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ABSTRACT

Due to the terrorist attacks occur frequently, the anti-terrorism awareness of each country is
raising. Therefore, the visual surveillance monitoring systems are setting up at important sites or in
major cities in recent years. In visual surveillance monitoring system, the large-area high-resolution
visual monitoring view and intelligence monitoring systems are indispensable in surveillance
applications. To construct such systems, high-quality image capture, high-resolution display devices
and automated detection of objects are required.

Whereas high-quality displays have rapidly developed, the high-resolution surveillance cameras
have progressed slowly and remain not widely used compared with displays. In the first part of this
study, we designed an innovative framework, using a dual-camera system comprising a wide-angle
fixed camera and a high-resolution pan-tilt-zoom (PTZ) camera to construct a large-area high-
resolution visual-monitoring system that features multiresolution monitoring of moving objects. First,
we developed a novel calibration approach to estimate the relationship between the two cameras and
calibrate the PTZ camera. The PTZ camera was calibrated based on the consistent property of distinct
pan-tilt angle at various zooming factors, accelerating the calibration process without affecting
accuracy; this calibration process has not been reported previously. After calibrating the dual-camera
system, we used the PTZ camera and synthesized a large-area high-resolution background image.
When foreground targets were detected in the images captured by the wide-angle camera, the PTZ
camera was controlled to continuously track the user-selected target. Last, we integrated
preconstructed high-resolution background and low-resolution foreground images captured using the

wide-angle camera and the high-resolution foreground image captured using the PTZ camera to
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generate a large-area high-resolution view of the scene.

For intelligence visual surveillance monitoring system, the background subtraction is a crucial
component, which has been studied over years. However, an efficient algorithm that can tolerate the
environment changes such as dynamic backgrounds and sudden changes of illumination is still
demanding. In the second part of this study, we design an innovative framework called the spatial
background model (SBM) from a single-layer codebook model. Two main components, the
background model (BM) and the background gradient extractor (BGE), are constructed to extract the
foreground objects. The background model is built for each single frame with spatial information
propagated from the neighbor locations, which is useful for handling dynamic background and sudden
lighting changes. The background gradient extractor is also constructed and updated, and we design
a propagation forbidden policy for background updating, so as to keep the completeness of foreground
shape via the background gradient information. The proposed method can efficiently capture the
foreground and eliminates the noise of background.

Moreover, Cast shadows detection and removal is indispensable in the object detection to many
surveillance applications. In the third part of this study, we present a novel framework for removing
cast shadow of moving objects. Two main components, moving foreground detector and shadow
detector, are integrated. For moving objects, we utilize the spatial background model (SBM) to detect
the moving objects. For shadow removal, we first extract the shadow features which are chromaticity,
physical property, and texture. Then, using the classifier, Random Forest, to learn the shadow model
with shadow features. After that, removing the shadow from the result of SBM with the Random
Forest shadow detector (RFSD). The proposed method can effectively detect the moving objects and
remove the effect of shadow. Furthermore, we demonstrate the performance of our method compared
with some techniques of object detection and shadow removal.

Using these methodologies, constructing a large-area and high-resolution view using a dual-
camera system, detecting the moving objects with spatial background model, and using random forest
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shadow detector to remove the shadow effect, to improve the accuracy of intelligence of monitoring

surveillance.

Keywords: large-area and high-resolution visual monitoring system; dual-camera system; spatial

background model; object detection; shadow removal; support vector machine; random forest.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

Traditionally, the visual surveillance system is as a passive system which is used for recording and
for reviewing after the occurrence of events. Recently, due to the terrorist attacks, there have been
much interest in visual surveillance for security that is developing toward intelligent. The research in
visual surveillance spans for several disciplines, such as monitoring system and image analysis, and
various visual surveillance systems have been employed for diverse purposes, for example monitoring
traffic and ensuring the security of communities, businesses, schools, hospitals, homes, and the public.

In various visual surveillance applications, a large-area high-resolution monitoring system is
required. For example, when monitoring the parking area, a wide area must be monitored and details
(license plate) must be concurrently captured. A more challenging class of constructing a large-area
high-resolution monitoring system is the high-quality image capturing and display devices. The size
and resolution of monitors have rapidly increased in the recently year, and monitor prices have
decreased. Compared with the enhancement in the quality of displays, the image quality of
surveillance cameras has improved slowly. A single camera, such as a wide-angle fixed camera, a
PTZ camera, and a fish-eye camera, is used to capture images and can be used for different
applications, such as detection [1] [2], tracking [3] [4], and recognition [5]. The field of view of a
wide-angle fixed camera or a fish-eye camera is wide and that can be used to monitor the activities

of targets over a large area. However, the limitation of these cameras is the low resolution input and
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that cannot obtain the detail information for security, such as face and license plate. Although a PTZ
camera can provide the high-quality image, the field of view is narrow and lots of information of the
monitoring environment is lost. Following, the dual-camera system is used, various combination of
dual-camera is proposed, such as two PTZ cameras, one PTZ camera with one static cameras, and
one PTZ camera with one fish-eye camera. These systems provide the detail information from PTZ
camera with zoom in function and obtain the global information from other cameras. However, the
information of detail and that of global are not integrated. To achieve the large-area and high-
resolution qualities required, an alternative to high-end fixed camera is the pan-tilt zoom (PTZ)
camera, which is an inexpensive and suitable compromise, although most of the monitored area is not
covered when the PTZ camera is zoomed in. Another solution is constructing a camera network
comprising multiple cameras to cover a large area; however, integrating multiple views is difficult.
Therefore, in this thesis, we first integrate a PTZ and a wide-angle fixed cameras as a dual-camera
monitoring system to construct a large-area high-resolution monitoring view.

Although the large-area high-resolution monitoring system can monitor a wide area and details
concurrently, the intelligent is lacked. An intelligent visual monitoring system must automatically
detect and track the moving target in which the performance of the system is depend on the accuracy
of object detection. The background subtraction is often one of the most crucial components for object
detection. However, the problem becomes difficult when dynamic background and illumination
changes occur. The dynamic-background problem is caused by periodic-like motion or vibration such
as water rippling and waving trees. Illumination changes could be caused by human activity or by
natural. For example, people could turn on/off the lights in an indoor environment, and sunlight could
also be changed due to the occlusion of clouds in an outdoor environment. Many methods have been
proposed for background subtraction. Among these methods, the most intuitive one is the temporal
differencing mechanism [6] [7] that subtracts the current image with the previous one(s). The method
is adaptive to different environments but easily extracts incomplete foreground objects. Stauffer et al.
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[1] [8] proposed the Mixture-of-Gaussian (MoG) model which is probably the maost popular
parametric technique for background modeling. Several Gaussian distributions are used to generate
the background candidates for each pixel, which attempts to solve the problem of dynamic
background. However, a drawback of MoG is that its parameters are sensitive to the background.
Kim et al. [2] [9] modeled each pixel as a codebook with one or more codewords depending upon the
background variation. The model performs well under illumination changes and also shows some
advantages in dealing with dynamic backgrounds. However, it needs a period of time to construct the
background model and lacks of the mechanism of re-modeling. In this thesis, we propose a framework
that addresses the limitations of these methods, which integrates the information of spatial to construct
a spatial background model (SBM). Our method can effectively cope with the problems of dynamic
background and sudden changes of illumination.

Due to the ambient light, the cast shadow is induced by moving objects and also detected as the
foreground. However, shadows make the object detection incorrect, some applications which are
based on object detection become less reliable and reduce the performance of visual surveillance.
Therefore, the effective method for removing cast shadows is needed. In this thesis, several useful
shadow features, such as chromaticity, physical properties, and texture, are selected and that are used
for training shadow classifier based on Random Forest algorithm. Besides, we integrate the spatial
background model with Random Forest classifier to produce the effective foreground detector. The
proposed method can effectively detect the moving objects and remove the shadow effect.
Furthermore, we demonstrate the performance of the proposed method compared with some state-of-

the-art techniques of object detection and shadow removal.

