traffic image frames.
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In Chapter 5, we present a design of automatic contour initialization and image tracking of
multiple vehicles. Furthermore, a method is proposed to automatically estimate the turn ratio
at an intersection by using techniques of detection window as well as optical flow calculation.
Chapter 6 shows the experiment of traffic parameter estimation. Finally, conclusions and

recommendations for further research are provided in Chapter 7.
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Fig. 1-1. Structure of the thesis.
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Chapter 2

Dynamic Camera Calibration

2.1 Introduction

Current camera calibration techniques for traffic monitoring use more than one set of
parallel lines and other known information, such as the tilt and height of the camera, to obtain
the camera parameters [20]-[22]. It is easy to select or prepare enough sets of parallel lines for
camera calibration in general applications. However, there is frequently only one set of
parallel lines on a road. To obtain the eamera parameters with reduced known information, it
is necessary to generate a second line perpendicular to the existing lines for extracting the
camera parameters in a traffic scene. Wangmused-a set of parallel lanes and a special line
perpendicular to the lanes to calibrate the camera [15]. The drawback is that it is impractical
to establish an unnecessary line on a road. Schoepflin and Dailey employed the bottom edges
of vehicles to obtain the other sets of parallel lines for camera calibration [23]. However, the
trajectories of moving vehicles degrade the extracted parallel lines. In this chapter, we present
a method that uses a set of parallel lines in combination with the known height of the installed

camera to calibrate the camera.

The rest of this chapter is organized as follows. Section 2.2 presents the derivation of
camera calibration equations for the focal length, the pan angle, as well as the tilt angle.
Section 2.3 describes image processing algorithms for lane-marking detection. Synthetic
sensitivity analysis and experimental results of camera parameter estimation are presented in

Section 2.4. Section 2.5 summarizes the contribution of this design. The detailed derivation of
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focal length equation is presented in Appendix A. Appendix B describes the conversion

between pixel coordinates and world coordinates.

2.2 Focal Length Equation

The objective of camera calibration is to determine all the required parameters for
estimating the world coordinates from the pixel coordinates (u, v) of a given point in an image
frame. In the following presentation, it is assumed that the change of camera height and
intrinsic parameters, except for the focal length, are negligible as the camera view changes.
These parameters can be considered as fixed in image-based traffic applications and
calibrated only once during PTZ camera installation. A method for computing the changeable
camera parameters, including the focal length, the pan and tilt angles, will be presented

below.

Fig. 2-1 illustrates three coordinate systems -utilized in the derivation: the world
coordinate system (X, Y, Z), the camera coordinate system (X., Y., Z.), and the camera-shift
coordinate system (U, V, W). Fig. 2-1(a) depicts'the top view of the ground plane in the world

coordinate system, lines L;, L, and L; represent parallel lane markings, and point O is the

% VP (uy,v,)

e
A

h t;ol¢la|1 9 / 57;
L; 'e——— L / /
(a) (b) (©)

Fig. 2-1. Coordinate systems used in the PTZ camera calibration. (a) Top view of road map on world
coordinate system. (b) Side view of camera setup and its coordinate systems used in calibration. (c)

Road schematics used in the pixel-based coordinate system.
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origin of the world coordinate system on the road plane. The pan angle & is defined by the

angle between Y-axis and lane markings, f is the focal length, and wis the width between
parallel lanes. The symbol d denotes a shift distance, which is a perpendicular distance
between the projection of the principle point of camera and L;. Fig. 2-1(b) depicts the side
view of the road scene, which is used to describe the geometric relationship between the
ground plane and the camera; the direction of vector CO is perpendicular to the image plane.

In Fig. 2-1(b), ¢ is the tilt angle of the camera, % is the installed camera height, and F' is

the length of vector CO. In this chapter, the counterclockwise rotation is positive in
expressing the sign of angles. The camera-shift coordinate system can be obtained by rotating

the world coordinate system at an angle ¢ around the X-axis. The relationship between the

camera-shift coordinate frame and the world coordinate frame is given by:

U 1 0 0 X
V=10 cos¢g =sm@| Y | (2.1)
w 0 sing . cos@piTZ

By shifting the camera-shift coordinate frame from point O to point C along the vector

OC and inversing the V-axis of the camera shift coordinate frame, one can obtain the camera
coordinate system. The camera coordinates of any point on the road plane (where Z equals to
0) can be expressed as a function of world coordinates via a coordinate transformation

between the camera-shift coordinate frame and the world coordinate frame:

X, U 1 0 % 0

Y |=| W |=|0 sin -1 0.

‘ ¢ {Y} (2.2)
Z, -V-F 0 -cosg F

As given by the pin-hole camera model [22], any point in camera coordinates has a
perspective projection on the image plane. The relationship between pixel coordinates and

camera coordinates can be written as:
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The pixel coordinate system is shown in Fig. 2-1(c); the rectangular region represents
the sensing area of the image sensor. Solid lines represent the lane markings that can be
observed by the camera. Dashed lines denote the lane markings that are out of the field of
view of the camera and cannot be observed. The parallel lines in Fig. 2-1(a) are projected onto
a set of lines in Fig. 2-1(c) that intersect at a point known as vanishing point (VP). The
vanishing point lies at a position where Y coordinate of (X, Y, Z) approaches infinite. The

coordinate (u,,v,) of VP is given by

X ; Y tan &
u, =limuy =lim(-f ———— )= lim(=f ——————) = f tanBsec @, )
= Y—>°°( f—Ycos(ﬂ—F) Y->°°( f—Ycosga—F) / ¢ (2.5)

v, = limv = lim(5f

— )=t .
P = I Y cos - p)E T ang (2.6)

In this study, we propose to use parallel lane markings to establish a geometric
relationship between a road plane and its camera view. As shown in Fig. 2-1(a), L;, L, and L;
intersect X-axis and Y-axis at six points; these points are denoted by P,—Pg, respectively. From
the perspective model, the corresponding coordinates of these points in image plane can be
obtained. Through geometric analysis, deriving the focal length equation expressed below is a

straightforward process:

am®> +bm+c=0, (2.7)

where m is f° and Table 2-1 summarizes the variables used in (2.7). The detailed

derivation is presented in Appendix A.
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Table 2-1 List of Variables for Focal Length Equation

Variables Meaning and Description
m 1
2
B— 162
2 2 2 2 2
B(u() +v, )_ﬂl Vo ﬂz
2 2
¢ Vo ﬁl
qw
B B {—j
'\ b,
oy — V.
B v —aov
1 3
o, —v
ﬁz Br=—"
av, —av,
1
q q=—
J 1-o
U,
p %
U,
u, u coordinate of point P,
u, u coordinate of point 2,
\Z v coordinate of point 2
vy v coordinate of point p;

The solution £ of (2.7) must-bepositive. Accordingly, the focal length f is

Frdm 2.8)

Using (2.6), the tilt angle is given by

p=tan" 20 (2.9)
f

From (2.5), the pan angle is expressed as

6= tan™ —0
an Fsecq (2.10)

If (2.7) has two positive roots, then the meaningful solution will be the one that satisfies
(A.24). Using the camera parameters, one can transform the pixel coordinates into their
corresponding world coordinates (X, Y,0) [63], the detailed procedure is described in Appendix

B.
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2.3 Detection of Parallel lane Markings

In this section, an image processing procedure is proposed to automatically detect
parallel lane markings in road imagery. The complete procedure consists of background
segmentation, edge extraction, erosion, dilation, labeling, and lane marking analysis. Fig. 2-2

shows the functional block diagram of the image processing procedure.

2.3.1 Edge Detection

From the extracted background image, the edges of lane markings can be obtained
adopting an intensity gradient method [64]. The detected edges of traffic lane markings are
depicted in Fig. 2- 3(a). To verify the detection performance, we examine the background
image together with the detected edges, as shown in Fig. 2- 3(b). Note that two edges appear
on both sides of lane markings. In this design, only the right edges are selected for further
calculation. A filter is designed t6 remove all-adjacent edge pixels except those of the

right-most edge:

Image Sequence

'

Background Segmentation

Y

Edge Detection

v

Connected-Component
Labeling

Y

Lane-Marking
Determination

Y

Parallel lines and their
vanishing point

Fig. 2-2. System architecture of image-based lane-marking determination.
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P(u,v)=0 if fp(j,v)m, (2.11)

=
where P(u,v) is the binary value at (u,v) in the edge map. Fig. 2-3(c) depicts the filtered
result. The left edges of lane markings are removed as expected. An erosion operation is then
employed to remove salt-and-pepper noise and shrink the detected edge [64]. Next, a dilation
operation is applied to reconnect discontinuous features, which belong to a same object [65].
Fig. 2-3(d) shows the final result of edge detection. It is clear that the salt-and- pepper noise is

removed and the extracted edges are ready for lane-marking analysis.

2.3.2 Connected-Component Labeling and Lane-Marking Deter mination
As depicted in Fig. 2-3(d), lane-marking segments are longer than the features generated
by other object such as trees, bushes, guideposts2 etc. Using a connected-component labeling
operation [66], one can classify and labéi the pixels fhdt are linked together. Fig. 2-4(a) shows
o clew ‘
the labeling result of the binary image'of Fig‘. Q;ié(d). The count (length) of connected pixels
can be used to determine whether the“conﬁe‘c‘ted pixels aré features of a lane marking or not.
Only those with larger count are preserved; the re‘st“ will be removed. The result of this
operation is illustrated in Fig. 2-4(b). On a multi-lane road, the lane markings of the road
edges are normally indicated by solid lines, while the lane divider lines are marked by broken

lines. Based on this premise, labeled segments that have the first and the second largest

number are considered as the sides of a multi-lane road. They are termed as sidelines. Each

Fig. 2-3. Edge maps of background image. (a) Edge map. (b) Background image and its associated
edge map. (c) Right-side edge map. (d) Denoised edge map.
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sideline will then be represented by a linear polynomial equation:

y=A+p,

(2.12)
where A and p are real numbers. One can use a least-square approximation to obtain A

and p. Accordingly, the intersection of sidelines can be computed. It gives us the vanishing
point of parallel lane markings.

Other segments are similarly processed to obtain their first-degree polynomial equations,
as plotted in Fig. 2-4(c). Next, these lines are checked whether they parallel the sidelines in

the real world. If a straight line is parallel with the sidelines, then the intersection of the line

with the sidelines needs to be located within a vanishing-point region (Vr):

Vr={(u,v): | =uy)’ + (v =v,)°| <13},

(2.13)
where (u,,v,)is the vanishing point..Mest lines, which are not parallel with the sidelines,

will be removed by this intersection‘discrimination: As shown in Fig. 2-4(d), only those lines
satisfying (2.13) are reserved.

In order to correctly locate all the lane markings on the road, the disconnected segments,
which belong to a broken lane-divider line, must be merged into a line for obtaining a correct
least-square linear representation. A criterion has been developed to find those lines which are

near to each other. Fig. 2-5(a) shows the result after merging such lines in of Fig. 2-4(d). As

(a) (b)

Fig. 2-4. Linear approximation of lane markings. (a) Labeled feature map. (b) Labeled segment with

larger count are kept. (c) Linear approximations map. (d) The lines which intersect the sidelines and
locate within a vanishing-point region are reserved.
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shown in Fig. 2-5(a), although with reduced line numbers, extra lines still might exist in the
image. Only the lane-divider lines that lie inside the sidelines need to be kept; others must be
removed as well. Exploiting the assumption that each traffic lane is of the same width on the
road, one can apply a virtual horizontal line to intersect each candidate line to obtain its
position information in the image plane. As shown in Fig. 2-5(b), circles are used to represent
the positions of the candidate lines and star symbols are used to represent the position of
sidelines that have already been found. As shown in Fig. 2-5(b), the line with a circle lies in
the center of two stars will be the lane-divider line. Fig. 2-5(c) shows the detected lane
markings and their vanishing point. Fig. 2-5(d) illustrates the background image together with
the detected lane markings. This lane-marking detection algorithm is computationally
efficient compared with popular Hough transform approaches. A video clip of the image
processing steps for finding .parallel Ilane:. markings can be found at

http://isci.cn.nctu.edu.tw/video/JCTai/Lane_detection.mpg.

2.4 Experimental Results

To demonstrate the performance of the proposed calibration algorithm, we first use
synthetic traffic data to carry out a sensitivity analysis and then validate the calibration results

using actual traffic images.

~

(a) (b) ()

Fig. 2-5. Parallel-lane markings and their vanishing point. (a) Parallel-line map. (b) Location map of
parallel lines. (c) Parallel-lane markings map. (d) Background image and its associated parallel-lane

markings.
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24.1 Senditivity Analysis

In actual applications, there might be intrinsic or extrinsic errors of camera calibration
that cause measurement error. For example, the principle point might vary with zooming [10],
making pixel coordinates incorrect. Radial distortion also affects the accuracy of parallel lane
detection. Tilt or pan operations will change the height of the image sensor and cause errors in
the focal length estimation. In order to assure the robustness of the proposed calibration
method, we present a sensitivity analysis on the focal length estimation using synthetic data

containing intrinsic and extrinsic errors.

Fig. 2-6(a) illustrates the synthetic traffic scene with two parallel lanes. The circle in
the figure represents the camera. The camera view of Fig. 2-6(a) is constructed according to
(2.3) and (2.4); the result is shown in the rectangle region of Fig. 2-6(b). Three lines of image
view intersect one another at the vanishing point, which'is denoted by a cross in Fig. 2-6(b).
The camera parameters—such as tilt angle, pan-angle, and focal length—are calculated from the
synthetic data using the calibration method described in"Section 2.2. In the simulation, the tilt
angle is changed from 30 to 60 degrees and the pan angle is changed from -20 to 20 degrees.
These angles reflect most situations in actual ITMS applications. To emulate the effect caused
by radial distortion or incorrect principle-point position, the vanishing point is shifted two
pixels upward, to the right, and diagonally. New parallel lines are established in accordance
with the new vanishing point and the intersections of the original lines and the u-axis. Using
(2.7), focal length is calculated in accordance with these new parallel lines. In the simulation,
the height of the camera is set to 7.05m and the focal length is set to 430 pixels. The
maximum error rates calculated for the condition of translational error in, respectively,
horizontal, vertical, and diagonal directions are presented in simulations 1, 2, and 3 of Table
2-2. The absolute error rates of focal length estimation are within 4.1%. Furthermore, the

result reveals that the focal length estimation is more sensitive to vertical than horizontal
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translational error.

It is observed from the sensitivity analysis that the tilt angle estimation is also more
sensitive to vertical translational error. The absolute error rates of the tilt angle are within
4.1%. Because the estimated parameters will be employed to estimate the position of vehicle
in ITMS, the error rates of the position in the image frame are calculated accordingly. The
absolute error rates of vertical position are within 0.7% at pixel coordinate (150, 120). To
investigate the effect of inaccurate camera height, we introduced a height error of -0.02m into
the simulation. Traffic view is generated according to the true height (7.05m); the focal length

is then estimated using the inaccurate height data. Simulation 4 of Table 2-2 shows

Table 2-2 Maximum Error Rates of Focal Length, Tilt Angle and Vertical Position under Different
Simulated Error

Focal length | Height Simulated error Maximum error rates *'

Simulation index _ I & i ) ) —

(pixel) (m) (pixel) | (pixel) | (m) Focal length | Tilt angle | Vertical position*
1 430 7.05 2 0 0 0.8% 0.7% 0.4%
2 430 7.05 0 2 0 3.3% 3.5% 0.4%
3 430 7.05 2 2 0 4.1% 4.1% 0.7%
4 430 7.05 0 0 -0.02 1.7% 1.4% 1.1%
5 430 7.05 2 2 -0.02 5.6% 5.5% 1.7%
6 330 7.05 2 2 -0.02 6.6% 6.7% 2.3%
7 530 7.05 2 2 -0.02 4.9% 4.7% 1.3%
8 730 7.05 2 2 -0.02 4.0% 3.8% 0.8%
9 430 6.05 2 2 -0.02 5.8% 5.7% 1.9%
10 430 8.05 2 2 -0.02 5.4% 5.3% 1.6%
11 430 10.05 2 2 -0.02 5.1% 5.1% 1.4%

*1 : In each simulation, the tilt angle is changed from 30 to 60 deg and the pan angle is changed from -20 to 20 deg.
*2 : measurement at pixel coordinate (150,120)
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Fig. 2-6. Synthetic traffic scene for simulation: (a).Top view of a road scene. (b) The road view in
image plane.

that three kinds of error rates are all within 1.7%. Detailed error-rate results are presented in
Fig. 2-7 to examine estimation of focal length, tilt angle, and position, respectively. It is
observed that for a tilt angle less than 30 degrees or an absolute pan angle greater than 20
degrees, the error rates will become unacceptable. This phenomenon is mainly caused by the
fact that in the image plane the parallel lanes and their vanishing point will deviate more
seriously due to radial distortion and incorrect principle-point position. In addition, diagonal
error and height error are also simulated. The error rates are all within 5.6%, as shown in

simulation 5 of Table 2-2.
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Fig. 2-7. Sensitivity analysis of translation and height errors.

greater than 20 degrees, the error rates will become unacceptable. This phenomenon is mainly
caused by the fact that in the image plane the parallel lanes and their vanishing point will

deviate more seriously due to radial distortion and incorrect principle-point position. In
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addition, diagonal error and height error are also simulated. The error rates are all within 5.6%,

as shown in simulation 5 of Table 2-2.

As for the case of translational error and height error, simulations 6, 7, and 8 of Table
2-2 show the simulation results with a focal length of 330, 530, and 730 pixels, respectively.
The absolute error rates of focal length and tilt angle are within 6.7% and the absolute error
rates of vertical translational position are within 2.3%. The results reveal that the larger the

focal length, the less the error rate.

Finally, for cases with translational error and height error, simulations 9, 10, and 11 of
Table 2-2 show the simulation results of a height of 6.05m, 8.05m, and 10.05m, respectively.
The absolute error rates of the focal length and the tilt angle are within 5.8%. The absolute
error rates of the vertical position are within, 2%. The results reveal that the higher the camera,
the less the error rates. Furthermore,’the efféctiof height change is not obvious in the test.
From the synthetic analysis, the errors introduced by extrinsic and intrinsic errors are within
6.7% (focal length = 330 pixels). These error rates‘of position measurement are acceptable for
traffic monitoring.

2.4.2 Experimentswith Actual |magery

The proposed algorithm has been tested with image sequences recorded from a main
road near National Chiao Tung University. The camera used in the experiments is a SONY
EVI-D31 digital camera. The image sequences were captured with a resolution of 352*240
pixels. For traffic monitoring, the camera was installed at a height of 7.03m and the width
between parallel lane markings is 3.52m. In the experiments, the background image was first
segmented and then used for the lane-marking detection. The vanishing point and the camera
parameters—such as the focal length, tile angle, and pan angle-were calculated using (2.7),
(2.9), and (2.10), respectively. To validate the estimated parameters, twelve sample features

were assigned in a traffic scene for distance measurement, as shown in Fig. 2-8. To
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Fig. 2-8. Sample features selected for image measurement in road imagery.

Fig. 2-9. Traffic images captured under different zoom settings. (a) Image of zoom setting A. (b)
Image of zoom setting B. (c) Image of zoom setting C. (d) Image of zoom setting D.

validate the estimated parameters, twelve sample features were measured manually and
compared with the estimated distances for evaluation. The estimated distances were computed

based on the calibrated camera parameters.

In the first experiment, traffic images with different zoom settings (A, B, C and D) were
captured to demonstrate the robustness to the radial distortion, as shown in Fig. 2-9. The
principle point of the camera is practically fixed for these zoom settings. The experiment
results are listed in Table 2-3. The focal lengths are estimated to be 452.91, 496.70, 542.54,
and 592.36 pixels, respectively, for the four different zoom settings. Using the focal length,

angle are 27.45 and 0.33 degree, respectively. The estimated mean and standard deviation of
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Table 2-3 Calibration Results under Different Zoom Settings

Zoom settings A B C D
ES“mat?gii‘g)al length | 452 91| 49670| s54254| 59236
Es“mat(ed‘i;‘)“ angle 2719|2721 2751 27.89
ESt‘mat(eg‘eg?“ angle 801|792 802|809
?;?Er]: Ground truth (m) Residual | Residual | Residual | Residual
- error rate|error rate|error rate|error rate
1 4 -0.96%| 0.82% * *
2 58 -2.69%| -2.56%| -1.07%| -1.29%
3 4 -4.09%| -4.85%]| -3.47%| -0.73%
4 2.5 -4.84%| -3.97%| -4.98%| -0.15%
5 0.75 0.72%| 1.37%| -3.25%| 2.07%
6 0.99 2.84%| -3.07%| -2.90%| -1.32%
7 1.9 1.49%| -0.05%]| 1.78%]| 3.45%
8 3.52 -0.84%| -1.59%| -1.09%| -1.25%

9 242 3.10%]| -459%| *
10 3.52 -1.26%| -0.94%| -2.59%| -0.05%
11 3.52 -1.75%| -2.26%]| -1.28%]| -1.85%
12 3.52 -1.42%| -1.47%| -1.11%| -1.39%
Abs. mean 2.17%| 2.34%| 2.39%| 1.29%
Abs. standard deviation 1.29%]| 1.49%| 1.20%| 1.00%

* . Feature sample is not measurable in the scene image.

the pan angle are 8.01 and 0.07 degree. These experimental results show that error rates of
absolute mean and standard deviation are within 2.39% and 1.49%. The proposed calibration

algorithm gives satisfactory accuracy and is robust against zoom changes.

To evaluate the robustness of lane detection with respect to variation in environmental
illumination, we took images at various hours of a sunny day. Six sets of image sequences are
presented to show different illumination conditions, as shown in Fig. 2-10. The intensity
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(d)

Fig. 2-10. Traffic images captured un‘g;:‘bﬁaiﬁﬂ'er it 11.- j "Etion conditions. (a) Image with weak
shadow. (b) Image with strong shadow. (%;‘)',,;r ge L ‘P%right illumination. (d) Image under soft
illumination. (e) Image captured at sunset. (f) Imggé_ﬁ{ﬁ er darker illumination.

values of lane markings vary in these image frames, but the lane markings always have higher
intensities than their adjacent region. The gradient can be successfully used to detect the edge
of lane markings, as discussed in Section 2.3. The results reveal that the lane detection
method performs satisfactorily under different lighting conditions. This robustness partly
results from the fact that the SONY PTZ camera has auto exposure and backlight
compensation functions to ensure that the subject remains bright even in harsh backlight

conditions.

Finally, the algorithm is evaluated with a fixed zoom under different pose settings (A, B,
C and D) of the PTZ camera, as shown in Fig. 2-11. Table 2-4 shows the experimental results

of the estimation of feature sizes as depicted in Fig. 2-8. The mean and standard deviation of
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Fig. 2-11. Traffic images captured under different camera pose settings. (a) Image of pose setting A. (b)
Image of pose setting B. (c) Image of pose setting C. (d) Image of pose setting D.

estimated focal lengths are 417.08 and 9.56 pixels, respectively. The mean and the standard

deviation of absolute error rates among these measurements are within 2.32% and 1.58%.

The experimental results of different zoom and view settings show that the maximum

calibration error of distance measurement 1s W1th1n 5%, which is comparable to the results

s

achieved by [20] and [21]. However, @ur"me{thjd offerS"improved autonomy and efficiency. A
EEEN

video clip of image processing sequence for tlgafﬁc parglrneter estimation can be found at

2.5 Summary

"A novel algorithm has been proposed for automatic calibration of a PTZ camera
overlooking a traffic scene. The proposed approach requires no manual operation to select
positions of special features. It automatically uses a set of parallel lane markings and the lane
width to compute the camera parameters, namely, focal length, tilt angle, and pan angle.
Image processing procedures have been developed for automatically finding parallel lane
markings. Subsequently, the pan and tilt angles of the camera can be obtained by using the
estimated focal length. To locate the parallel lane markings, an image processing procedure
has been developed. Synthetic data and actual traffic imagery have been employed to validate

accuracy and robustness of the propose method.

31



Table 2-4 Calibration Results under Different Camera Pose Settings

Pose settings A B C D
Es“matigii%clj‘l length 1 451 82| 41327| 427.50| 405.74
Estimated tilt angle 3563 34.06 31.68 30.86
(deg)

Es“matf(?;g’?“ angle 795 12.18]  736| 1438

Sample . . . .
Residual [ Residual | Residual | Residual
t;;:r?;g;e Ground truth (m) error rate|error rate|error rate|error rate
1 4 * * * -1.68%
2 5.8 ¥ 494%| 4.33%| 4.94%
3 4 0.00%]| -0.98%| -2.38%| 2.15%
4 2.5 -1.75%| 0.38%| 2.94%| -1.31%
5 0.75 -3.01%| 1.61%| -3.99%| -0.25%
6 0.99 -2.99%| -0.92%| -4.85%| -3.40%
7 19 435%| 2.93%| 4.57%| 3.23%
8 3.52 -0.78%| -3.11%| -1.20%]| -2.55%
9 242 -1.45%| 1.48%)]| -0.52%| 2.77%
10 3.52 -1.59%| -2.76%| -0.54%| -2.84%
11 3.52 -0.22%]| -3.00%]| -1.90%| -1.64%
12 3.52 -1.10%]| -4.10%| -1.34%| -2.88%
Abs. mean 1.68%| 2.04%| 2.32%| 2.18%
Abs. standard deviation 1.27%| 124%| 1.58%| 1.08%

* : Feature sample is not measurable in the scene image.
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Chapter 3

Background Generation and

Foreground Segmentation

3.1 Introduction

An image is considered a background image if there are no moving objects in the image.
Hence, one can obtain a background image by merely capturing an image with no moving
objects. However, in a heavily trafficked woad, it'is difficult to find a traffic scene with no
moving vehicles. Researchers have devoted themselves to developing methods for extracting
the background image from trafficiimage sequences. Most methods exploit the concept of
probability for background segmentation; examples are the GMM-based method and the
histogram method. However, several directions deserve further study for improving the
quality of background segmentation. For instance, the GMM-based method is sensitive to
slow moving object, which will be misrecognized as a background object. In contrast, the
histogram is sensitive to the sensing noise. Sensing noise degrades the quality of background
segmentation. As an alternative to these two methods, a background estimation method using
a single Gaussian scheme is presented in this chapter. A group-based histogram (GBH)
algorithm is proposed to build the Gaussian background model of each pixel from traffic
image sequences. The method is efficient and uninterrupted by both slow moving vehicles

and sensor noise. Accordingly, moving vehicles can be segmented by background removal.

The rest of this chapter is organized as follows. Section 3.2 describes the GBH

33



algorithm for estimating the single Gaussian background model. Experimental results of the
proposed method and several interesting examples of traffic parameter estimation are

presented in Section 3.3. Section 3.4 concludes the contributions of this work.

3.2 Group-Based Histogram

In traffic imagery, the intensity of the background scene is the most frequently recorded
intensity at its pixel position. The background intensity can therefore be determined by
analyzing the intensity histogram. However, sensing variation and noise from image
acquisition devices may result in erroneous estimation and cause a foreground object to have
the maximum intensity frequency in the histogram. To solve this problem, we propose the
GBH to estimate the single Gaussian model of static background. In the first stage, the
group-based frequency of each intensity level is generated from the incoming intensity of an
image sequence. The intensity level that has;the.maximum group-based frequency is treated
as the mean of the single Gaussian background model. The standard deviation of the Gaussian
model can be computed by using the estimated mean and the histogram. The detail procedure

is explained in the following paragraphs.
3.2.1 Single Gaussian Background Modeling and GBH

In GBH, a cumulative frequency is generated from the frequency of each individual
intensity level as well as those of its neighboring levels in the histogram. In other words, the
frequency of each intensity level and the frequency of its neighboring levels are summed to
form the group-based histogram. First note that the frequency or probability of a conventional
histogram is updated by using a single intensity, while the probability of GMM is constructed
from a group of intensities. Thus, the GMM is more suited than a simple histogram for
representing intensity distribution of the background image. GBH possesses similar merits to
GMM because it takes the variation of pixel intensity into account. This operation effectively

handles the problem of sensor noises. Further, the GBH algorithm gives a reliable Gaussian
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background model by using several image frames.
The GBH can be generated by using an average filter of width of 2w+1 where w is
the half-width of an average window. The output »; (/) of the average filter at level / can

be expressed as

n:’v(l): sznu’v(l+r); O<s/+r<(L-1), (3.1)

r=-w

where n, (I+r)is the count of pixel with intensity /+r at location (u,v), and L is the

number of intensity levels. In GBH, the maximum probability density p:,v of a pixel at

location (u,v)over the recorded image frames can be expressed as

b = Jmax {m,,, (1)} (3.2)
u,v N* )

where N is the total frequency of‘the GBH. It is clear that if the window width of the filter
is smaller than a certain value, the maximum peak of the GBH will be located at a position
closer to the center of a Gaussian model than the original histogram. This is because the filter
smooths the histogram curve. Thus, the intensity that has the maximum frequency in the GBH

can be treated as the mean intensity g, of the background model:
/'Iu,v = arg maxl {n:,v (l)} . (33)

A smaller window width can save computation time for building up the GBH, while a
larger width can produce a smoother GBH. For further discussion on the determination of
window width, an example given below employs 13 Gaussians that were generated by using a
Gaussian random number generator. The means of all Gaussians were chosen to be 205 and
the standard deviations varied from 3 to 15. The histogram and the GBH generated with

different widths were used to estimate the mean of each Gaussian; the error rates are shown in
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Table 3-1. The error rates that fall within +2% are highlighted in the table. The results show
that the estimation of the proposed method is superior to that of a conventional histogram.
One can conclude from the simulation results that a larger window width of an average filter

will be needed for high-accuracy performance as the standard deviation increases.