1.2 Outline of this Research

In this dissertation, we investigate both object detection and monitoring problems in dual-camera
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surveillance system. A large-area high-resolution visual monitoring system is proposed. The dual-
camera system architecture is adopted, and a wide area and details concurrently captured. Then, we
apply the spatial background model into large-area high-resolution monitoring system to detect
foreground which overcomes the problems of the dynamic background and the sudden changes of
illumination. Finally, the shadow removal technique is adopted to remove the effect of shadow and

enhance the accuracy of object detection

1.2.1 Large-Area High-Resolution Visual Monitoring Using a Dual-Camera

System

Large-area high-resolution visual monitoring systems are indispensable in surveillance applications.
To construct such systems, high-quality image capture and display devices are required. Whereas
high-quality displays have rapidly developed, as exemplified by the announcement of the 85-inch 4K
ultrahigh-definition TV by Samsung at the 2013 Consumer Electronics Show (CES), the high-
resolution surveillance cameras have progressed slowly and remain not widely used compared with
displays. In this chapter, we designed an innovative framework, using a dual-camera system
comprising a wide-angle fixed camera and a high-resolution pan-tilt-zoom (PTZ) camera to construct
a large-area high-resolution visual-monitoring system that features multiresolution monitoring of
moving objects. First, we developed a novel calibration approach to estimate the relationship between
the two cameras and calibrate the PTZ camera. The PTZ camera was calibrated based on the
consistent property of distinct pan-tilt angle at various zooming factors, accelerating the calibration
process without affecting accuracy; this calibration process has not been reported previously. After
calibrating the dual-camera system, we used the PTZ camera and synthesized a large-area high-
resolution background image. When foreground targets were detected in the images captured by the
wide-angle camera, the PTZ camera was controlled to continuously track the user-selected target.

Last, we integrated preconstructed high-resolution background and low-resolution foreground images



captured using the wide-angle camera and the high-resolution foreground image captured using the

PTZ camera to generate a large-area high-resolution view of the scene.

1.2.2 Spatial Background Modeling Using a Single-Layer Codebook Model

Background subtraction is a crucial component in visual surveillance, which has been studied over
years. However, an efficient algorithm that can tolerate the environment changes such as dynamic
backgrounds and sudden changes of illumination is still demanding. In this chapter, we design an
innovative framework called the spatial background model (SBM) from a single-layer codebook
model. Two main components, the background model (BM) and the background gradient extractor
(BGE), are constructed to extract the foreground objects. The background model is built for each
single frame with spatial information propagated from the neighbor locations, which is useful for
handling dynamic background and sudden lighting changes. The background gradient extractor is
also constructed and updated, and we design a propagation forbidden policy for background updating,
so as to keep the completeness of foreground shape via the background gradient information. The
proposed method can efficiently capture the foreground and eliminates the noise of background. The
performance of the proposed method is compared with MoG [1] [8], Codebook [2] [9] and ViBe [10]

on the Wallflower [11] and Perception [12] datasets.

1.2.3 Combining Spatial Background Modeling and Random Forest Classifier

for Foreground Segmentation and Shadow Removal

Cast shadows detection and removal is indispensable in the object detection to many surveillance
applications. In this chapter, we present a novel framework for removing cast shadow. Two main
components, moving foreground detector and shadow detector, are integrated. For moving objects,
we utilize the spatial background model (SBM) to detect the moving objects which is comprised of

the background mode (BM) and the background gradient extractor (BGE) as describe in Chapter 4.



SBM features the object detection in the dynamic background and the sudden lighting changes
environments. For shadow removal, we first extract the shadow features which are chromaticity,
physical property, and texture. Then, we use the classifier, Random Forest, to learn the shadow model
with shadow features. After that, we remove the shadow from the result of SBM with the shadow
classifier. The proposed method can effectively detect the moving objects and remove the effect of
shadow. Furthermore, we demonstrate the performance of our method compared with some

techniques of shadow removal.

1.3 Organization of the Thesis

The rest of this thesis is organized as follows. First, we describe work related to this study in Chapter
2, after which we focus on the large-area high-resolution visual monitoring using a dual-camera
system in Chapter 3. In Chapter 4, we present the spatial background model which is useful to
overcome the dynamic background and the sudden changes of illumination and be used in Chapter 5.
Next, we present an algorithm of shadow removal which can effectively remove the effect of shadow.

We conclude this thesis and provide the directions for future work in Chapter 6.



CHAPTER 2

RELATED WORK

In this chapter, we provide context for this research in the backdrop of previous work. Similar to the
classification in the previous chapter, we review the related works in the areas of visual monitoring
system, background modeling for objects detection, and cast shadow removal and discuss the

advantages and limitations that we address.

2.1 Visual Monitoring System

In the past 20 years, numerous frameworks have been proposed for visual surveillance system. Based
on the types of cameras used, visual monitoring systems can be classified into single-camera, hybrid-
camera, and camera-network systems. The single-camera system, which is widely used in visual
surveillance systems, a wide-angle fixed camera, a PTZ camera, or a fish-eye camera can be used as
the input device. The wide-angle fixed cameras, which is also called a static or stationary camera,
covers a wide angle of view and provides coarse information that is used for visual surveillance. Zhao
and Nevatia [13] segmented images of single humans acquired using a wide-angle fixed camera by
using the Markov chain Monte Carlo (MCMC) approach. Zhao and Nevatia [14] combined MCMC
with the Bayesian maximum a posteriori probability to segment images of humans in crowds. These
methods attained a satisfactory level of performance by using the coarse information obtained from
the wide-angle fixed camera. However, these frameworks designed for surveillance system cannot
provide minute image details. [15] [16] [17] used a PTZ camera in surveillance systems to

automatically track humans and vehicles, employing the zoom feature of the PTZ camera to track



targets of interest and zoom in on them. Although detail was captured using the zoom function, global
information was lacking. Single cameras have been used in numerous studies such as those of object
detection [1] [2] [18], tracking [3] [4] [19] [20], and recognition [5] [21] [22]. For tracking and
detecting objects, a single low-resolution camera is typically adequate, but the image is not of
sufficiently high quality to extract features required for face recognition even when multiple cameras
are used. A PTZ camera can provide image details at a high resolution, but background information
is lacking.

Sinha et al. [23] used a PTZ camera to stitch a panorama view for each scale by using a number
of high-resolution images with different scales and the detailed information is obtained after aligning
all panoramas together. Although their method provided a multilayered and high-resolution view, the
moving objects did not be addressed and the panorama at each scale may contain moving objects that
cause false foreground detection. Kang et al. [24] [25] used a PTZ camera to construct a panoramic,
which is the multilayered high-resolution view, by using distinct zooming factors. During events,
they controlled the PTZ camera to monitor the area and update the panorama. However, these
methods are inefficient when the panoramic background model is built for each layer by using key
frames and the background information cannot be instantly updated when several people are present
in the monitored area. A single PTZ camera framework cannot provide multiresolution foreground
information; when this framework is used to monitor a target at high-resolution, information
regarding other moving objects cannot be captured.