Keeping the error rate of mean estimation within £2%, and using the simulation result,

the width can be determined as follows:

3, 3<o, <7
w=<5, 8<0. <10

1

7, ll<o <15

(3.4)

where 0, is the standard deviation of the original Gaussian.

In the following derivation of the Gaussiantmodel, C(i) is used for recording the GBH

frequency of intensity i. The mean intensity -y, * can be obtained from the maximum-value

counter. The system does not process allcounters when a new intensity [/ is captured,

because the new intensity only increases the adjacent counters of counter /. The proposed

Table 3-1 Estimation Error Rate of Gaussian Mean using Histogram and GBH.

g;i?f;;i 30 4 | s |6 | 7| 8 |9 0| 12|13]14]1s
-1.5%| -1.5% [-2.0% |-2.4%|-2.4% | -2.9% |-3.4% |-2.9% |-2.9%|-4.4%|-2.9% |-4.9% | -4.4%
width w Estimation result of the proposed GBH

1 0.5% | 1.0% [0.0% |-0.5% |-0.5%| 2.0% |-3.4% |-2.4%|-2.9%|-1.5%]-3.4%] 0.5% | 1.0%
2 0.5% | 0.0% [0.0% |-1.5%|-1.0%| 1.0% |-2.4% |-2.0%|-2.4%-2.0%-3.9%| 1.0% | 1.5%
3 0.0% | 0.0% |-0.5%1-1.0%|0.5% | -1.5% |-2.4%|2.0% | 2.0% |-2.4% |-1.5%| 1.5% | -2.9%
4 0.5% | 0.5% |0.0% |-0.5%|-0.5%| 0.5% |-1.5% |-1.0%|-1.5%-2.4%-1.0%| 2.4% | -2.4%
5 0.5% | 0.5% |-0.5%]0.0% | 0.0% | -0.5% [-1.0%-0.5%]-0.5%-2.0%|-1.5% 0.5% | 0.5%
6 0.5% | 0.0% [-0.5%]-0.5%-0.5%| -1.0% |-0.5%] 0.0% [-0.5%|-1.5%|-1.5% 0.0% | -1.5%
7 0.5% | 0.5% [-0.5%]0.5% | 0.0% | -0.5% | 0.0% | 0.0% | 0.0% [-0.5%|-1.5%| 1.0% | -1.0%
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algorithm for obtaining the mean of Gaussian model is summarized below.

step 1. Record the current intensity / of a pixel.
step 2. Iterate, for i=/-w,---,min(/ + w,255):
C(i)=C(i)+1;

If ci)= C,» then

c,=CG).
endif

where 4 is the estimated mean intensity of a background pixel and C, is the GBH

frequency of intensity 4 .

After the center of the background model is found, the variance can be computed as

follows:

2 _ 1 Hyy +30 2
0, = xR (). 6.3
Z " n (X) v
x=p, 30" WY

where ¢' is the maximum standard deviation of the Gaussian background models (the value
can be experimentally obtained by analyzing the background models from image sequences

offline).

Fig. 3-1(a) shows an example of intensity histogram of a pixel in a traffic image
sequence. It is clear from the figure that the background intensity level is distributed in the
range from 195 to 215. Further analysis of the sampled data in the background-intensity
region was performed by using MINITAB Statistical Software (release 13.32 for WINDOWS;
Minitab, Inc, State College, PA). The result shows that the data can be modeled as a Gaussian

[67] with a mean and standard deviation of 203.65 and 3.88, respectively. However, one
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Fig. 3-1. Statistical analysis of pixel intensity. (a) Histogram. (b) Group-based histogram of Fig.

3-1(a).

cannot determine the center of the background model from the histogram because three
intensities have the same maximum frequency. On the contrary, the background intensity can
be easily found in the group-based histogram (with‘width = 3), as shown in Fig. 3-1(b). The
mean and the standard deviation of the estimated Gaussian model of Fig. 3-1(b) are 205 and 4,
respectively. The error rate of the mean and the standard-deviation is 0.67% and 3.17%. The
results confirm that the derived probability density function satisfactorily fits the background

intensities.

Note that the proposed GBH only uses addition and comparison to estimate the mean of
background pixels; on the contrary, other methods such as GMM involve much complex
computation, such as multiplication, sorting, and division operations. Because estimation of
the mean of background model is less time-consuming than the estimation of standard
deviation, the mean intensity, the GBH, and the histogram are updated at every sample
interval. The standard deviation is updated every 30 (or more) frames. To reduce the
computation burden, the estimation of standard deviation is completed step-by-step in each
sample interval. In traffic monitoring applications, the GBH, the histogram, and the

background model are renewed every 15 minute to cope with illumination variations. The
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computational load of the proposed method is significantly lower than the methods presented
in [24] and [29]. Thus, it is more suitable for the real-time requirement of visual tracking of

vehicles.

3.2.2 Foreground Segmentation

In this paragraph, we present the method for detecting moving foreground objects based
on the background estimation results. The intensities of each pixel obtained from an image
sequence generate a background Gaussian as well as many foreground distributions, as shown
in Fig. 3-1(a). The historical intensities of each pixel can be divided into two groups: the static
background and the moving foreground. If a foreground pixel appears, its intensity is then
located outside the background Gaussian. To cope with the variation of the background
intensity, a pixel will be classified as foreground.if its current intensity is located outside

+30,, from the mean U, of the Gaussian background model:

1 (moving object) if \l =M,

0 otherwise

>30,
-y

F(u,v) ={ (3.6)

where [, =~ are the current intensity at location (u,v), (y,,,0,,) represents the estimated

Gaussian background model at location (u,v). An erosion operation is further employed to

remove salt-and-pepper noise [64]. A traffic surveillance system then performs image

measurement to monitor moving objects from the binary image.

3.3 Experimental Results

Several experiments have been carried out to validate the performance of the proposed
method. A pixel level experiment is presented in Section 3.3.1 to demonstrate the
effectiveness and robustness of the GBH approach. In Section 3.3.2, background images

generated by using GMM and GBH are presented for performance comparison. Section 3.3.3
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presents interesting experimental results of traffic parameter estimation.

3.3.1 Pixel Level Experiments

Fig. 3-2 shows the experimental results of background estimation of a pixel in a traffic
image sequence as shown in Fig 3-2(b). The intensity was recorded over a fixed span of time
(196 frames in 6.5 seconds). For comparison, a GMM with three Gaussian models was first

constructed to model the pixel [29]. If a Gaussian matches the current pixel intensity x, at
time f,the mean ¢, of Gaussian is updated by

¢, =c,_ tP(x —c_), (3.7)
where [ is the learning rate. All weights are updated by

W =, + M, -, (3.8)
where M, is equal to 1 for a matched-Gaussian;otherwise, M, isset to 0. All the weights

are represented by ,, -« for normalization, where S is > o and the result @) is equivalent
‘s

to the probability of intensity based ofpast values.-The normalized clusters are sorted in an
order of decreasing weight. In this experiment, the Gaussian model that has the maximum
weight is classified as the background Gaussian. The experimental result is shown in Fig.
3-2(a). In the figure, the solid line indicates the experimental data and the dashed line
represents the estimation result of the GMM. In the experiment, the learning rate was selected
as 0.1. One can see that the estimated mean matches with the background intensity well.
However, transient appearances of slow-moving objects easily change the weight and
magnitude order of GMM background estimation. For example, from sequence 150 to 162, a
transient slow-moving foreground object quickly results in a matched Gaussian model and
intensity 110 is erroneously chosen as the background intensity for its maximum weight. This

type of erroneous estimation is caused by the fact that in GMM the foreground object that
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Fig. 3-2. (a) Traffic scene with a cross at the middle left showing the position of the sample pixel. (b)

Background estimation of Fig. 3-2(a) using GMM-based approach and the GBH-based approach.
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moves slowly or stops for a short period of time will cause its intensity cluster to obtain the
maximum weight, even though its intensities do not have maximum probability in the

historical data.

The proposed GBH method was then applied to the same data for finding the
background intensity of the pixel. The dashed line of Fig. 3-2(a) represents the estimation
result using the GBH method; the gray level of background pixel was maintained near 205 as
expected. The GBH-based method succeeds to estimate an accurate mean of background
model from image sequence. The proposed method is robust to the transient appearances of

slow-moving objects.

3.3.2 Background Estimation of Traffic Imagery
To examine the performance of the proposed method, we utilized twelve image frames
of the traffic scene to construct the-background image. In the experiments, we first convert

RGB color information in image frames to. ¥ luminance [68]:

Y =0.299R + 0:587G +0:1145 . (3.9)

Fig. 3-3 shows the original image sequence. There are four rows in the figure arranged
in order from left to right. The image in the upper-left corner is the first of the sequence. For
comparison, both the GMM and the proposed GBH methods were employed to determine the

background image of the traffic scene.

Fig. 3-4 depicts the background estimation results using GMM. A reliable background
image is obtained as depicted in the figure. However, the transient appearance of slow moving
vehicles degrades the quality of the background image constructed by GMM. For example,
the squared area in the lower-right region is well constructed in the fifth image; however, the

background image of the portion is unreliable in the later image frames, as depicted in the
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Fig. 3-3. Image sequence for background image generation.

figure. This phenomenon is caused by a vehicle that slowly passed this region, as shown in

quality of the GBH is practically the same ”"s from the GMM, as shown in Fig. 3-5. As
expected, the moving foreground vehicles almost disappear beginning with the fifth

background image. Furthermore, the quality of the final background image is better than that

from the GMM, especially in the lower-right region, as marked in Fig. 3-5.

The processing time of this experiment is listed in Table 3-2 for comparison. The
computation time of the proposed GBH algorithm is considerably smaller than that of GMM
(with a reduction rate of 35%). From these results, it is clear that the performance of GBH is

more suitable than the GMM for image-based traffic surveillance applications.
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Fig. 3-5. Background images constructed by the proposed method.

Table 3-2 CPU Time of the Tested Background Estimation Algorithms.

Algorithm GBH method Gaussian mixture model

Time(sec) 0.037 0.057

Specification: image size= 352x240, CPU type= AMD Athlon XP2000+, RAM=512MB.
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3.3.3 Application to Traffic Flow Estimation

For investigating traffic congestion problems, the background segmentation module has
been integrated into an ITMS for extracting traffic parameters. Our research team have
established a real-time web video streaming system to monitor the traffic in Hsinchu Science
Park [69]. The system provides an H.263 video stream to an ITMS. H.263 is suitable for
digital video transmission over networks with a high compression and decompression ratio
[70]. However, due to image compression and decompression, the degraded image is neither
stable nor consistent for image processing of image-based applications. This phenomenon

introduces extra challenges to image processing design.

In this study, video stream provided by the imaging system is employed to measure the
traffic flow at a multi-lane entrance of the Science-Park. The video stream in CIF format (352
x 288 pixels) is transmitted to the computer in-the lab ata rate of 7 frames per second through
ADSL. The system architecture of the real-time traffic monitoring system is shown in Fig. 3-6.
The image system consists of three parts: image processing module, vehicle detection module,
and traffic parameter extraction module. The image processing module adopts an ActiveX
component to decompress the actual image from the video stream and converts the image into

gray-level format. Real-life images are employed to construct a background image. Based on

H.263

Traffic Image Traffic
: —————————————————————— 1 Binary Vehicle | Traffic il
| : Foreground 'Imag% Detection | Count, | parameter | Data,  ITS
: mage Segmentation | | Module Extraction Center
| | Decompressing : Module Internet
! |-
I
: RGB to Gray Background :
i | Converter Updating | |
: |
| |

Fig. 3-6. Block diagram of the image-based traffic parameter extraction system.
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the constructed background image, a binary image of the moving vehicle is obtained through
foreground segmentation. The detection module employed a detection window that behaves
like a loop detector to count the number of vehicles in a multi-lane road [71]. The detection
window is able to check if there is a vehicle entering or leaving the window from the binary
image. It simultaneously detects multiple vehicles from the binary image. Traffic parameter
extraction module calculates the traffic flow data and provides information to the ITS center.
Fig. 3-7 illustrates a display of the system results. The upper left part of the figure shows a
real-time image and the lower right part shows the background image created from the image
sequence. The upper right part depicts the binary image of moving vehicles as well as the
processed results of the detection window. The detected vehicles count and the traffic flow
data are displayed on the lower left portion of the figure. The estimated traffic flow is
calculated through a measure of vehicle count using the equation below:

N,
traffic flow = ¢ | (3.10)

dur

Realdime H.263 video

Detection result

Connect | Initialize | Reset |

Cuirent Vehicle Counts |4 :
Elapzed Time (min} Il Fauze
Total Vehicle Counts IO &l
Status
Time (Sec) |l4
Detecting
Time {min) I59
Time (Hour) |l3

Fig. 3-7. The display of traffic flow estimation.
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where N, is the detected count and 7, is the time duration. A video clip of experimental

results can be found at: http://isci.cn.nctu.edu.tw/video/JCTai/Traffic_flow.wmv.