The hybrid-camera monitoring system features combinations such as a pair of PTZ cameras, a
fisheye camera plus a PTZ camera, and a wide-angle camera plus a PTZ camera. Marchesotti et al.
[26]; Zhou et al. [27]; Chen et al. [28] used a dual-camera system in which the operations of two PTZ
cameras were coordinated to track and characterize biometric information. One PTZ captured the
wide-angle view, whereas the other PTZ camera provided detail. Singh and Atrey [29] proposed a
technique for camera cooperation using Model Predictive Control (MPC) and demonstrated the utility
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by using two PTZ cameras. Zhang et al. [30]; Chen et al. [31] used fisheye and PTZ cameras to design
a dual-camera system in which a wide field of view was captured for image analysis by the fisheye
camera. Alahi et al. [32]; Micheloni et al. [33] proposed a dual-camera system comprising a wide-
angle fixed camera and a PTZ camera, which was used to detect, actively track and recognize people
in wide outdoor environments. Reale et al. [34] proposed an eye gaze estimation method by using a
dual camera comprising wide-angle fixed camera and PTZ cameras which were used to detect face
and eyes, respectively. These dual-camera systems concurrently provide wide-angle view at low-
resolution and detailed information at high-resolution; however, high-quality background information
was not available and in these works, the low- and high-resolution images were separately displayed.
Such a display mode is not intuitive to users for monitoring events [35]. Dornaika et al. [36] designed
a foveated panoramic sensor comprising a fisheye camera and a PTZ camera in which the panoramic
view was captured by the fisheye camera and high resolution view is proposed by the PTZ camera to
generate the multi-resolution view. Although this system integrated low- and high-resolution
information in a single scene, the high-quality background information was also not available. The
display mode of dual-camera systems can be classified into overview plus detail (O+D) [37] [38],
focus plus context (F+C) [37] [39], and steerable high-resolution display (steerable F+C) [40] [41].
Chen et al. [35] demonstrated that the steerable high-resolution display mode exhibits superior
performance levels compared with the other displays, providing integrated low- and high-resolution
information in a single scene during visual surveillance. Chen et al. [35]; Chen et al. [42] also used a
dual camera comprising static wide-angle and PTZ cameras, developing a multiresolution system that
integrated the overview image captured at low resolution by the wide-angle fixed camera with the
detailed information captured at high resolution by the PTZ camera and proposing the PTZ camera
turning calibration method with difference zoom in factor. Therefore, by using this system, a large
field of view could be monitored and the details of targets of interest could be concomitantly observed
and zoom in function could be used; however, this system cannot capture the details of the entire
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scene which means it does not have a high-resolution background image, the PTZ camera tuning
calibration method needs a projector to be the auxiliary device and that cannot be used in outdoor
environment and it is time-consuming when estimating the correspondence relationship between
difference zoom in factor .

Another type visual monitoring system is a camera network comprising numerous cameras.
Micheloni et al. [33] used several wide-angle cameras and PTZ cameras in a camera network designed
for surveillance. The wide-angle camera supplied information regarding object position that was
transferred to the PTZ camera for object tracking. Singh et al. [43] developed a coopetitive framework
for optimal multicamera placement. Natarajan et al. [44] proposed a decision-theoretic approach to
control and coordinate multiple active cameras for observing and tracking multiple moving targets in
a surveillance system. Cai et al. [45]; Micheloni et al. [46] designed camera networks composed
entirely of PTZ cameras. Such systems can be used to observe the entire field of view and
concurrently collect detailed information, concomitantly tracking multiple targets. However, high-
resolution background information is not captured, multiresolution information is not integrated, and
all moving objects cannot be easily tracked with the same number of cameras.

All types of camera systems present advantages and disadvantages. The fixed-camera system
featuring single or multiple wide-angle cameras can monitor a wide field of view, but cannot collect
detail information regarding areas of interest. The PTZ-camera monitoring system is more flexible
than is the wide-angle system, but it cannot concurrently monitor distinct areas and can either monitor
a large-area view or collect detailed information. Although, Kang et al. [24]; Kang et al. [25]
constructed a high-resolution panoramic view, the system did not adapt to scene changes, particularly
when various foreground targets were present. The hybrid-camera system offers the advantages of
the fixed-camera and PTZ-camera systems, but currently available systems [35] [42] [26] [30] cannot
yet monitor an entire view at high resolution. The camera network can be used to observe an entire
field of view by using a wide-angle camera to track multiple targets concurrently, but the current
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system [47] cannot monitor the entire view at high resolution and does not integrate the entire view
with detailed information.

In this study, we used the advantages of the three aforementioned systems to construct a large-
area high-resolution visual monitoring system, integrating the images of hybrid dual-cameras. In the
proposed system, the details of the entire monitored field can be observed, enabling those monitoring
the scene to accurately grasp the relevant information and allowing them react suitably to the events
that transpire; all moving objects at low resolution to make the users aware of suspicious targets, and
the target of interest is tracked at high resolution to examine details by using the automatic PTZ-

camera control.

2.2 Background Modeling

The background subtraction technique is aim to detect the foreground region form comparing an
observed image with an estimated image which is referred to as the background model. In recent year,
numerous of background subtraction have been proposed.

Among these methods, the most intuitive one is the temporal differencing mechanism [6] [7]
[48] that subtracts the current image with the previous one(s). The method is adaptive to different
environments but easily extracts incomplete foreground objects. Pixel-based background modeling
methods have been widely used in visual surveillance. [49] [50] [51] [52] used a statistical model of
background that modeling of each pixel with a Gaussian which store as a color mean and covariance
matrix. Those researchers assumed that each pixel in background is independent and that can be
described as a uni-modal of Gaussian. However, a single Gaussian cannot deal with non-stationary
background, because of multi-modal backgrounds which contains more than one peak is needed. To
overcome the problem of non-stationary background, Stauffer and Grimson [1] [8] proposed Mixture-
of-Gaussian (MoG) model which is probably the most popular parametric technique for background

modeling. Several Gaussian distributions are used to generate the background candidates for each
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pixel. Harville et al. [53] adopted YUV color plus depth information instead of using RGB color.
However, the drawbacks of MoG are that its parameters are sensitive to the background, needs the
scene with empty of foreground objects at the beginning of the sequence for a learning phase and the
capability of adapting sudden changes, such as the re-positioning of a static object or the turning on
of a light is weak.

Instead of Mixture of Gaussian, Kim et al. [2] [9] modeled each pixel as a codebook with one
or more codewords depending upon the background variation. They observed that the pixel values
change over time under lighting variation and that are mostly distributed along the axis going toward
the origin point (0, 0, 0) in the RGB space. Based on the observation, they developed a cylinder color
model to describe the change of the pixel values over time. Guo et al. [54] [55] proposed a hierarchical
scheme with block-based and pixel-based codebooks for foreground detection. The model performs
well under illumination changes and also shows some advantages in dealing with dynamic
backgrounds. However, they need a period of time to construct the background model and lacks of
the mechanism of re-modeling.

In the recent year, Barnich and Van Droogenbroeck [10] [56] used a random technique to
estimate the background. They modeled each background pixel with a set of samples which is
randomly choose from the neighbors. To classify an incoming pixel, calculating the distances between
and the set of samples and comparing with a thresholded Euclidean distance. When an incoming pixel
has been classified as the background, the random propagation process determines whether this value
is used to update the corresponding pixel model and to update the models of neighboring pixels.

The algorithms that are closer in spirit to ours are Kim et al. [2] [9] and Barnich and Van
Droogenbroeck [10] [56]. We integrate the characteristics of modeling background with the random
propagation process for updating background model from Barnich and VVan Droogenbroeck [56] [10]
and cylinder color model from Kim et al. [2] [9] to generate the spatial background model (SBM).
Besides, we proposed the two-way propagation policy to cope with the problems of non-stationary

12



JG M =
Figure 2.1: moving object, moving object shadow, ghost and ghost shadow [57].

background and ghost effect, and the forbidden propagation policy to keep the completeness of the

detected foreground.

2.3 Cast Shadow Removal

Cast shadow is considered as part of moving objects and that affect the results of objects detection.
Numerous frameworks have been proposed for cast shadow removal, Cucchiara et al. [57] [58] using
background subtraction methodology for extracting moving objects which include four components:
moving object, moving object shadow, ghost and ghost shadow, as shown in Figure 2.1. The ghost
and ghost shadow are removed using optical flow methodology, because the momentum is lacking.
For removing cast shadow, the illumination and chromaticity features are considered that is based on
the assumption of when the chromaticity of background is similar to that of shadow, the illumination
of shadow is darker than background. The main drawback of shadow removal used in this method is
sensitive threshold.