3.4 Summary

An algorithm of a group-based histogram is proposed to build the Gaussian background
model of each pixel from traffic image sequences. This algorithm features improved
robustness against transient-stop of foreground objects and sensing noise. Furthermore, the
method features low computational load, and thus, meets the real-time requirements in many
practical applications. The proposed method can be extended to construct a color background

image to further increase the robustness during intensity analysis.
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Chapter 4

Cast-Shadow Detection In Traffic
lmage

4.1 Introduction

Cast-shadow suppression is an essential prerequisite for image-based traffic monitoring.
Shadows of moving objects often cause serious errors in image analysis due to
misclassification of shadows or moving' objects: It is necessary to design a shadow
suppression method to improve the*accuracy of ‘image analysis. Shadow detection can be
divided into two types: shape-based approaches [33]-[34] and spectrum-based approaches
[37]-[39]. In the shape-based method; sophisticated models are constructed to identify the
shadow according to the object and its surrounding illumination conditions. The accuracy of
shadow detection depends on the knowledge of environment conditions. Moreover, it can not
meet the real-time requirement because the computation load of the spatial analysis is heavy.
in contrast, spectrum-based approaches exploit color space information to find the shadow.
The model is built by strenuously analyzing the shadows in image frames. Generation of the
model is difficult and inefficient. Additionally, conversion between different color spaces
requires much computation time and degrades the real-time performance. Based on the
Lambertian assumption, RGB ratios between lit pixels and shadowed pixels can be treated as
a constant in image sequences. This information leads us to the development of a RGB ratio
model to detect shadow pixels in traffic imagery. The proposed approach does not require
many image sequences to construct the model. Instead, the model can be easily built using a
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shadow region in a single image frame. To increase the accuracy of shadow detection, two

types of spatial analysis are proposed to verify the actual shadow pixels.

The following sections will focus on how the ITMS with shadow suppression is
developed. Section 4.2 focuses on shadow detection. A comparison with existing methods is

presented in Section 4.3. Section 4.4 gives our concluding remarks.

4.2 Cast-Shadow Detection in Traffic Image

The block diagram of the proposed shadow suppression method is presented in Fig. 5-1.
The complete system consists of four modules: a background estimation module (Chapter 3),
a background removal module (Chapter 3), a shadow detection module, and a shadow
verification post-procession module. The shadow detection module uses an RGB spectral
ratio model to identify shadows. The¢ shadow werification module employs spatial analysis
schemes to check whether a shadow-pixel is true or not. Accordingly, moving objects and the

cast-shadows can be separated.

4.2.1 Spectral Ratio Shadow Detection

A traffic scene is illuminated by a faraway point source (the sun) and a diffused source
(the sky). The cast shadow is caused by sunlight occlusion in the scene. The distance between
objects and their cast shadows is negligible in traffic scenes, compared with the distance
between the light source and the objects. Thus, this type of the cast shadow is mostly an
umbra or a strong shadow [35]. Shadow regions are darker than the background and their
color spectrum also differs from that of the background. Since the RGB components of each
pixel of the roadway differ from one another, it is impossible to use a unique model to detect
the shadow of each pixel by merely using RGB color space. Therefore, color space

conversion or normalization is employed to find the model. To resolve the generation of a
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Sequences
Foreground Background RGB ratio Gaussian
Segmentation Estimation Shadow Model
Spatial
»  Analysis
Vehicle Blob for

Image Analysis

Fig. 4-1. The block diagram of the proposed shadow detection method.

shadow model, we hypothesize that the RGB ratio between lit regions and shadow regions is
constant for all pixels of a traffic scene in imagessequences. This hypothesis facilitates the
construction of a unique model for shadow detection in an image frame. The model-built
procedure can be effectively achieved by using'a'shadow region in the image, not from image

sequences. Detailed reasoning of the hypothesis is presented in Appendix C.

According to the hypothesis, in each RGB channel, the color ratio between a lit pixel
and a shadow pixel can be treated as a constant for each pixel in the traffic imagery. As a

result, a pixel is classified as a shadow pixel if its RGB component satisfies

R = aRlit and Gshadaw = ﬁGlit a‘nd Bshadow = JBlit ’ (41)

shadow

where (R,,,G,,B

lit

) is the RGB value of a lit pixel, (R

shadow >

G

shadow >

B0w) 18 the RGB

value of a shadow pixel and a,f,y is less than 1.

Based on (4.1), a shadow-region-based statistical nonparametric approach is developed
to construct the ratio model for shadow detection of all pixels in the image frame. Gaussian

models are exploited to represent the constant RGB-color ratios between a lit pixel and a

50



shadow pixel in this approach. The unique ratio model can be found by analyzing shadow
samples taken from the shadow region in an image frame. To cope with the variation of the
ratio, we selected the Gaussian distribution inside +1.5¢ (88.6%.) as a threshold. Thus, a

shadow pixel can be determined as follows:

s _J1 i M—FR <1.50, and Loy) | <150, and M—FB <l.50,
(xay) - /JR()C,y) :uG(x>y) IuB(xsy) (4‘2)
0 otherwise

where I,(x,y),1.(x,y) and I,(x,y) are the input RGB value; f,(x,y), t;(x,y) and
Mz (x,y) denote the background RGB value at coordinate (x,y); r,,7; and r, are the
RGB mean ratio value of pixels when shadowed in the image; 0,,0,, and o0, represent

the RGB standard deviation ratio of pixels when shadowed in the background image.

Figures 4-2(a)-(d) illustrate an example of the RGB Gaussian shadow models. In Fig.

4-2(a), 100 samples of shadow plxels in the lﬂL‘-age ftame are selected to build the Gaussian
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Fig. 4-2. The Gaussian models of RGB ratio of recorded samples and shadow-region data.
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RGB ratio model, as depicted by small white dots in the shadow region of the figure. To
validate the Gaussian model found from the shadow region, we tested shadow data at three
points (indicated by large white dots in Fig. 4-2(a)). Furthermore, all the recorded data are
also combined and used to verify the hypothesis of constant color ratio. The Gaussian RGB
ratio models of recorded data (labeled by 1, 2, 3 and total) and shadow-region data (labeled by
region) are depicted in Figs. 4-2(b)-(d), respectively. The mean and the standard deviation of
the RGB ratio of each sample are presented in Table 4-1. In our design, a point is regarded as
a shadow point if its RGB ratio satisfies (4.2). The results computed from the four groups of
samples (labeled by 1, 2, 3 and total) demonstrate that the accuracy is higher than 86%, as
shown in Table 4-1. It demonstrates the effectiveness of the hypothesis and therefore, one can
use the shadow-region-based RGB ratio model to determine the shadow in image sequences.

Figure 4-3 illustrates an example of shadow detection. By using (4.2) and the Gaussian

Table 4-1 The Gaussian Models Of RGB Ratio 0f Recorded Data and Shadow-Region Data

Item Mean geti?i?gi Accuracy

R ratio of region 0.443 0.076 86.64%

R ratio of 1 0.416 0.067 88.16%

R ratio of 2 0.406 0.055 91.58%

R ratio of 3 0.440 0.064 92.16%

R ratio of total samples 0.420 0.063 91.15%
G ratio of region 0.437 0.085 86.64%

G ratio of 1 0.413 0.060 96.39%

G ratio of 2 0.416 0.055 96.70%

G ratio of 3 0.440 0.055 97.65%

G ratio of total samples 0.423 0.057 97.25%
B ratio of region 0.463 0.099 86.64%

B ratio of 1 0.447 0.065 97.47%

B ratio of 2 0.452 0.053 99.41%

B ratio of 3 0.477 0.054 99.30%

B ratio of total samples 0.459 0.058 99.02%
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model, one can detect the shadow, as shown in Fig. 4-3(a). Figure 4-3(b) shows the detected
moving region. The result of statistical nonparametric shadow suppression is shown in Fig.
4-3(c). One observes in Fig. 4-3(c) that some shadow pixels are not recognized as expected.
This is mainly due to uncertainties in the image sensing. We handle this insufficiency and
improve the performance of shadow suppression by adding a spatial analysis post-processing

step.

4.2.2 Spatial Analysisfor Shadow Verification

Two types of shadow detection error may occur, namely, shadow detection failure and
object detection failure. The first type of error occurs if a shadow pixel has ratios outside the
detection range of the shadow model, causing the shadow to not be recognized. As shown in
Fig. 4-3(c), some shadow pixels are notrecognized. The second type of failure detection
occurs if the ratios of an object pixellie insidp §the detection range of the shadow model. This

occurs especially when the ratios are higher than the mean of Gaussian ratio model and still

inside the detection range; there are“almost no shadow pixels in this region, as shown in

(b)
Shadow Object
detection detection
failure failure
(©) (d)

Fig. 4-3. Explanation of shadow suppression steps. (a) Original image. (b) Moving object
segmentation result of background removal. (¢c) Shadow segmentation result of spectral ratio shadow
detection. Detected shadow is indicated by white area. (d) Segmentation result of shadow suppression

after spatial analysis.
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sample plots of Figs. 4-2(b)-(d). For instance, in Fig. 4-3(c), partial pixels of a vehicle are
misclassified as shadow pixels. To improve the accuracy of shadow detection, a
post-processing of spatial analyses is added for shadow confirmation. The spatial analyses are
performed to confirm the true shadows and the true objects according to their geometric

properties.

4.2.3 Size Discrimination of Moving Object Candidates

In the process of shadow detection, shadow candidates sometimes break actual shadow
into small isolated blobs. Generally the sizes of these small shadow blobs are smaller than the
detected moving vehicles in image sequences. These small blobs will not be considered
moving object candidates. Thus, one can discriminate the small blobs of shadow from the big
blobs of moving objects by using the sizerinformation. In our design, all blobs of moving
object candidates are grouped into different regions. using a connected components labeling

algorithm. The regions that have small Sizes are-recognized as shadow regions.

4.2.4 Border Discrimination of Moving Cast Shadow Candidates

The moving blobs segmented by background removal consist of shadow pixels and
object pixels. In practice, the true shadow pixels cluster in the fringes of the blobs. If a part of
the detected vehicle is misclassified as a shadow, most of boundaries of this region will be
located inside the candidate foreground, as shown in Figs. 4-3(b)-(c). If the shadow candidate
is a true shadow, more than a half of the boundary is adjacent to the boundary of foreground
candidates. Thus, one can use the boundary information of a shadow-candidate region to
confirm whether the shadow is a true shadow or not [40]. In our design, the boundaries of the
foreground candidate are segmented by Sobel edge detection. Next, each distinct candidate
shadow region is determined by using a connected components labeling algorithm. Sobel

edge detection is also used to find the edge of each distinct shadow region [64]. The number
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N, of boundary shadow pixels that are adjacent to the boundary of a foreground-candidate
region and the number N  of all boundary shadow pixels are computed. The shadow is

considered a true shadow if the ratio V, is greater than 50%. The confirmation result of

NS
spatial analysis is shown in Fig. 4-3(d). It indicates that the accuracy of shadow detection is

greatly improved in comparison to the original.

4.3 Comparison Results

For traffic monitoring and surveillance applications, shadow suppression prevents
misclassification and erroneous counting of moving vehicles. The goal of shadow suppression
is to minimize the false negatives ( FN, , the shadow pixels misclassified as
background/foreground) and the false positives (FF;, the background/foreground pixels

misclassified as shadow pixels). In=order to systematically evaluate the performance of the

proposed method, we adopted two.metfics; namely the shadow detection rate /7 and the

object detection rate ¢ [36] for quantitative comparison:

O‘L 4.3
TP, + FN ' (4.3)

— TPF
¢= TP+ FN, (4.4)

where TP; (resp. TP.) is the number of shadow (resp. foreground) pixels correctly
identified, and FN (resp. FN, ) is the number of shadow (resp. foreground) pixels falsely

identified. A comparison with existing methods has been carried out to validate the
performance of the proposed algorithm. A statistical nonparametric (SNP) approach [72] and a

deterministic nonmodel-based (DNM) approach [38] were selected for comparison. The SNP
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approach treated object colors as a reflectance model from the Lambertian hypothesis. The

work used the normalized distortion of the brightness a; and the distortion of the
chrominance CD;, computed from the difference between the background color of a pixel

and its value in the current image, to classify a pixel in four categories:

’
Foreground: CD;>r7,, or a <rt, else
N Background: a;<7, and a] >71,, else
C@)= < (4.5)
Shadowed background: a; <0 else
Highlighted background: Otherwise
\

The DNM approach works in the HSV .color space. Shadow detection is determined
according to the following equation:

SP(x, y) = " B/ (x,)
0 otherwise,

SIBDI]f(XQy)—BkS(‘x’y)STS DDH('xﬂy)STH (46)

where D, (x,y) = min(‘[f -B/

. 360~|1' - B}

).1,(x,y) and B, (x,y)are the pixel values

at (x,y)coordinate in the input image (frame k) and in the background model (computed at

frame k) respectively.

To achieve an objective comparison, the model for the background image is updated in
advance for all algorithms in the test. Figure 4-4 shows the test results of different methods
(Proposed, DNM [38] and SNP [72]) from a benchmark sequences Highway-1 [36]. First, we
check the computation time of each algorithm for efficiency comparison, as shown in Table
4-2.  The proposed algorithm requires the least computation time. It is reduced to 3.6%-21%

of the other two methods because it merely utilizes division operation to obtain the shadow
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(@)

(b)

SNP method. (d) The DNM method.