Huang and Chen [59] assumed that the shadow distribution (SD) is between direct light (DL)
and ambient light (AL) as shown in Figure 2.2. The direct light is white like sun light and ambient
light is bluer than direct light. There are four steps for removing shadow. First, the moving objects

are extracted by using GMM background model. Then, the weak shadow detector which is based on
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R
Figure 2.2: The contribution of all direct light sources and ambient illuminance [59].

the RGB color model is used to find the potential shadow as shown in Figure 2.3. The potential
shadow falls into the gray area and that can be used to remove the impossible background and
foreground. Next, the global shadow model and local shadow model are generated by using the
physical-based and gradient features, respectively. Finally the posterior probabilities are evaluated by
using the global shadow model and local shadow model which are used to identify foreground,
background and shadow.

Sanin et al. [60] integrated two features, chromaticity and texture, for removing shadow effect.
First, the candidate shadow regions are selected using chromaticity feature proposed by Cucchiara et
al. [57] [58]. Then, the pixels which have the significant gradient magnitudes in the candidate shadow
regions are selected. Finally, the shadow is removed according to the gradient direction which is the
correlation between the shadow and the background.

Although, these methods can remove shadow using chromaticity or texture features, the capable

Figure 2.3: The weak shadow detector [59].
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of adapting to different environments is lost, because they all need to tune the parameters and
thresholds. For example, the parameters and thresholds are tuned for indoor environments that are
not suitable for outdoors, because of the illumination of the ambient light and the sun are changed.
However, it is difficult to find the best parameters for various environments. Therefore, the learning-
based methods for shadow removal are proposed.

Different from the aforementioned methods, Wang et al. [61] firstly used Local-Patch Gaussian
Mixture Model (LPGMM) which is extend from the Gaussian Mixture Model to detect the moving
objects. Each pixel in LPGMM is modeled as a vector which is formed from its observed local
neighborhood. Then, several features are used in the SVM shadow classifier to discriminate the
foreground and shadow. The background model for detecting moving objects and the shadow
classifier for removing shadow are integrated and that is suitable for various environment without
tuning parameters or thresholds, because of the features for different scenes are used.

It is important to choose the useful features for shadow removal according to characteristics of
features. In our study, the features used for shadow removal is classified into four categories,
chromaticity, physical properties, geometric and texture, according to the survey paper [60] [62]. The
chromaticity is one of the spectral features. [57] [58] [63] proposed to use HSV color space to be the
chromaticity features. The HSV color space is converted from RBG color space that has three
components: hue, saturation, and value. Hue is the property of color, such as yellow and blue.
Saturation is the purity of color, the high value of saturation makes the color becomes bright. Value
is the brightness. For instance, light red and dark red may have the same value of hue, but have
different value of brightness. Chromaticity proposed that the hue and saturation are similar at the
same region of shadow. Due to the illuminant is blocked, the brightness of shadow is darker than
background. The region is classified as shadow, if its color is similar with background and the
brightness is darker than background. Moreover, the region with different color or extreme light
change is classified as the foreground. The advantages of chromaticity are simple to implement and
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low computational cost. However, the foreground is classified as background, because of the color
space is used and the color of foreground is similar to background.

[59] [64] considered two major illumination sources, ambient light (blue light) and the sun (white
light), in outdoor environment to be the physical properties. The shadow is generated by moving
object. Although the moving objects block the illumination source of sun, the ambient light is always
irradiating on the region. The illumination of sun is blocked and the ratio of ambient light is increasing
that makes the color of shadow trend to be blue color. The physical property is the ratio of blue and
brightness value, its accuracy is higher than other color features in outdoors and has common
performance in indoors, because of the difference light source in indoors. However, when the
foreground has the similar color with shadow, the physical property still misclassify, because of the
color information is adopted.

Hsieh et al. [65] proposed the geometry features for specific objects, such as vehicles and
standing people using its orientation, size and shape. First, the gravity of the foreground is used to
calculate the angle between foreground and shadow. Then the cut point is found by using the gradient
of object’s contour. According to the above results, the foreground and shadow can be separated. The
geometry can overcomes the problem of when the colors between foreground and background are
similar, because it is not color based. However, it has some limitations, for example, it can only use
to detect some specific objects, the object and shadow must have different orientation and only
accepts single light source.

Sanin et al. [66] proposed the texture feature for shadow removal. Although the region of shadow
is darker than background, the texture of this region still exists. There are two steps: (1) rough
foreground detection select the candidate region of shadow include foreground and shadow and (2)
to classify the candidate region into foreground or shadow by using texture feature. Two texture
features are calculated, the different of gradient and that of angle between pixel and its neighborhood.
The texture features of shadow are smaller than foreground. The performance of texture feature is
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well, because it does not rely on color information and does not have the limitations as described in
geometry feature. However, when texture feature are similar between foreground and background, it
is misclassified, for example, the smooth object on the floor.

However, each feature is suitable for different scene. For example, physical property has the best
performance in outdoors, because of it has significant difference between shadow and background
compared to other features. When the scene has simple foreground (i.e. only working people in the
hall), the feature of geometry substitute physical property and become the most suitable feature in
this scene. Therefore, we combine more features without weighted and learn the properties of

different scene to raise the performance of shadow removal.
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CHAPTER 3

LARGE-AREA HIGH-RESOLUTION VISUAL

MONITORING USING A DUAL-CAMERA SYSTEM

3.1 Introduction

Since the 911 terrorist attacks in New York and the subway bombings in London in 2005, security
has been a critical research topic in both academia and industry. In recent years, various visual
surveillance systems have been employed for diverse purposes, for example monitoring traffic and
ensuring the security of communities, businesses, schools, hospitals, homes, and the public. A large-
area high-resolution visual monitoring system is required in numerous practical surveillance
situations in which a wide area must be monitored and details must be concurrently captured. For
instance, when a traffic accident occurs, the scene of the accident must be observed and detailed
information must be captured such as the license plate numbers of the vehicles involved and the
specific injuries caused to the people involved in the accident.

To construct a large-area high-resolution visual monitoring system, both high-quality image
capturing and display devices are required. Recently, the size and resolution of monitors have rapidly
increased, and monitor prices have decreased. For example, the Hon Hai Precision Industry Company
Ltd sold a 60-inch LED monitor featuring 2K resolution for US$999 in 2012 and Samsung
Corporation announced a huge, 85-inch display featuring 4K resolution at the 2013 exhibition of the
international Consumer Electronics Show (CES). Compared with the enhancement in the quality of

displays, the image quality of surveillance cameras has improved slowly. Our market research
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Figure 3.1: An overview of our system.

indicates that, the highest resolution surveillance camera currently on the market is a 10-megapixel
camera with a resolution of 3648x2752 pixels that captures images at only 7 fps (frames per second),
sold by Arecont Vision for more than US$1100. At the 2013 CES, Bosch announced an ultrahigh-
definition 4K surveillance camera featuring 3840x 2160 pixels (8.3 megapixels) that captures images
at 30 fps or captures images at a full 12-megapixel resolution at 20fps. Although this camera is not
yet commercially available and its price has not been announced, we expect the camera to be
substantially more expensive compared with current high-resolution surveillance cameras. To
achieve the large-area and high-resolution qualities required, an alternative to high-end fixed camera
is the pan-tilt zoom (PTZ) camera, which is an inexpensive and suitable compromise, although most
of the monitored area is not covered when the PTZ camera is zoomed in. Another solution is
constructing a camera network comprising multiple cameras to cover a large area; however,
integrating multiple views is difficult.

In this study, we take advantage of the aforementioned cameras to develop a hybrid dual-camera
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system that includes a PTZ camera and a wide-angle fixed camera. Notice that, only two standard
cameras are used in our system, costing US$2590. Furthermore, we proposed a framework to
integrate both the zoomed-in and wide-angle views to construct a large-area high-resolution view that
concurrently provides the large-area and high-resolution coverage required for visual monitoring. An
overview of our system is presented in Figure 3.1. The wide-angle fixed camera can cover a fixed but
wide area, and the PTZ camera can be controlled to focus on a specific target and then zoom in and
out to capture videos of various scales. All images obtained from the PTZ camera were integrated to
construct a large-area high-resolution background image with a resolution of 4320x2880 pixels (12.4
megapixels) as shown in the left side of Figure 3.1, achieving a maximal resolution of 11520x8160
pixels (94 megapixels), which is considerably higher than 12-megapixel resolution yielded by the
Bosch. After moving objects are detected by a wide-angle fixed camera, the user can select a target
of interest and use the PTZ camera to continuously and automatically track that target. Finally, the
interesting target is integrated into the background and a large-area and high-resolution view is
generated. Employing the proposed system, a user can observe both a target of interest at a high
resolution and all activities in the synthesized monitoring area at a comparatively lower resolution
(Figure 3.1, right) as part of a process called multiresolution foreground image monitoring.

This chapter is organized as follows. First, we focus on the calibration of the camera, namely,
the calibration between the wide-angle fixed camera and the PTZ camera, the PTZ camera turning
calibration, and the multilayer calibration of the PTZ camera. Next, we demonstrate the construction
of a large-area high-resolution visual monitoring system by using the results of the camera calibration.
Last, we present the experimental results, and conclusion.

To enhance readability, in this chapter, the image captured using the wide-angle fixed camera is

referred to as the “overview image®, and the image captured using the PTZ camera is the “detall

image*. The detail image captured using a pan/tilt angle 6, =[p,,t,] and the zooming factor 1 that
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Figure 3.2: The hardware system.

make the detail image similar to the overview image is termed as the “reference image“. The PTZ

camera captured at various zooming factors or distinct magnifications are called “layers®.

3.2 System Architecture

The proposed system was designed to cover a wide monitoring area at high-resolution and provide
focused on targets. We installed a dual-camera system in a building (Figure 3.2) at a height of
approximately 10 m. The wide-angle camera used was ACM-1311N (resolution 680 x 480 pixels),
and the PTZ camera was CAM-6510N (resolution 720 x 480 pixels). In the installation, the cameras
can be considered concentric because of the long distance between the cameras and the monitored
area; in Section 3.3, we explain how this concentric property facilitates calibrating the cameras.

To effectively integrate a wide-angle fixed camera and PTZ camera, multiple key tasks must be
considered. As shown in Figure 3.3, the proposed system includes three primary technical
components: offline camera calibration, online construction of large-area high-resolution background
images, and online multiresolution foreground-image stitching. First, we determined the relationship

between the two cameras. When a target of interest is selected from the overview image, its
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Figure 3.3: The work flow of our system.

corresponding coordinates must be obtained in the reference image and the PTZ camera is
subsequently turned to the corresponding pan/tilt to acquire a detail image of the target. Thus, we
designed calibration schemes to estimate the relationship that transforms the image coordinates from
the overview image to the reference image, and to calculate the turning calibration of the PTZ camera
that transforms the image coordinates of the reference image to the corresponding detail image at the
pan/tilt. After calibrating the cameras, we used the calibration results to generate a large-area high-
resolution background by stitching the detail image captured at each pan/tilt. This process includes
the technical components of determining the step of the biaxis over layers, histogram adjustment, and
blending. When the system initiates, moving objects are detected in the overview image and low
resolution foreground images are generated. We can select one of the objects of interest as a target,
and the proposed system controls the PTZ camera to continuously track the target, capturing high-
resolution foreground images. Finally, we integrate the low- and high-resolution foreground images
into the preconstructed large-area high-resolution background image, generating the multiresolution

foreground monitoring image.
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3.3 Camera Calibration

Using the proposed system requires turning the PTZ camera and zooming it toward any point selected
on the overview image. Therefore, the image coordinates should be transformed from the overview
image to the reference image, and then the corresponding pan/tilt should be calculated, enabling the
capture of the detail image focused on the selected point in the overview image. Thus camera
calibration involved two steps when implementing the proposed system. The first step was estimating
the transformation between the coordinates of the overview and reference images. The second step
was estimating the relationships between the coordinates of the reference image and the

corresponding panftilt.

3.3.1 Calibration between Wide-Angle and PTZ Cameras

The proposed system requires estimating the transformation of coordinates between the overview and
reference images (i.e., we must calculate the corresponding image coordinates from the overview
image to the reference image). When using two concentric cameras, the image coordinates of two
cameras can be transformed using homography or a 3 x 3 perspective-transform matrix [67] [68].
Numerous surveillance applications have adopted using concentric cameras; for example, Elder et al.

[69] used such cameras to generate fused imagery, Prince et al. [70]; Wheeler et al. [71] used it to
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Figure 3.5: The corresponding SIFT features points.

detect and recognize faces, and Elder et al. [72] used it to detect people. In the proposed installation,
the two cameras were nonconcentric, but could be considered to be concentric because the centers of
their lenses were close to each other and the monitored area was adequately far from the camera
(Figure 3.1). This installation is commonly accepted in implemented surveillance applications [15]
[30] [47] [73]. A view captured using the wide-angle fixed camera and the PTZ camera in the
proposed installation is shown in Figure 3.4.

To estimate homography, the Scale Invariant Feature Transform (SIFT) algorithm [67] [74] was
used to estimate the corresponding feature points between the overview image and the reference

image because of the robustness and distinctiveness of this algorithm (Figure 3.5). Next, we
calculated the homography H3' between the overview and reference images by using at least four
corresponding points from the two images, yielding the following:

s;[xr y" 1]T =Hg [x° y° 1]T, (3.1)
where s isascale factor, and (x°,y°) and (x",y") are the coordinates of the corresponding feature

points in the overview and reference images, respectively.

3.3.2 PTZ Camera Calibration

After translating the image coordinates from the overview image to the reference image, we
determined the corresponding pan/tilt of the PTZ camera required to turn the PTZ camera toward the
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Figure 3.6: Gray-Code patterns.

position chosen from the overview image. In this subsection, we explain two calibration methods, in-
factory and on-site calibrations, both of which can be performed without human control.

In-Factory Calibration

In-factory calibration is performed to generate the look-up table required to turn the PTZ camera; this
method was used in our previous studies [35] [42]. The in-factory calibration method involves using
an auxiliary fixed projector to project gray-code patterns [75] (Figure 3.6) in front of a wall and

subsequently capture the projected pattern images by using the PTZ camera at each pan/tilt angle and

at the pan/tiltangle 6, =[p,.t,], serving as the detail images and reference image, respectively. Next,

the corresponding feature points between each detail image and the reference image are estimated
and used to calculate the homographies for each detail image and the reference image, after which
we can compute the corresponding coordinates of the image center of each pan/tilt in the reference
image based on these homographies. By using interpolation, the corresponding pan/tilt can be
computed when a user selects an arbitrary point on the reference image. Additional details of this
process are available in [35] [42] .

On-Site Calibration

Although the in-factory calibration method is satisfactory, in various applications the dual cameras
are installed at elevated sites, making dismantling the devices and using the in-factory calibration

method challenging. Therefore, we propose using a novel camera calibration method, called on-site
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calibration in the proposed system; this method is more convenient and robust compared with in-
factory calibration. On-site calibration features two automatic procedures. The first procedure is used
to automatically determine the calibration boundary, and the second is used to calibrate between
Layer 1 (zooming factor equal to one) and the reference image, a step called PTZ-camera turning
calibration.

In the proposed system, the maximal pan and tilt angles of the PTZ camera are 360° and 190 °,
respectively. Before calibrating the turning of the PTZ camera, we determined the rotation range in
which the PTZ camera was to be calibrated, enabling the detail and overview images to be
superimposed. Thus, first procedure is determining the calibration boundary, which includes (1)
determining the accepted pan/tilt map; and (2) deciding the calibration boundary.