Table 4-2 Computation Time for Shadow Spectral Analysis

Algorithm Proposed SNP DNM
Time (msec) 34 93 15.6
I mage size= 352x240,
Specification: CPU type= Intel Pentium4 2.4GHz,

RAM=448MB.

information. The SNP algorithm takes the longest time because of its complex normalization,
which consists of square, square root, addition, and division operations. Second, we examine
the shadow detection rate and the object detection rate of each algorithm. The ground truth for
each frame is necessary for calculating the quantitative metrics of (4.3) and (4.4). We

manually and accurately classified the pixels into foreground, background, and shadow
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regions in the image sequences. Figures 4-5 and 4-6 show the comparison results of shadow
detection rate and object detection rate between the proposed method, SNP, and DNM. The
mean values of accuracy corresponding to the plots in Figs. 4-5 and 4-6 are reported in Table
4-3. The results evaluated by Prati et al. [36] (by analyzing tens of frames for each video
sequence representative of different situations) are also listed in Table 4-3. The experimental
results demonstrate that the proposed method generally provides more reliable object
detection results compared with other state-of-the-art methods. The results obtained from
algorithms with or without spatial analysis are also listed in the table for checking the
effectiveness of spatial analysis. One observes that as expected, spatial analysis improves the
performance of shadow detection. For instance, the shadow detection rate of the DNM
algorithm is increased from 57% to 80%. The merit of spatial analysis is that it can combine
with other existing shadow suppression methods for further improvement of performance.
The proposed method outperforms the other two methods in shadow suppression and moving
object detection because it uses the ratio meodel, which is constructed from only a single
image frame. The video clip of the.,experimental results can be found at:

http://isci.cn.nctu.edu.tw/video/JCTai/shadow . wmv.
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Fig. 4-5. Comparison result of shadow detection rate between the proposed method, DNM, and SNP.
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Fig. 4-6. Comparison result of object detection rate between the proposed method, DNM, and SNP.

Table 4-3 The Aceuracy of Detection Results.

Method Shadow Object detection Shadow Object detection
ctho detection rate"" rate" detection rate™ rate™
Proposed &Spa. 77.5% 72.2% 76.86% 80.52%
Proposed 62.9% 60.7% 71.97% 70.14%
74.48% 59.39%
0 0 « M
67.94% 68.57%
() [ * b

*1: The mean accuracy of detection results obtained by analyzing 300 frames for each video sequence.

*2: The mean accuracy of detection results obtained by analyzing tens of frames for each video sequence
representative of different situations.

*3: Results from [36].

*4: Results from [36], the false positives belonging to the background were not considered in the computation of the
object detection rate.

44 Summary

In this chapter, a shadow-region-based statistical nonparametric method has been

developed to construct a ratio model for shadow detection of all pixels in an image frame.
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Based on the Lambertian assumption, RGB ratios between lit pixels and shadowed pixels can
be treated as a constant in image sequences. This assumption leads us to the development of a
novel ratio model for detecting shadow pixels in traffic imagery. The proposed approach does
not require many image sequences to construct the model. Instead, the model can be easily
built using a shadow region in a single image frame. To increase the accuracy of shadow

detection, two types of spatial analysis are proposed to verify the actual shadow pixels.
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Chapter 5

Vehicle Detection and Tracking for
Traffic Parameter Estimation

5.1 Introduction

Recently, image tracking has become an important technique for traffic monitoring and
surveillance applications. Many algorithms based onimage tracking have been developed for
real-time traffic parameter estimation. After the moving vehicles have been segmented, the
process of traffic parameter estimation,consists of three main stages: vehicle detection,
vehicle tracking, and traffic parameter. estimation. Most existing algorithms used a
special-design region lying in each lane to detect and track entering vehicles. The main
drawback of these methods is that only similarly sized vehicles passing through a particular
region of the road can be detected and tracked. If the size of a vehicle differs from the
predefined one or if the vehicle does not pass through the particular region, it will not be

detected and tracked by these existing algorithms.

In this chapter, we propose an image-based traffic monitoring system that automatically
detects and tracks multiple different-sized vehicles that travel in any portion of a multi-lane
road. We adopted active contour models to represent vehicle contours in an image frame. A
method based on image measurement is developed to predict initial positions and sizes of

vehicles for image contour generation. This method features simultaneous detection of
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multiple vehicles that travel in any portion of the road. Kalman filtering techniques are then
applied for active-contour-based image tracking of various vehicles. Analyzing the detection
and tracking results allows us to estimate traffic parameters such as traffic flow rate, vehicle
speed, and traffic density. Moreover, by using an optical flow method to obtain the traveling
direction of vehicles, the detection method can also be used for estimating the vehicle turn

ratio at an intersection.

The rest of this chapter is organized as follows. Section 5.2 gives an overview of the
system for traffic parameter estimation. An image measurement algorithm for active contour
representation will be described. Section 5.3 presents the proposed image tracking method
and its application in ITMS. Section 5.4 describes the turn ratio estimation based on optical
flow measurement. Experimental results of traffic parameter estimation using the proposed
method will be presented in Section5.5. Seéétion.5.6"summarizes the contribution of this

work.

5.2 System Overview of Image Tracking

Figure 5-1 shows the system architecture of the proposed contour initialization and
tracking system. This image tracking system consists of three parts: the image processing
module, the contour initialization module and the vehicle tracking module. The image
processing module captures the traffic scene, segments the background image, removes the
shadow, and extracts the binary image of moving vehicles from the image sequence. The
contour initialization module uses a detection window to generate an initial vehicle contour
for tracking operation. Once initialized, the vehicle contour will be tracked and updated
iteratively. The active contour model is exploited to represent vehicle contours in this design.
The vehicle tracking module employs a dynamic model to predict the vehicle contour from its

historical states. The contour of targeted vehicle is iteratively obtained by using image
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measurement and Kalman filtering.

5.2.1 Active Contour Model

Active contour modeling is a powerful tool for model-based image segmentation [6]
[73]-[74]. Based on the active contour concept, an image measurement method for obtaining
the best-fit curve of a vehicle contour for image tracking is presented below. In this work,
B-spline functions are adopted to represent vehicle contours in image frames. The vehicle
contour (x(s),y(s)) isrepresented using N, B-spline functions:

Ny-1

x(s)= Y B,()g, =B(s)' Q" for 0<s<N, (5.1
=0
Ny-1
y(s)= an ()g) =B(s)'Q” for 0<s<N,, (5.2)
n=0
where B(s) =(B,(s), B(s), 5 . _syiByg (8)
s*/2 if. 0<s<lI
é—(s—é)2 R < )
B,(s)=14 2 B ,
(s=3)*/2 “if2s5<3
0 if  otherwise

B,(s)=B,(s —n),

o 9o

x y

Qx - q.l a,nd Qy — q.l
‘11)5/3 -l QJva -1

QX

The contour r(s) is represented by a vector Q(=( .

J) and Q contains the X-Y

coordinates of the control points of the B-spline curve, so that
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(s) = (’CES;} =1, 0B(s)'0= [B 0 jQ =U(5)0.

s

where [, denotes a 2x2 identity matrix, [lis the Kronecker product denotation of two
matrices and 0'is (0,0,0,0,0,0,0,0)". In this design, a control point vector Q containing 8

control points is used to represent the vehicle contour, as shown in Fig. 5-2. The control

0 B(s)

points are indicated by circles in the figure.
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variation of vehicle contours is linear in traffic imagery. The vehicle contour can then be

described by a shape-space planar affine transformation in the image plane. The boundary

curve r(s)of each vehicle is expressed using a template curve 7, (s) [75]:
r(s)=u, + Mry(s), (5.4)
where u, =(u,,u, )" is a two-dimensional translation vector and M is a 2x2

affine-matrix comprising one rotation and three deformation (horizontal, vertical, and

diagonal) elements. Subtracting 7,(s) from (5.4), one obtains:

roog 0 0o

o1 0 Q9 O onzU(S)WX’ (5.5)

r(s)=ry(s) =u, +(M - DU(s)Q, =U (S)(

65



where 1'is (L,LLLLLLD", Q,, Oy are X-Y coordinates of the control points of the

template curve Q, and shape-space vector is

X:(ux u, M,-1 M, M, Mzz_l)T'

Subtracting r,(s) from (5.3), (5.5) can be rewritten as

r(s) =1 () =UGNO —0y) - (5.6)

Comparing (5.5) and (5.6), one obtains a linear transformation:

Q=WX+0Q, (5.7)

Using (5.7), one can transform a vehicle contour to a shape-space vector X. This
simplifies the post-processing of contour tracking in the image plane and the vehicle contour

will be restricted to vary steadily by the shape=space. vector.

5.2.3 Image M easurement
An image measurement procedure: is.responsible for obtaining the best-fit curve of the

vehicle outline in an image according to a predicted vehicle contour generated from a
predicted shape-space vector X , a template curve Q,, and its shape matrix W . The binary
image of a traveling vehicle is segmented from traffic imagery exploited a background
removal operation (see Chapter 3). The contour feature r,(s) is obtained by applying

one-dimensional (1-D) image processing along the normal direction of a predicted curve

r(s) [76]. Curve-fitting method of the detected features is employed to obtain the best-fit

curve of the vehicle contour. In carrying out the curve fitting of contour features, one has to

increase the tolerance for image disturbance and eliminate possible interference from features

of other objects in the background. A contour shape-space vector X and a regularization

constant @ are used to stand for the relative effect of the shape in the curve fitting and
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meet the criteria mentioned above.

Introducing the concept of information matrix S, and information weight sumZ, , the

algorithm for finding the best fitting curve can be summarized as follows:
1) Select N regularly equal-spaced samples s,, i=123...N and s, =h, s, =S5, *+h,
Sy =Nh=N,.

2) For each i, find the position of r,(s;) by applying one-dimensional (1-D) image

processing along the normal line passing through 7(s) (7(s)is the contour of X ) at

Iterate, for i =1,2,3....N

v, =(r(s;)=7(s;) i (s,) (5.8)
h(s,)" =7(s,) U(s)W (5.9)
A +L2h(s,»)h(s,-)T (5.10)
0'[.
- 1
Z; =2+ p h(s; )V, (5.11)

1

where 7(s,) is the normal unit vector of curve 7(s)at s=s, and g’ =N,.

4) The aggregated observation vector is

Z =7, with the associated statistical information S =S5,
5) The best-fit curve is expressed as a shape-space vector [76]

X=X+S+9"z, (5.12)
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where § = aWT(NLI Yo (1, 0 B(s)")" (1, O B(s)" )ds)W .

5.3 Image Tracking and Traffic Parameter Estimation

In our design, the image-based traffic monitoring procedure includes four steps:
foreground segmentation, contour initialization, vehicle tracking, and traffic parameter
extraction. The first step segments moving vehicles from the image sequence. The contour
initialization step detects the moving vehicle and generates an initial contour for tracking. In
the vehicle tracking step, targeted vehicles are tracked using a specially designed Kalman

filter. The final step extracts the traffic parameters by using the tracking results.

5.3.1 Initial Contour Generation

To track multiple vehicles that are of various sizes and that might travel in any portion
of a multi-lane road, we propose a contour initialization algorithm to generate initial contours
for image tracking by using a special-designed-detection window. The concept of the
detection window is shown in Fig. 5-3."Depending on current vehicle imagery, there can be
multiple detection regions and initialization regions in the detection window, as shown in Fig.
5-3. In the beginning, the entire detection window is the detection region. The system works
to check whether any vehicle enters the detection region. When a vehicle is detected, the
related detection region will change into an initialization region. The rest of the detection
region remains unchanged. If the detected vehicle leaves the initialization region, this region
will be released and become a detection region again. The detection region and the

initialization region are automatically adjusted according to the current traffic imagery.
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Fig. 5-3. A detection window consists of initialization regions and detection regions.

5.3.1.1 Image Processing in Detection Region and I nitialization Region

To facilitate vehicle detection, the detection region is divided into several
1-pixel-width sub-regions. A sub-region is tefmed as an occupied sub-region if a foreground
object exists in this sub-region. Wheit the front part of vehicle enters the detection window, a
cluster of occupied sub-regions will appear. The width of the vehicle image can be found
from the front part of the vehicle image.”As the related detection region contains enough
occupied sub-regions, it will change into an 1nitialization region, as mentioned in the previous
paragraph. Fig. 5-4 shows a test example of a car and a motorcycle in the detection window.
Both the vehicle and the motorcycle are detected; two initialization regions are automatically

generated in this case.

5.3.1.2 Initial Contour Generation

The final stage of contour initialization is the generation of an initial contour as the
vehicle leaves the detection window. Fig. 5-5 depicts the concept of initial contour generation.
First, an estimated contour is automatically generated by using the geometric information of
the initialization region. The width of the estimated contour is the width wof initialization

region. The length L, of the estimated contour is assigned to Uw, [ is an empirical ratio

69



of the length to the width of vehicle in the captured image frame. The location of the
estimated contour is assigned at the exit of the initialization region, as shown in Fig. 5-5. It is
clear that the estimated contour is generated via simple geometric relationships in the
initialization region; it may not match the actual situation of the vehicle image. Next, the

estimated contour will be refined by using image measurement, as described below.

The dimension and location of the estimated contour are adjusted by using the actual
vehicle image. The length L, and the location of the estimated contour are possibly different
from the actual ones and need to be corrected. The width w is previously estimated by the

detection window when the vehicle entered the detection window; it is not necessary to adjust

the width of estimated contour. We project the captured binary image into two

one-dimensional arrays and use the projeﬁgeg_m__@; measure the occupancy of a vehicle image.
R . 7
L A N Y

The projection values are the sumi fE

———— detection region

initialization region

Fig. 5-4. The detection of a car and a motorcycle.
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—_— — : Estimated contour

directions, respectively. Fig. 5-6 illustrates an example. In this case, the vertical projection
reveals that the corner point Pt of initial €ontour should shift to the point P;, while the

horizontal projection reveals that the length L, should be adjusted to L
5-5. The control points and center point of the initial contour is then generated using w, L,

P; and initialization region. It is employed to calculate the template (O, and the shape-space

. Initial contour

. Initialization region

. Control point

. Center point

Fig. 5-5. Géneration of an initial contour.

vector X for image tracking:

u, —u,
| uy —u,

O, = O
Ug —u,

where (u,,v,),(u,,v,), ..., (ug,v) and (u,,v.) are pixel-based coordinates of points Py,

Pg, ...,Pg and Ct.

vl _vc
VvV, =V,

=% “|and X=
v8_vc
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Fig. 5-6. The-projection profile of an-estimated contour.