In Step 1, we generated an accept pan/tilt map that indicated the rough pan/tilt of the detail

images that can cover the overview image. The symbols are defined as follows: the detail image

captured by the PTZ camera at pan/tilt angle &, =[p;,t;] with the use of Layer 1 is expressed as

I ; the panftile angle 6, =[p;,t;] with Layer 1istermedas o,, foreach I, ,and I, isthe

overview image. In this step, the pan and tilt angles of the PTZ camera used for each interval rotation
can be changed by the user; in the proposed implementation, we sampled these using angles of 11 °
and 9 °, respectively. For each |DIi ,and |y, , we use a feature-based method, SIFT [74], to
determine the corresponding feature points between the two images. If the number of corresponding
feature points is higher than a threshold T, we accept the pan/tile angle & =[p;,t;] and set the
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value as 1 in the accepted pan/tilt map; if the number is lower than the threshold, we reject the pan/tile

angle & =[p;,t;] and set the value as O in the accepted pan/tilt map. If the pan/tile angle

6, =[p;.t;] isaccepted, then the homography H2>' between |, and Iy, can be calculated. An

example of accepted pan/tilt map is shown in Figure 3.7, wherein the white and yellow points indicate
the accepted pan/tilt angles, and the black points indicate the rejected pan/tilt angles.

In Step 2, we determined the largest connected component in the accepted pan/tilt map, shown
as the yellow area in Figure 3.7, this was considered the possible range of the field of view of the

wide-angle fixed camera. Next, we used homography, HJ' to translate the coordinate of the center

of each detail image at ¢,, within the area of the largest connected component estimated into the

overview image coordinate, which is called C, . We bilinearly interpolated C,, to generate Cy,
which is the center coordinate of detail image at all valid pan/tilt angle in the overview image. We
determined the center coordinate of reference image Cg in the overview image by using the
following:

Cr =argmin|C,, —C,, ||norm , (3.2)

DI

where C,, represents the center coordinate of the overview image. Furthermore, we chose the
minimal and maximal valid C, values and set the corresponding pan/tilt angles as the minimal and

maximal pan/tilt angles of the calibration boundary and denoted themas Prin, Uiy Praxs@nd ..

After determining the calibration boundary and reference image, the second procedure is
calibrating the turning of the PTZ camera. We estimated the relationship between the coordinates of
the reference image and turning angle of the PTZ camera, allowing the PTZ camera to be turned to a
corresponding pan/tilt angle and then focused on the position selected in the reference image. To

accelerate the calibration process, we calibrate only for every interval of the pan and tilt angles p,,,
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and t__, respectively, using interpolation to calculate the results of the other angles. To determine

step !

the calibration interval of the pan and the tilt angles, we first calculate the number of intervals N by

N = ﬂ’ (3.3)
AreaDI,z:MAX

where Area,, is the area of the overview image, and Area,, , .. IS the area of the corresponding

using the following equation:

field of view of the PTZ camera in the overview image obtained using the maximal zooming factor,

which was 15 in the experiments. Ideally, distinct zooming factors should exhibit distinct numbers of
the intervals N, but for simplicity, we choose the maximal number, ensuring that the overview image
can be covered by merging all the detail images used for the calibration.

After calculating the number of calibration intervals N, we used the following equations to

calculate the rotation interval p,., and t,:

pmax - pmin
pstep :—N _1 y (3.4)
tmax _tmin
b =7 N1 (3.5)

Figure 3.8 shows the coordinates in the reference image that corresponded to all calibration

positions with the calibration intervals p,,, and t,, in the experiment. The red rectangle indicates

step

the range of the wide-angle fixed-camera view, the green rectangle is the range of the PTZ-camera
view, and the blue rectangle is the range of the PTZ-camera view with maximum zooming factor

which is 15 in our experiment. The p,, and tg, angles were approximately to 1° in the proposed

step

implementation.

After determining the sampled calibration positions, the PTZ-turning calibration involves

29



Figure 3.8: The coordinates map for background update.

obtaining the homography H F'fe'? , Which is the relationship between the coordinates of the reference

and detail images at each pan/tilt angle with the use of Layer 1. Here, we added the auxiliary views
to avoid inadequate corresponding feature points between the reference and detail images at pan/tilt

angle @

., - First, we obtained the reference image and collected 9 auxiliary images from the

predefined positions, which are shown as red dots in Figure 3.9 (a). We use a method similar to that

described in Section 3.3.1 and determined the homographies based on distinct auxiliary views j to

auxj

the reference image Hg,; where j=1to 9. Second, we divided the image into 9 regions, and each

detail image exhibiting the pan/tilt angle 6., was mapped to the predefined auxiliary view. The

.2,

regions and their corresponding auxiliary view are shown in Figure 3.9. For example, the @, ,

angles that fall into the Green Region 1 map to the auxiliary view of Red Point 1. Next, we determined

the homographies for all views @, , angles that were appropriate for the auxiliary view j, H P

aux i

Finally, we determined the relationship between the reference and detail images at pan/tilt angles

0, ,, according to the following equation (Figure 3.9 (b)(c)):

Hop = Hawd x o, (3.6)

aux i aux i

Multilayer PTZ-Camera Calibration
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Figure 3.9: The transformation between Layer 1 and the reference image.

Although the aforementioned calibration procedure is satisfactory, PTZ-turning calibration is
ineffective given distinct zooming factors because the focal length changes as Layer k changes; thus,

the principal point of the PTZ camera in the image is offset from the exact center of the image even
at the same pan/tilt angle. Therefore, we calibrated PTZ camera by using distinct zooming factors,
using multilayer PTZ-camera calibration.

The proposed multilayer PTZ-camera calibration is based on the consistent property of distinct
pan/tilt angles at various zooming factors (i.e., the relationship between the detail images obtained
using distinct zooming factors is independent of the pan/tilt angle). The consistent property does not
change when the pan/tilt angles are changed; thus, this method does not rely on the accuracy of pan/tilt
operation. By contrast, the PTZ camera calibration described in Section 3.3.2 relies on the
repeatability of the pan/tilt operation performed using modern PTZ cameras. The relationships

between the detail images that exhibit various zooming factors can be transformed using the

homography of H g;km, which represents the transformation between the Layers k and k+1 at

the pan/tilt angle @. The homographies between distinct layers are independent of the pan/tilt angle

o (ie., HZ‘;' = Hgff', for all pan/tilt angle 6, and 6,). We apply this feature of multilayer PTZ-
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ALGORITHM 1: The algorithm developed for multilayer PTZ camera calibration
Input: The SIFT feature points determined from the reference image
Output: The homographies between distinct layers
for number of layers do
for number of feature points do
To calculate the number of feature points, N, which can be viewed using Layer i
based on this feature point.
if N is the most then
To set the position of this feature point to be the calibration position (p, t) for
this Layer i

end
end
To capture images for the Layers i and i+1 based on the position (p, t) and determine
the feature points on these images. To calculate the homography between these two
layers according to these feature points
end

camera calibration to both in-factory and on-site calibration.
In on-site calibration, we detected the feature points in the reference image by using the SIFT

[74] method. To overcome the noise problem caused by moving objects, we used a series of images

captured by the PTZ camera as the reference view at the pan/tilt angle 6, =[p,,t,], and then

determined the corresponding points based on this image series to identify the feature points that are
fixed in all images. After identifying the stable feature points, we determined the optimal regions in
the reference image in which the maximal numbers of feature points were covered, calibrating the
coordinate transformation between Layers i and i+1 by using Algorithm 1.

The calibration regions between various layers can be distinct. Because of the consistency of
distinct pan/tilt angles at various zooming factors, we can determine the corresponding feature points
between various layers by using distinct views. Figure 3.10 shows the feature points in the reference
image and the colored rectangles indicate the optimal regions that were used for multilayer calibration

in each layer.

3.4 Large-Area High-Resolution Visual Monitoring
After calibrating the camera, we obtain the transformation relationship between the wide-angle fixed
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Figure 3.10: The feature points in the reference image and the correspondence between different

layers.

camera and the PTZ camera, the relationship of the PTZ camera turning, and the relationship between
the multiple layers of the PTZ camera. On the basis of these calibration results, we can construct a

large-area high-resolution background image combined with the multiresolution foreground image.

3.4.1 Construction of High-Resolution Background Images

Constructing the large-area high-resolution background image involves determining the step of the
biaxis over layers, histogram adjustment, and blending.
Determining the Step of the Biaxis Over Layer

A large-area high-resolution background image was constructed by integrating the detail images
captured using the PTZ camera at each pan/tilt angle &, =[p;,t;]. The quality of the integrating
image depends on the percentage of overlap region between the images. When the overlap percentage
is small, the blended region is small; thus the quality of the integrated image is high. Therefore, the
first step is determining the step of the biaxial over layers to minimize the overlap region.

The expected result of this step is similar to the map of coordinates (Figure 3.8) produced in the
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ALGORITHM 2: The step-determination algorithm of the biaxis over each layer

Input: Zi;Toverlap
Output: psrep, and tgep, for distinct layers, i
Initial: Pmax_step = Pmax — Pmin and Pmin_step = 1

while (pmax_step * pmin_step)
_ [Pmax_stept Pmin_step
pavg_step - 2

Initial: tmax_step = tmax — tmin and tmin_step =1
Whlle (tmax_step * tmin_step)

_ tmax,step“’ tmin,step
tavg_step - 2
. _ AreaHRB . -
Tiltyon—overiap = S Regiony k: the region number

if Tilthon-overiap < Tnon—-overiap && all pixel are fixed in then

tmin_step = tavg step

else
tmax_step = tavg step — 1
end if
end
z'Lmax_step = tmin_step
tstepi = tmax_step
Pan,on—overiap = % k: the region number

If Panyon—overiap < Tnon-overiap && all pixel are fixed in then

Pmin_step = Pavg_step
else

Pmax_step = Pavg step — 1
end if
end

DPstep; = Pmax_step = Pmin_step

calibration-boundary determining procedure (Section 3.3.2). However, the map of coordinates cannot
be applied because distinct layers must exhibit distinct steps for each axis, called pgiep, and tgpep,,
to minimize the overlap regions. Therefore, we developed Algorithm 2 to determine the step of the
biaxis over each layer by using  pin ~ tmin > Pmax and tnax, Which were estimated as described
in Section 3.3.2.

The input parameters in the algorithm are z; and T;,,p,—overiap, Where z; is the zooming factor
and Ton-overlap 1S the percentage of the nonoverlapping region area determined by the user. In the
proposed implementation, we set the value of Tjon_overiap @S 0.9. The parameters ppax step.

Pmin_step» a0 Dayg step Were the temporary variables used to determine the exact value of pep,.
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for Layer i and represent the maximal, minimal, and average pan steps in Algorithm 2. Similarly,
the parameters, tmax stepr tmin_step AN tapg step, Were used to determine tgseyp. . Tiltnon—overiap
is the ratio of Areaygg t0 Y.x Region, and it is used to determine the step of the tilt. Areaygp is
the area of the high-resolution background image and )., Region, is the sum of the stitched areas
of the detail image at each pan/tilt angle. Pany,n—_overiap has asimilar meaning as Tilt,on—overiap
and it determines the step of the pan. We used Algorithm 2 to determine the step of pge,, and tgzep,
for each Layer i in the proposed system.

As the Algorithm 2 shows, the results of ty., and pg.p,, are influence each other. For
example, the optimal ¢, can be identified that generates the smallest overlapping region in they-

axis, but this may worsen pg;,.,, and cause a large overlapping region in the x-axis. To avoid this bias,

we use the following equation:

Tltnon-overtap o g (3.7)

Panpon-overlap

which balances the estimates pgiep, and teep, - When the ratio of Tiltyon—overiap 10

Pang n—_overiap, 1S closer to 1, the overlap region of the biaxis is similar..
Histogram Adjustment
After stitching the images of the PTZ camera by using distinct pan/tilt angles, the image can appear
a mosaic (Figure 3.11). The mosaic phenomenon is caused by the variation in the illumination of
distinct regions captured by the PTZ camera at various pan/tilt angles or by the function of the
camera’s automatic-gain and white-balancing circuits; for example, the regions in the red and blue
boxes in Figure 3.11 are illuminated dissimilarly. To solve this problem, two image-processing
methods are used: “histogram adjustment® and “blending.*

Histogram adjustment applies a histogram-matching step, converting the target source image to
the specified-histogram image. The proposed system features two choices of the specified-histogram

image: the overview image or the reference image. In the proposed implementation, we selected the
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Figure 3.11: The mosaic phenomenon.

overview image as the specified histogram image during the histogram-adjustment process because
the image captured using the wide-angle fixed camera was constantly updated and effectively
represented the changes in the monitored environment.

The histogram adjustment is region based in the proposed system. We warped the overview
image into the detail images and matched the histograms of the detail images with the coordinating
regions of the warped overview image. This is similar to splitting the overview image into small
regions and matching them to the corresponding detail images. Figure 3.12 shows an example of

histogram adjustment, where Figure 3.12 (a)(c) present the overview and detail images at pan/tilt

angle @,. The warped overview image may include some black areas, as shown in Figure 3.12 (b).

We use the black area as a mask to make the detail image keep consistent with the warped overview
image, as shown in Figure 3.12 (d). Region-based adjustment is more effective compared with using
entire- image adjustment for two reasons. First, the illumination of the detail image is similar to that
of the corresponding region in the overview image. An example is presented in Figure 3.12 (f), in
which the red and green curves indicate the distribution of luminance of the warped overview image

and the detail image, respectively. The distribution shapes of the images are similar. The second
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Figure 3.12: An Example of Histogram Adjustment.

reason is that illumination is highly dissimilar in the entire overview image and the corresponding
overview image region as shown in Figure 3.12 (e), in which the blue curve represents the entire
overview image. This example shows that the luminance distribution of the entire overview image
cannot accurately represent the illumination condition of each region of the overview image.

Figure 3.12 (g) shows the image obtained after histogram adjustment and Figure 3.12 (h)
presents the distributions of the luminance of the images in Figure 3.12 (b), (d), and (g). The yellow
curve represents the result of histogram adjustment of the image in Figure 3.12 (Q).

Blending in Large-Area High-Resolution Background Images
After histogram adjustment, we compensated for the disparities in the illuminations of distinct

regions; however, the mosaic phenomenon can still appear at image boundaries, as shown in Figure
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3.13. Therefore, we developed a blending algorithm, Algorithm 3. Over the past two decades,
numerous algorithms have been developed to blend images, such as the algorithm of [76] in which
the Poisson equation was used, and that of [77] in which watersheds and graph cuts were used; by
using both of these algorithms, images have been effectively blended. However, such methods require
substantial amounts of processing time. Thus, in this study, we adopted the alpha blending (feathering)
method, which is faster compared with the aforementioned methods and more suitable for use in
visual- surveillance systems.