5.3.2 Kalman Filtering for Tracking

The vehicle contour is represented by a shape-space vector X with six elements. The
first two elements of X are position coordinates of the template curve and the remaining
elements are shape-scaling elements, as described in Section 5.2.2. The vehicle tracking
module employs two dynamic models to predict the horizontal and vertical positions from
their historical position states. As for the shape-scaling elements, because the change of
vehicle contour is very small within two consecutive frames, it is not necessary to employ
complex dynamic models to predict the shape-scaling elements. The predicted states of these
elements are simply assigned using the previously measured state X obtained from the image
measurement, as described in Section 5.2.3. The predicted states are provided to the

information fusion stage for tracking a vehicle.
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Below is the design of the dynamic position model for contour prediction
horizontal or vertical position can be governed by:

Xp =X v —x ) TE,

X

where &, isthe system noise. Let X, = ( j , then dynamical model is

X1
X, =AX,_ +T€,

0 1 0
where A4 :{ ) 2} and I = L} . The observation model is

v, =CX, +n,,

. The state of

(5.13)

(5.14)

(5.15)

where C:[l 0] and 7, 1s a observation noise. Let {£,} and {77,} be sequences of

zero-mean (Gaussian white noise such,that Var(e,) =0, and Var(n,) =R,

are positive

definite matrices and E(&,77,) =0 for all 4 and /. Equations (5.16) and (5.17) are the state

space description of linear stochastic system.-A.-Kalman filter is designed to

information from the predicted states and the best-fit states obtained from (5.12)

combine the

[77]. Fig. 5-7

shows the block diagram of the image tracking system. The tracking procedure over one

time-step is summarized as follows:

1) Predict the state X 14— according to the previous state X kLl -

A

Xk,k—l = A)A(k—l,k—l .

2) Determine the error covariance ahead,
P, =AP_, A" +TOr".

3) Compute the Kalman gain,
K =P, ,CT(CPCT+R)".

4) Use a Kalman filter to obtain the information fusion:
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(5.17)

(5.18)



X =X o +K(v, -CX, ), (5.19)
where v, is the measured state.
5) Update the error covariance
P, =(-KO)B,.; (5.20)

then go to step 1 for the next iteration.

5.3.3 Traffic Parameter Estimation

As vehicles in an image sequence are successfully tracked, traffic parameters such as
traffic flow rate, vehicle speeds, and traffic density can be obtained through simple calculation.
The traffic flow rate can be calculated by the ratio of detected vehicle numbers to the elapsed

time. Traffic density D (car/km) is calculated as follows:

D =

SRS

, (5.21)

where ¢ is the flow rate (car/hr) and s lis'the average travel speed (km/hr).

Vehicle speed can be obtained from ‘two recorded positions of vehicle image and the
elapsed time between these two positions. The center of the bottom edge of a vehicle image
was taken as the reference point of the vehicle’s position. This point can be easily obtained

from the control vectors of vehicle contour.

From the tracking result of a tracked vehicle, the reference point P, (tracking
operation 1is initialized) at time ¢, and F, (as the vehicle attains a predefined region,
tracking operation terminates) at time ¢, are recorded. Using (B.6) and (B.7), positions
P and P, are transformed to world coordinates to calculate the traveling distance L

between P, and F,. The vehicle speed vel can be calculated by
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Fig. 5-7. Block diagram of the vehicle tracking system.

5.4 Turn Ratio M easurement

(5.22)

For estimating the vehicle turn ratio, two detection windows are set up to detect
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oncoming vehicles turning left and moving straight, respectively. The driving direction of
vehicles that travel in the left-turn detection window, for instance, consists of three different
types of vehicles — moving right, moving straight ahead, and moving left, as depicted in Fig.
5-8. A rectangular area that covers the left-turn detection window is placed in the lower right
region as shown in the figure. An oncoming vehicle that is turning left travels to the right in
the rectangular area of Fig. 5-8(a). Two vehicles moving straight pass through the rectangular

area of Fig. 5-8(b). Their driving direction is straight ahead. In Fig. 5-8(c), two vehicles



traveling straight ahead in the cross-lane direction travel to the left in the rectangular area.
Only the oncoming vehicles turning left must be monitored in this case. As noted above, the
motion vector estimation module is designed to measure and classify the driving direction of
vehicles in the detection window based on an optical flow measurement. The method of

motion vector estimation will be described in Section 5.4.1.

The counting of vehicles by using image processing procedures described in the
previous section facilitates the calculation of turn ratio. In this design, the turn ratio at an

intersection is measured automatically. For instance, left-turn ratio is defined as

turn ratio =]]\\,["ff" , (5.23)

total

where N

w18 the total count of detected vehicles in a time period and N, is the count of
detected left-turn oncoming vehicles«in the-time period: In Fig. 5-9, two detection windows
are set up to detect and count the passing vehicles at a ‘T-shape intersection. The detection
window needs to be properly set “in. the situation: that the bottom of each vehicle is
recognizable to each other in the detection window. Otherwise, the detection window cannot
work with functionary accuracy. For instance, if one set a detection window near the stop line

marking in the figure, the detection window incorrectly detects the vehicle because the bottom

of vehicle is not recognizable. It can be seen that N, is measured in the lower-right window.

Note that vehicles in this detection window involve three types of motion — oncoming
vehicles turning left, ongoing vehicles moving straight, and vehicles of the cross-lane moving
straight. Only the oncoming vehicles turning left need to be monitored for the left-turn ratio
calculation. It is clear that the motion direction of different types of vehicles is considerably
different. The motion direction reveals where the moving vehicles come from. In other words,
information about the vehicle motion direction indicates the type of vehicles at an intersection.

Furthermore, vehicles passing through the left detection window involve two types of
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motion — oncoming vehicles moving straight, and vehicles of the cross-lane turning left. The
driving direction of vehicles in the left-turn window is also used to determine whether the

system detect the vehicles that pass through the left detection window.

Fig. 5-8. Three types of vehicle driving directions: (a) Moving right. (b) Moving straight ahead. (¢)
Moving left.
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5.4.1 Corner-Based Optical Flow Estimation

The vehicle motion field can be computed by identifying corresponding pairs of points
in two successive image frames taken at time ¢ and #+Az. The points must be sufficiently
distinct so that they can be identified and located in both images. Corner features are selected
as the identified points. In this design, the Harris corner detector is adopted to extract the
corner points from traffic imagery because of their superior repeatability, robustness to

viewpoint changes, and resistance to illumination variation [78].

Once a set of interesting points { P} is identified in the image frame /; taken at time ¢,

the corresponding points must be identified in the successive image frame I, taken at time
t+At. As shown in Fig. 5-10, given a sample point P at (Tx,7y) in image frame /;, we take a
square block centered at P in /; and find the best-correlated block in /, under the assumption
that the amount of movement is limited. If the best match is found at (Hx, Hy), then the point
(Hx,Hy) will be the destination of peint P: The vector from (7x,7y) to (Hx,Hy) is the motion

vector of point P.

In the searching process described above, it is assumed that pixels belonging to the
block are displaced with the same amount. However, this assumption sometimes fails to hold
in a traffic scene. The vehicle image gradually changes due to the viewpoint of camera and
vehicle motion behavior. It is difficult to obtain the same blocks of a moving object in two
successive frames. Still, a certain similarity exists between these two blocks. The more the
corresponding pixels that have similar intensities, the more correspondence exists between
these two blocks. We use a minimum absolute difference of individual pixels as an error
criterion for examining the correspondence between two blocks [79]. For two N x N blocks

A and B, the matching distance is defined by
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rwis-q.,;gir}';'fT is a threshold value. The matching

e

matching distance are the best match.

Fora N XN block with maximum absolute displacement represented by [ 4™ ], a full

search calls for evaluation of the matching criterion at (2d™ +1)x(2d™ +1)blocks.

Searching for the best-match block might fail to fulfill the real-time requirement. In order to
speed up the search process in this design, the search operation is executed only on blocks
containing a detected corner. As shown in Fig. 5-10, there are two corner points in the search

region of image /,. Thus, the matching algorithm performs evaluation of the matching check

only at 2N’blocks. In practical realization, the absolute displacement was selected as
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Fig. 5-10, Motion vectomdetection.
d™ =d™ =5 and N =3, the evaluation execution cycles are reduced from 121 to 18

times.

The design procedure of the average direction measurement of moving vehicles using

the proposed optical flow method is summarized as follows:

1) Use a Harris corner detector to extract the corner points from the current image frame.
Each extracted corner point and its neighboring pixels are selected as check points.

2) Record the positions of all corner points as well as the check points for the correlation
operation.

3) Choosea 3x3 region centered at one corner point of the preceding image frame.

4) Get a NXN region centered at the corresponding corner point of step 3 from the
current image frame. The sub-region centered at the check point is assigned as check

sub-region in the selected region.
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5) Measure the matching distance between the 3Xx3 region of step 3 and all check
sub-regions of step 3.

6) If the maximum matching distance of step 5 is greater than a specific threshold, the
center of the check sub-region with which the matching distance is the maximum is set
as a new position of the corresponding corner point of step 3 in the current image frame.
Thus, the motion vector of the corner point in the preceding image frame is obtained.

7) Repeat steps 3-6 to estimate all motion vectors of corner points in the preceding image

frame.

Figure 5-11 depicts a test result of the optical flow estimation. In the figure, small arrows
indicate the detected motion direction of interesting points of vehicles. An average motion

vector is obtained by taking into account motion vectors of all interesting points. Some errors

-4

Iy

~caused by imperfect corner selection

can be observed in the figure. These-& ors ,e}'r.Tf ‘hainly
ey | B = s \

-
and match searching. However, such estimati
.;::‘l ‘." l"”“

the vehicle moving direction can stﬂ:l_;;"b bt

efrors can be averaged out in most cases and
| E
. -

éiﬁ%‘?or;;ﬁ{otion-type discrimination with high

accuracy. In Fig. 5-11, the direction of the big atrow indicates the average motion vector of

Fig. 5-11. Result of optical flow estimation.
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vehicles in the specific region. It accurately reflects the motion type of vehicles in this region.
According to the information of the estimated direction, the system can identify where the

vehicles come from and determine the turn ratio accordingly.

5.5 Summary

An automatic contour initialization procedure has been developed for image tracking of
multiple vehicles based on active contour and image measurement approach. A method is
proposed to detect moving vehicles of various sizes and generate their initial contours for
image tracking in a multi-lane road. The proposed method is not constrained by the lane
boundary. The automatic contour initialization and tracking scheme have been proposed for
traffic monitoring. Moreover, in company with motion vector estimation, the special designed
window can be used to measure theiwehicle turn ratio in real-time. An algorithm for
estimating motion vector based on corner correlation has-been designed to meet the real-time

requirement.

82



Chapter 6

Experimental Results

6.1 Introduction

In this chapter, five experimental results of traffic parameter estimation are presented
and evaluated. First three experiments under a rare shadow condition evaluate the algorithms
of vehicle detection and tracking. First, cars and motorcycles are simultaneously detected and
tracked by the proposed method. Second, vehicles are detected and tracked for traffic
parameter estimation. Thirdly, a stand-alone traffic surveillance system has been implemented
to estimate the vehicle turn ratio at an intersection. The rest experiments are concerned with
not only the performance of tracking algorithm but also the capability of shadow suppression.
One test evaluates the shadow suppression and the tracking performance of the proposed
algorithm, and the other verifies the proposed method for turn ratio estimation. The test video
images under different shadow conditions were recorded in advance at an expressway as well
as an intersection near National Chiao Tung University. In both cases shadows attached to
their respective moving vehicles will degrade the performance of traffic monitoring if the
ITMS has no shadow suppression function. Nevertheless, the ITMS should be able to detect
and track the moving vehicles even when the shadows appear in the traffic scene. In the
experiments, we not only validate the feasibility of the shadow suppression algorithm but also
estimate traffic parameters such as traffic flow, traffic density, vehicle speeds, and vehicle

turn ratios with functional accuracy.

The rest of this chapter is organized as follows. Four experiments under a rate shadow
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condition are performed to examine the performance of the proposed method for traffic
parameter estimation in Section 6.2. Practical experimental results of traffic parameter
estimation under shadow condition are presented in Section 6.3. Section 6.4 shows the
experiment of turn ratio estimation under shadow condition. Section 6.5 gives some

concluding remarks.
6.2 Traffic Parameter Estimation

6.2.1 Vehicle Tracking

Practical experiments of traffic parameter extraction have been conducted to evaluate
the tracking performance of the proposed method by using two video clips of the traffic scene.
The frame rate adopted in both experiments is 15 frame/s. The pixel resolution of each test
frame is 352x240 pixels. Fig. 6-1 illustrates an example of image tracking of cars and
motorcycles. In Fig. 6-1(a), two motoreyeles are tracked and another motorcycle is detected in
the detection window. Fig. 6-1(b) shows that the motorcycle leaves the detection window and
an initial contour is generated accordingly inrthevinitialization region. In Fig. 6-1(c), two
motorcycles are tracked and another motor¢yele has not yet entered the detection window. A
motorcycle is detected in the detection window in Fig. 6-1(d). The motorcycle leaves the
detection window and an initial contour is generated accordingly in Fig. 6-1(e). Another
motorcycle is detected in Fig. 6-1(f). Two motorcycles are simultaneously detected in Fig.
6-1(g). One motorcycle leaves the detection window and an initial contour is generated in Fig.
6-1(h). A car is detected in Fig. 6-1(i). The car leaves the detection window and an initial
contour is generated for tracking in Fig. 6-1(j). The car is tracked while another car is detected
in Fig. 6-1(k). The car is tracked as expected and the other two cars are detected
simultaneously in Fig. 6-1(1). The experimental results demonstrate that the proposed contour
initialization procedure successfully provides initial contours for vehicle contour tracking.

Moreover, this experiment indicates that cars and motorcycles are detected and tracked
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Fig. 6-1. Experimental results of image tracking of cars and motorcycles.
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simultaneously in any portion of a multi-lane road by the proposed method. A video clip of

experimental results can be found at: http://isci.cn.nctu.edu.tw/video/JCTai/tracking.avi.

6.2.2 Vehicle Tracking and Traffic Parameter Estimation

The second experiment was conducted using a traffic scene recorded from a
surveillance camera installed at the main gate of the Hsinchu Science Park, where a traffic
monitoring and control system was implemented. Figure 6-2 shows the experimental results
of vehicle tracking for traffic parameters estimation. In Fig. 6-2(a), a car is detected in the
detection window. The first detected car leaves the detection window and an initial contour is
generated accordingly in Fig. 6-2(b). In Fig. 6-2(c), two cars are tracked and another detected
car passes through the detection window. Figure 6-2(d) shows that the detection window
detects a vehicle in the left lane. Two carssimultaneously cross the detection window and are
detected in Fig. 6-2(e). Cars leave the detection window and are tracked in Fig. 6-2(f). It is
interesting to note that two tracked cars are close to each other and still being tracked
precisely in Fig. 6-2(g). In Fig. 6-2(h), a car traveling between two lanes is detected in the

detection window.

In this example, useful traffic parameters are estimated using the proposed method. In a
time duration of 20 minutes, a total of 335 vehicles were detected (the ground truth was 334
vehicles). The accuracy of vehicle number estimation is very high, thanks to the detection
window for handling vehicles that travel across lane boundaries. Table 6-1 shows the
experimental results of traffic parameter estimation. In the table, ground truth, which was
manually measured from image sequences, is also presented for comparison. The estimated
parameters are as follows: the average speed was 42.87 km/hr (the ground truth was42.88
km/hr), the traffic flow rate was 1002 car/hr (the ground truth was 1005 car/hr) and the

density was 23.37 car/km (the ground truth was 23.44 car/km). Because the initial contour
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generated by the proposed method is highly suited for active contour-based image tracking,
the error of average speed estimation is within 5%. A video clip of experimental results can be

found at: http://isci.cn.nctu.edu.tw/video/JCTai/Tracking2.mpg

frame no = 044 N
; o = T,

‘\
\
i

Fig. 6-2. Image tracking results of cars.
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Table 6-1 Experimental Results of Traffic Parameter Estimation

Time Vehicle number | Traffic flow rate Average speed Traffic density

index (car) (car/hr) (km/hr) (car/km)

(min) ?ri(;lllmd Estimated ?rfl(‘zlllmd Estimated ?ril(‘zl];lnd Estimated | error ?;;Lmd Estimated
1 13 14 780 840 36.9 35.6 3.51% 21.1 23.6
2 38 38 2280 2280 44.0 422 4.00% 51.9 54.0
3 6 6 360 360 53.3 51.1 4.17% 6.8 7.0
4 2 2 120 120 43.1 42.9 0.47% 2.8 2.8
5 38 37 2280 2220 42.5 41.7 2.03% 53.6 53.3
6 12 12 720 720 435 43.2 0.82% 16.5 16.7
7 15 15 900 900 41.2 41.8 -1.47% 21.9 21.6
8 21 21 1260 1260 43.0 43.8 -1.84% 293 28.8
9 5 5 300 300 49.8 50.8 -2.16% 6.0 59
10 23 23 1380 1380 36.9 35.6 3.51% 37.4 38.8
11 4 4 240 240 45.6 46.0 -0.80% 5.3 52
12 23 23 1380 1380 38.7 38.4 0.77% 35.7 36.0
13 26 27 1560 1620 40.2 40.2 0.01% 38.8 40.3
14 5 5 300 300 48:8 496 -1.67% 6.2 6.1
15 30 30 1800 1800 41.6 42.1 -1.28% 433 42.7
16 22 22 1320 1320 46.2 47.0 -1.59% 28.6 28.1
17 1 1 60 60 44.6 44.5 0.24% 1.3 1.3
18 27 28 1620 1680 393 39.9 -1.48% 41.2 42.1
19 12 12 720 720 45.7 46.8 -2.27% 15.7 15.4
20 11 10 660 600 32.8 34.4 -4.69% 20.1 17.5

6.2.3 Turn Ratio Estimation

6.2.3.1 System Architecture

A stand-alone traffic surveillance system has been installed at a main intersection in the
Hsinchu Science Park, where the traffic condition is very often congested. A CCD camera is
used to monitor the T-shape signal-controlled intersection. The turn ratio as well as the traffic
flow parameters of the intersection are measured. This onsite traffic monitoring system uses a
USB 2.0 image grabber to acquire the traffic scene. The monitoring system employs two

detection windows to detect oncoming vehicles, as shown in Fig. 6-3. One detection window
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detects the vehicles moving straight and the other detects the vehicles turning left. The
measured vehicle count is automatically uploaded to a SQL server every minute. The
collected data are used for real-time traffic parameter extraction. Fig. 6-4 depicts the display
of the turn ratio measurement system. The upper-left region of the display is the real-time
image; the upper-right region is the measurement result. The lower-right region is the

background image; the lower-left region shows the vehicle count and the elapsed time.

For the T-shape signal-controlled intersection, the traffic control signals consist of three
phases: one for vehicles moving straight, the other for oncoming vehicles turning left, and
another for vehicles in the cross lanes. In this experiment, only oncoming vehicles need to be
monitored in the traffic imagery. As shown in Figs. 6-5-7, the motion vector of lower-right
region is measured to identify where the vehicles come from. It is clear in these figures that
the developed ITMS successfully estimates, thtee types: of motion vectors. A video clip of

experimental results can be found at: http://isci.en.nctu.edu.tw/video/JCTai/Turn_ratio.mpg.

6.2.3.2 Turn Ratio Measurement

From a seven-minute video, useful traffic parameters are extracted using the developed
ITMS in real time. Results of traffic flow estimation are shown in Fig. 6-8. The upper half of
Fig. 6-8 presents the counting result of vehicles moving straight. In the figure, the actual
number of vehicles, which were manually counted from image sequences, is also presented
for comparison. In this test, 57 vehicles moving straight were recorded passing through the
detection window. The system detected 59 vehicles with an error of 3.5%. The lower half of
Fig. 6-8 presents the count of vehicles turning left. There were 53 vehicles recorded passing
through the detection window, and the system detected 57 vehicles with an error of 7.5%. The

results of turn ratio measurement are depicted in Fig. 6-9. The upper half of Fig. 6-9 shows
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Fig. 6-6. Motion estimation results of oncoming vehicles turning left.
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the eross-lane moving straight ahead.
4

both the measured and the actual tu_rj{ rafi{;ﬁﬁfg e error l{f the turn ratio measurement is also

hu.-"l '.lir.i.:b= -';":J

shown in the lower half of Fig. 6- 9 %ﬁt@ls settin {g,ﬂ@ actual turn ratio is 48.18% and the
by a-";r,T]r A
measured is 49.14%. The average error is 2%. The measurement error is mainly caused by the
imperfect installation site of the camera. The same motion that appears in different regions
has different displacements in the image frame. Since the installation site of the camera is too
close to the monitored vehicles in the test, the motion of vehicles that are near the camera will
have a larger displacement than the motion of vehicles further away in the image frame.
Consequently, in the matching process, the displacement of the nearer vehicles will probably

exceed the prescribed searching range and cause errors in the matching process. This problem

will be improved if a better site can be selected for the camera in use.
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6.2.3.3 Turn Ratio Estimation at A Cross | ntersection

In this experiment, the turn ratios of oncoming vehicles at a cross intersection are
estimated. The monitoring system employs three detection windows to detect oncoming
vehicles, as shown in Figs. 6.10(a)-(d). One detection window detects the vehicles moving
straight, another detects the vehicles turning left and the other detects the vehicles turning
right. Excluding the oncoming vehicles, ongoing vehicles moving straight and vehicles of the
cross-lane moving straight also pass through these detection windows. However, only the
oncoming vehicles should be detected for turn ratio estimation. It is necessary to use the
developed optical flow method to estimate the driving direction for enabling the vehicle
detection. The motion information can be used to determine where the vehicles that pass
through the detection window come from. Three specific regions that cover the detection
windows are set for the motion estimation, as._shownin Figs. 6.10(a)-(d). Accordingly the

oncoming vehicles can be discriminated and detected for turn ratio estimation.

Figures 6.10(a)-(d) depict a test tesult of vehicle detection and motion vector estimation.
In the figures, the small arrows indicate the detected motion direction of interesting points of
the vehicles. An average motion vector is obtained by averaging all estimated motion vectors
of all interesting points in the specific regions. Figure 6.10(a) shows that an ongoing vehicle
moving straight is detected by using the detection window and the driving direction of the
vehicle is also estimated correctly. As shown in Fig. 6.10(b), a vehicle moving right and a
vehicle moving left pass through their respective detection window. The driving directions are
estimated successfully and enable the detection windows to detect the vehicle. Figures
6.10(c)-(d) shows that the motion information is used to disable the detection windows when

vehicles of the cross-lane moving straight pass through the detection windows.

In a green-light period, 24 oncoming vehicles pass through the detection windows and
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Fig. 6-10. Experimental results of turn ratio estimation at a cross intersection.
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the system detects 25 vehicles with an error of 6.25%. There are 7 vehicles moving left that
pass through the detection window and the vehicles are successfully detected by the system.
The optical flow estimation provides the motion information to the system for the vehicle
detection. The vehicles moving right are also processed in the same way. The actual left turn
ratio is 28% and the actual right turn ratio is 4%, both errors are 4%. Partial results can be

found at: http://isci.cn.nctu.edu.tw/video/JCTai/Tr Jctai.wmv.

6.3 Vehicle Tracking and Traffic Parameter Estimation with Shadow
Suppression

Figure 6-11 shows the system architecture of the proposed traffic parameter estimation
system with shadow suppression. The system consists of five parts: the foreground
segmentation module, shadow suppression, module, vehicle detection module, vehicle
tracking module, and traffic parameter, estimation module. The foreground segmentation
module constructs the background image for foreground segmentation from image sequences,
as described in Chapter 3. The shadew suppression module separates the cast shadow from
the moving regions for improving the quality of foreground segmentation, as presented in
Chapter 4. The vehicle detection module detects the moving vehicles for vehicle counting and
tracking initialization, as described in Chapter 5. The vehicle tracking module tracks the
moving vehicle for speed estimation. Finally the traffic parameter estimation obtains useful

traffic parameters by analyzing detection and tracking result, as shown in Section 5.3.3.

The frame rate adopted in the experiment is 15 frames per second. The pixel resolution
of each test frame is 352x240 pixels. Figure 6-12 illustrates an example of image tracking of
cars and trucks on an intercity expressway. In the scene, the shadow strength is medium, and
the shadow size is large. The ITMS will fail to detect and track the moving vehicles if three is
no shadow suppression tool in use. Figs. 6-12(b)-(I) shows that the proposed method

successfully separates the shadow from the moving region. In Fig. 6-12(b), two cars are
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Fig. 6-11. Block diagram;of the traffi¢ parameter estimation system.
detected in the detection window, and one caris'tracked: One car leaves the detection window
and an active contour is initiated fot tracking“in Fig. 6-12(d). Three cars are tracked in Fig.
6-11(f). One car is tracked, and a truck-is-detected.in the detection window, as shown in Fig.
6-12(h). The truck leaves the detection window and an initial contour is generated for tracking
in Fig. 6-12(j). In Fig. 6-12(1), the truck is tracked and a car is detected in the detection
window. The experimental results demonstrate that the traffic monitoring system successfully
tracks the moving vehicles with shadow suppression. Partial results can be found at:

http://isci.cn.nctu.edu.tw/video/JCTai/shadow track.wmv.

In this example, useful traffic parameters are estimated. In a time duration of 23 seconds,
a total of 16 vehicles were detected (the ground truth is 18 vehicles). The accuracy of vehicle
number estimation and tracking are satisfactory, thanks to the shadow suppression and the
detection window for handling vehicles that travel across lane boundaries. Table 6-2 shows

the experimental results of the estimation of vehicle speed. In the table, the ground truth,
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Fig. 6-12. Experimental results of vehicle tracking with shadow suppression in an expressway.

(Detected shadows are indicated in white area and detected vehicles are indicated in darker area.)
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Table 6-2 Experimental Results of Vehicle Speed Estimation

Estimated Ground
Vehicle Index speed truth Error %
(km/hr) (km/hr)
1 84.1 80.6 4.3%
2 86.0 84.9 1.4%
3 86.4 85.7 0.8%
4 84.9 86.8 -2.2%
5 86.8 86.4 0.4%
6 101.3 103.5 -2.2%
7 82.9 87.6 -5.3%
8 100.6 95.7 5.1%
9 73.1 73.1 0.0%
10 75.0 76.8 -2.3%
11 77.0 773 -0.4%
12 79.3 77.6 2.2%
13 84.1 82.9 1.4%
14 549 54.0 1.7%
15 66.0 66.6 -0.9%
16 64.8 64.5 0.5%
Average 80.4 80.2 0.3%

which was manually measured from image sequences, is also presented for comparison.
Because the initial contour generated by the proposed method is well-suited for the
active-contour-based image tracking with shadow suppression; the error of average speed
estimation is within 5%. The traffic parameters are estimated as follow: the average speed is
80.4 km/hr (the ground truth is 80.2 km/hr), the traffic flow rate is 2504.3 car/hr and the

density is 31.3 car/km.
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6.4 Turn Ratio Estimation with Shadow Suppression

Figure 6-13 shows the system architecture of the proposed turn ratio estimation system.
The system consists of five parts: the foreground segmentation module, shadow suppression
module, vehicle detection module, optical flow detection module, and vehicle turn ratio
module. The first three preceding modules are the same as described in Fig.6-12. The
direction of movement detected by the optical flow detection module is used to determine
whether the detection window detects the moving vehicle, as presented in Section 5.4. The
turn ratio module computes the turn ratio by using the vehicle count of each vehicle detection

module, as described in Section 5.4.

In this experiment, the left turn ratio of oncoming vehicles is estimated at a T-shape
intersection as shown in Fig. 6-14. Figures '6-14(a)-(c) depict a test result of shadow

suppression and the motion vector-estimation.. The image sequences are captured during

Traffic Image-Sequence

Y Y

Moving Vehicle Background
Segmentation Estimatior

Y Y

Shadow Suppression

\ Y

Optical Vehicle
Flow  {e————pp{ Detection
Estimation

Y

Vehicle Turn Ratio Estimatior

Fig. 6-13. Block diagram of the vehicle turn ratio estimation system.
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Fig. 6-14. Experimental results of turn ratio estimation with shadow suppression at an intersection.
Three types of driving direction of vehicles are distinguished: (a) Moving right. (b) Moving left. (c)

Moving straight ahead.

sunset. In the scene, the shadow strength is large, and the shadow size is medium. The actual
shadow has been successfully separated from the moving vehicle by the proposed method. In
the figures, the small arrows indicate the detected motion direction of interesting points of the
vehicles. An average motion vector is obtained by considering the motion vectors of all
interesting points in the specific region. The direction of the big arrow shows the average

motion vector of vehicles in the specific region. Figure 6-14(a) shows two oncoming vehicles
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passing the specific region. One vehicle moves left and passes through the detection window
in Fig. 6-14(b). Figure 6-14(c) shows an ongoing vehicle passes through the specific region.
The detected motion accurately reflects the motion type of vehicles in this region and the
shadow has been suppressed in traffic monitoring. According to the information of the
estimated direction, the system can identify where the vehicles come from and determine the
turn ratio accordingly. In this test, the actual turn ratio is 7% and the calculated value is 7.2%.
The averaged error is about 3.7%. Partial results can be found at:

http://isci.cn.nctu.edu.tw/video/JCTai/shadow_ratio.wmv.

6.5 Summary

This chapter evaluates the proposed GBH, traffic parameter estimation, and shadow
detection approaches through experimental results: Five experiments have been carried out to
validate the performance of the propdsed scheme. In the. first three experiments, the vehicles
are detected and tracked for traffic parameter estimation under a rare shadow condition. In the
rest experiments, the proposed method of shadow. suppression successfully removes the
overlapping shadows attached to moving vehicles for traffic image analysis. The moving
vehicles are successfully segmented using our proposed method, showing that our tracking
algorithm and turn ratio estimation work satisfactorily under shadow condition. Traffic

parameters are obtained with high accuracy.
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Chapter 7

Conclusion and Future Work

7.1 Dissertation Summary

To measure reliable traffic parameters, a series of designs and implementations of
image processing are proposed in this thesis. The extracted traffic parameters are average
speed, traffic flow, traffic density, and turn ratio. The image processing methodologies consist
of camera calibration, single Gaussian background modeling, vehicle detection and tracking,

optical-flow-based turn ratio measurement, and shadow-suppression.

We propose a novel algorithnmito automatically calibrate a PTZ camera that overlooks a
traffic scene. The geometric information of parallel lane markings is used to derive the focal
length equation for camera calibration. The computed focal length is further used to obtain the
pan and tilt angles of camera. Furthermore, an image processing procedure has been
developed to locate the parallel lane markings. The simulation results reveal that the error
rates of position estimation are within 2.3% under the presence of reasonable translational and
height errors. In actual experiments, twelve feature samples in a road scene were selected for
distance measurement. The maximum error of the distance measurement is within 5% and the

absolute mean of the error is below 2.39%.

To estimate a single Gaussian model of background pixel in real time, a group-based
histogram algorithm has been designed and implemented. The method is highly effective for

building the Gaussian background model from traffic image sequences. It is robust to errors
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caused by sensing noise and slow-moving objects. The computational load of the GBH is
35% less than the popular GMM approaches, and is thus more suitable for the real-time
requirement of surveillance applications. The performance of the proposed algorithm has been

evaluated and successfully applied to an ITMS.

An automatic contour initialization procedure has been developed for image tracking of
multiple vehicles based on an active contour and image measurement approach. First, a
detection-window-based method is proposed to detect moving vehicles of various sizes and
generate their initial contours for image tracking in a multi-lane road. The proposed method is
not constrained by the lane boundary. Kalman filtering techniques are then applied for active
contour-based image tracking of various vehicles. The automatic contour initialization and
tracking scheme have been tested for traffic,monitoring. Experimental results reveal that the
proposed method successfully tracks motorcycles as well as cars on an urban multi-lane road.
Traffic parameters are successfully-extracted by using the developed method. The error of

average vehicle speed estimation is within'5%.

A method is proposed to automatically estimate the turn ratio at an intersection by using
techniques of optical flow calculation and detection window. An algorithm for estimating
motion vector based on corner correlation has been designed to meet the real-time
requirement. The automatic turn ratio measurement has been tested for traffic monitoring in
Hsinchu Science Park, Taiwan. Experimental results show that the proposed method
successfully detects vehicles and estimate the motion vectors of moving vehicles at an

intersection. Turn ratio is measured with a satisfactory accuracy.

To increase the performance of moving vehicle segmentation, we propose a
shadow-region-based statistical nonparametric method to construct a ratio model for shadow

pixel detection. The generation of this shadow model is more effective than existing methods.
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Two types of spatial analysis have been further designed to enhance the performance of
shadow suppression. Practical experimental results show that the shadow detection method

outperforms existing methods both in the shadow suppression rate and the computation time.

The proposed scheme has been successfully applied to an ITMS. Traffic parameter
estimation with shadow suppression works satisfactorily. Traffic parameters such as traffic
flow, turn ratios, traffic densities, and vehicle speeds have been obtained with acceptable
accuracy. The absolute error rate is less than 5.3% for vehicle speed estimation and within

3.7% for the turn ratio estimation.

7.2 FutureDirections

Some directions for future study are recommended below:

(1) In the future, practical applications of PTZ cameras will be further studied. For instance,
most image-based traffic surveillance methods adopt-a virtual window to detect vehicles
[71]. If the view of a PTZ camera’is.changed, then the position and size of the window
must be adjusted manually. Using the dynamic calibration procedure developed in this
thesis, the detection window can be arranged automatically. On the other hand, the effects
of lens distortion and having a non-fixed principal point need to be handled in order to

increase the accuracy of PTZ camera calibration.

(2) Several directions on vehicle detection and tracking deserve further study in the future. On
one hand, heavy occlusion of vehicles influences the accuracy of image measurement.
Methods need to be developed to distinguish individual vehicles. Color information of
individual tracked cars can be very useful for solving this problem [80]. On another hand,
in order to increase the accuracy of foreground segmentation, we will focus on the study

of new methods to select adaptive thresholds for handling the change of environment
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illumination on the road. To achieve a dependable performance, a Neuro-Fuzzy classifier

can be desirable for an ITMS.

(3) For future shadow-detection studies, more emphasis will be directed to increase the
robustness of the shadow detection under various illumination conditions. First, the
Gaussian ratio model built under a specific illumination condition might fail under a
considerably different illumination. In traffic monitoring applications, it will be beneficial
to build a database of ratio models for different illumination conditions. Additionally,
shadow pixels that lie nearmoving vehicles or overlap other vehicles might be
misclassified as moving-vehicle pixels. The pixels of the same shadow region may have
similar color information to the traffic imagery. The color distribution can be used to find
uniform sub-regions and hence the uniform. sub-regions can be used to verify the actual

shadow region [81].
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Appendix A

Derivation of Focal Length Equation

In this appendix, the focal length equation will be derived by using only two parallel
lines in the image. As shown in Fig. 2-1(a), lines L; and L, are two parallel lines, L; and L,
intersect X-axis and Y-axis at P;, P,, P; and Py; the corresponding coordinates of these points

in image plane are expressed as follows:

_ /X, __/Mtanf __ faYtanb
S hesc@ hesc@ A
X, 1Y, tan @

—— At ; A2
ta F hcscp (8-2)
Vi 1Y, sing@ (A3)

Y, Cosg+hesc@’ '

fY,sing

e Y, cos@+hesc@’ A4

where X, is the X coordinate of P,, X, is the X coordinate of P,, Y is the

Y coordinate of P, and Y, is the Y coordinate of P;. Dividing (Al) by (A.2), we obtain

Y,
02?1 :u—z. Writing » as fY;sing, s as Y,cos@ and ¢ as hcscg, (A.3) and (A.4)
3 Uy

can be rewritten as

ar
v, = , A5
— (A.5)
7
=—, A.6
Vs o +7 (A.6)
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Applying trigonometric function properties, one can easily find the relationship between

r,s and t. Computing 7° + f°s*and r’t*, one can obtain
P+ s = Y, (A7)
Pt = (fYh). (A.8)

Dividing (A.7) by (A.8), one has

7"2+f252_1

22 PR (A.9)
Solving for r,s interms of ¢ from (AS5) and (A6), one has

av,y; — vy
r=—1213in=pq, (A.10)

av, —dv,

av, = v

s=——L¢=pr1, (A.11)

av, — av,

Substituting (A.10) and (A.11) into (A:9)-and using ¢ =hcscg, (A.9) can be rewritten

as
BArB 1 A2
Bl (hesew) W '
Rearranging (A.12), we obtain
B+ B =Bl ese’g. (A.13)

Next, the relationship between csc¢ and sec@ is derived. In Fig. 2-1, the world
coordinates of the camera is (0,—4cot¢,h) and the X-coordinates of P, and P, are expressed

below:
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X, =hcotgtanf—dsecl, (A.14)

X, =X, —-wsecH. (A.15)

The u coordinates of P;and P, in an image frame are expressed as follows:

“, :ﬂ(z :f(X4—wsec6?), (A.16)
F F
_ X,
uy =t (A.17)

Let X, =qwsecd;then, X, =(q—1)wsecl, (A.16) and (A.17) can be rewritten as

-1 (7]
u, = JAg = Dwsec ) (A.18)
F
6
u, =108l (A.19)
E
From (A18) and (A19), g can be expressedin terms of u, and u,:
L. sl
q= =—.
| _Haloa (A.20)
U,

Substituting F =hcscg into (A.19), we obtain the relationship between cscg¢ and

secd:

csc¢:§—wfsecﬁ. (A.21)

u,
Substituting (A21) into (A13), we obtain

B+ B =05 (%)Zf *sec’ 6. (A.22)

Using the vanishing point constraints and trigonometric function properties, one can
proceed to derive equations that will determine the equation containing sec’ @ and, finally,
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the focal length equation. Squaring (2.5) and using sec® @=1+tan’ @, we have

u,” = f2tan’ @+ £ tan” Gtan’ @. (A.23)

Since v, = f'tan@, (A.23) can be rewritten as follows:

u,. =(f*+v, )tan’ 9. (A.24)

Using tan’ @ =(sec’ @—1), (A.24) yields

u, + fRHv,. =(f7 +v, )sec’ 6. (A.25)

The equation containing sec® @ is found. Dividing (A.25) by (A.22), we get

”02+f2+V02: f2+V02
B+ B BNz, o2 ' (A.26)
" hu

4

Rearranging (A.26), we arrive-at:

am® +bmtc=0. (A.27)

where m is f”and other variables are listed Table 2-1. This governing equation is

presented in Section 2.2 as the focal length equation.

Next, let us discuss how camera parameters affect the sign of coefficient a. For

simplicity, the sign of at”is discussed instead of the sign of «

at’> = Bt* - B,°t* =Y, (cos® 8- cos” ¢). (A.28)

(A.28) reveals that the magnitude of the tile angle and pan angle affect the sign of coefficient

a ; the details are listed below:

a0, lg>le].
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« a=0,if |¢g=¢ or ¥,=0,

- a<0,if |d<|q.
It is clear that the difference between the absolute value of tilt angle and pan angle
determines the sign of coefficient a. When a =0, the focal length equation becomes linear
and the focal length can be easily estimated. This completes the derivation of the focal length

equation.

When the vanishing point is far from the image center or disappears (for instance,
when the tilt angle equals 90 deg) in the image frame, (A.27) cannot be used to find the focal

length. Instead the focal length can be easily obtained by the perspective projection equation:

r=ne (A29)

where w is the width between parallel lanes in the image frame.
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Appendix B

Conversion between Pixed
Coordinates and World Coordinates

In this appendix, we derive the transformation between pixel coordinates and world
coordinates. We will explain how focal length and tilt angle are used to obtain the world

coordinates of a feature in the ground plane.

A pixel coordinate (u,v) is expressed as a function of world coordinate (X,Y,Z)

X X
u=—f IS B.1
fZC f—Ycos¢—F @1
Y Ysing
V=~ f Ry Skt B.2
fZL, f—Ycosw—F B-2)
(B.2) is rewritten as
vYcos¢g+vhcscg = fYsing. (B.3)
Dividing (B.3) by cos ¢, one can have
oY+ vheseq _ ﬂ (B.4)
cos@ cos @
Using v, = f tan @, (B.4) is rewritten as
vY +.L =Yy, . (B.5)
sin ¢cos @

The solution of (B.5) is
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h v Vo

= ) B.6
fsin® @v, —v (B.6)
Substituting (B.6) into (B.1), it is easy to obtain
SN S S N S [ (B.7)
fsing v, —v fsin@gv, —v

From (B.6) and (B.7), one can transform the pixel coordinates into their world

coordinates.
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Appendix C

RGB Color Ratio Model of Shadow
Pixels

In an outdoor daytime environment, there are two light sources, namely, a light point

source and a diffused extended light source. In the following derivation, the road is assumed
as to be Lambertian, with a constant reflectance in a traffic scene. The radiance L, of the
light reflected at a given point on a surface in the scene is formulated as [82]

L, (Aie,g) =L (Aieg)+L,(Aieg)+L, (1), (C.1)
where L (A,i,e,g), L,(Aieg), <L, (A) are the surface, body and ambient reflection terms,
respectively; A is the wavelengthiis “the ‘angle of incidence between the illumination

direction and the surface normal at a considered point; e is the reflection angle between the

surface normal and the viewing direction; and g is the phase angle illumination direction

and the viewing direction. When sunlight occlusion creates shadows, the radiance L of

'shadow

the reflected light becomes
Lshadnw (/1 H i’ e, g) = L(’; (/1) s (C2)
where L' (A) is the ambient reflection term in presence of the occluding object. To simplify

the analysis, the design assumes that the ambient light coming from the sky is not influenced

by the presence of the occluding objects, thatis, L (A) =L, (A).

The model is derived based on an RGB mode. The color components of the reflected

intensity reaching the RGB sensors at a point (x,y) in the 2D image plane can be expressed
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as

C, =[ EQ,x,)S (DA, (C.3)
where C,[{R,G,B} are the sensors responses, E(A,x,y) is the image irradiance at (x,y)

point and S.(A) is the spectral sensitivities of the RGB sensors of a color camera,
respectively, and A is determined by S (A), which is non-zero over a bounded interval of

wavelengths A. We assume that the scene radiance and the image irradiance are the same
because the situation is considered a Lambertian scene under uniform illumination [83]. For a

point in direct light, the sensor measurements are

Ci (xay)lit = .[A[LS (/Liaeag) +Lb (/Liaeag) +La (A)]Sc, (A)dA > (C4)

When a point is in the shadow, the sensor nieasurements are
C, (5 Viion = [ LS, (DA (C.5)
Since the reflection terms L (A,ie;g)s Ly(Aie,g) and L,(A) of a road surface are

similar in a traffic scene, for each object point-of the road surface, the RGB measurement

ratio between the lit and the shadow condition is approximately constant:

M = const. (C6)
Ci(x’ y)m

thatis, R ... =R, G yuin =BG, and B, .. =B, where a,f,y islessthan 1.
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