In the blending process, we design a weighted map, W, as shown in Figure 3.14. The weighted

ALGORITHM 3: The blending algorithm

Input: Each region that is viewed at the pan/tilt angle 8; = [p;, t;]
Output: Large-area and high-resolution image blending of IHRBGZk

To calculate the weighted image W
for each region that isviewedat 6; do
To calculate the warped weighed image Wwi,Zk

end
for each region that is viewed at 6; do
To calculate the alpha map Mauk

end
for each region that is viewed at ; do
To calculate the final image IHRBsz

end
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Figure 3.14: The Weighted Map.

map W is calculated according to the following equation, which is used to assign larger blending

weights to the points close to the center compared with the points far from the center:

W(x,y) = min (1 - Zwiden g _ anegl) (3:8)

where width and height are the width and the height of the weighted map, respectively. Thus, the

warped weighted map Wwi_Zk is calculated for the wide-angle view at each pan/tiltangle 6, =[p;,t;]

by using the following equation,
Dlgiz Dlei,z -11X
WWi,zk (x,y) =W <<Hglef ' HRef, - HDI@_ k) lyD (3.9)
LzZq 1

Ref HDIGi,Zl

DI@.Z . .
where the parameters H,,”, Ref and Hp, l k are the homographies between the overview

L,Z1

image and the reference image, the reference and detail images at pan/tiltangle 6, =[p,,t;] captured

at Layer 1, and between distinct layers. Figure 3.15 (a) presents an example of the translation of one

of the weighted map, W, at pan/tilt angle 6 =[p;,t;] to the overview image. The sum of the
warped weighted map }; WWi’Zkis shown in Figure 3.15 (b).

Next, the alpha map May, » which is at the pan/tilt angle 6 =[p,,t;] with the use of
Layer i can be calculated using the following:

Wy,

Mai,zk (x,y) = Ziww% (xy) (3.10)
l,Zk
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(@) The warped weighted map (b) The sum of the warped weighted map
Figure 3.15: An example of the warped weighted image.

An example of the estimated alpha map is shown in Figure 3.16 (a). Figure 3.16 (b) presents an
example of the sum of the alpha map, comprising 30 pan-tilt positions determined using the following
equation (the widths and heights of the subimages in Figure 3.16 (b) are the same as those of the

detail image):

WWi,zk x,y) Ref Dlei,zl Dlai,zk X
Mai_z (x,y) = W (HOI .HRef .HDIQ ) y (3.11)
k 3 l,Zk 1

i,z1
Finally, the detail image at each pan/tilt angle 6, =[p;,t;] was transformed to the

overview image and multiplied by the alpha map, yielding the high-resolution

background image Iyggg,,, by using the following equation:

(@) The alpha map (b) The sum of the alpha map
Figure 3.16: An example of the alpha map.
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(@) The result of the blending after the histogram (b) The result of the blending without first
adjustment applying the histogram adjustment
Figure 3.17: The result of the large-area high-resolution background image.

Ref bl;, bie;, N
IHRBG,Zk = Zi (Ma,i,zk ! DIBi,zk) [HOI ’ HRefl’ t HDIg ' k] y (312)
1

i,z1

Figure 3.17 shows the obtained large-area high-resolution background image; Figure 3.17 (a)
presents the results of blending after applying histogram-adjustment step, showing that the mosaic
phenomenon evident in Figure 3.11 has been eliminated.

Figure 3.17 (b) shows the results of using the blending algorithm without first applying the
histogram adjustment. The various regions captured using the PTZ camera are almost all brighter
compared with the regions in the overview image, suggesting that the image in Figure 3.17 (b) is of
higher quality compared with that in Figure 3.17 (a). Comparing with Figure 3.17 (a) shows that
although the boundaries of the adjacent images are smooth, the same mosaic phenomena exist because
the illuminations of distinct regions are clearly dissimilar. Figure 3.17 shows that the histogram must

be adjusted before the blending step to synthesize a high-quality high-resolution background image.

3.4.2 Multiresolution Foreground Images

A key feature of the proposed system is the multiresolution display of the foreground. To produce
multiresolution foreground images, the proposed system uses two technical components: low-
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(a) The overview image (b) The result of foreground image
Figure 3.18: The result of object detection.

resolution foreground detection and high-resolution foreground tracking.
Low-Resolution Foreground Detection

During the low-resolution foreground-detection step, we detected foreground objects in the
overview images. The moving objects were detected using the mixture of Gaussian (MoG) approach
[8], which is a classic background-subtraction method, in which each pixel is labeled as a background
or foreground pixel comprising k Gaussian distributions. Using the MoG approach, moving objects
are detected in the overview image. An example of foreground detection is shown in Figure 3.18, in
which Figure 3.18 (a) presents the overview image, and Figure 3.18 (b) shows the foreground-
detection result obtained using that image.

Subsequently, we attached all the foreground objects at a low resolution; these were scaled
according to the zooming factor of the PTZ camera, to the large-area high-resolution background
image according to the positions using the object-detection procedure (Figure 3.19).
High-Resolution Foreground Tracking

The relationship between the overview and detail images was calculated as described in Section
3.3. After selecting a target of interest in the large-area high-resolution background image containing

low-resolution foreground objects, we controlled the PTZ camera to continuously track that target
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Figure 3.19: The large-area high-resolution background image with low-resolution foreground
objects.

according to the transformation of the coordinates.

Given arbitrary pan/tilt coordinates, the corresponding homographies can be estimated by using
the interpolation method. The region in which the target of interest is continuously tracked by
capturing detail images is called the “fovea region® in the proposed system. The automatic tracking
is based on the results of foreground detection results and the velocity of the moving target [8]. Last,
we obtained the high-resolution texture of the foreground object of interest from the detail image and

pasted it onto the large-area high-resolution background image.

3.5 Experiments

In this section, we first describe the experiments that were used to analyze the accuracy of PTZ-
camera calibration by comparing the in-factory and on-site calibration methods (described in Section
3.3.2) in both indoor and outdoor environments. After the analysis, we present the results obtained

using the proposed large-area high-resolution visual-monitoring system.

3.5.1 Experimental Analysis of PTZ-Camera Calibration

First, we compared the two PTZ-camera calibration methods described in Section 3.3.2: in-factory

and on-site calibration. In the experiments, both indoor and outdoor environments were used. In the
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(@) The setting of indoor environment (b) The patterns
Figure 3.20: The indoor experimental environment.

indoor environment, the patterns used for camera calibration were displayed on an LED screen
(Figure 3.20). Figure 3.20 (a) shows the setting of the indoor experimental environment; the distance
between the LED screen and the PTZ camera was approximately 1 m. The upper image in Figure
3.20 (b) shows the pattern used for on-site calibration, and the lower image shows the gray-code
patterns used for in-factory calibration. In the outdoor experimental environment, we installed the
PTZ camera on the third floor of a building as shown in Figure 3.1, and the image in Figure 3.4(right)
shows the view captured using on-site calibration.

The in-factory calibration method can only be used in indoor environments because the
calibration patterns are manually produced and a screen or a projector is required. The on-site
calibration process can be used both indoors and outdoors. Therefore, we evaluated three calibration
cases: in-factory calibration applied in the indoor environment (indoor in-factory calibration), on-site
calibration applied in the indoor environment (indoor on-site calibration), and on-site calibration
applied in the outdoor environment (outdoor on-site calibration).

We evaluated each calibration case in the indoor and outdoor environments by generating

measuring points to calculate the calibration error. To uniformly generate the measuring points, we
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Table 3.1: The error analysis of the in-factory calibration.

The indoor in-factory calibration

The outdoor in-factory calibration

Outdoor error

Indoor error analysis

Outdoor error

Indoor error analysis

analysis analysis

Error Std. Error  Std.
oom . i oom , . :

(pixel) (pixel) (pixel) (pixel)
Ix 61 22 Ix 19 10 x x
5x 322 124 o5X 8.4 4.7
10x 552 246 10x 141 6.9

(a) (b) (c) (d)

Table 3.2: The error analys

is of the on-site calibration.

The indoor on-site calibration

The outdoor on

-site calibration

Outdoor error

Indoor error analysis

Outdoor error

Indoor error analysis

analysis analysis

Error Std. Error Std. Error Std. Error Std.
oom , . _ oom , . i oom , _ oom , )

(pixel) (pixel) (pixel) (pixel) (pixel) (pixel) (pixel) (pixel)
Ix 74 25 Ix 20 0.9 Ix 18 0.8 Ix 53 21
5x  29.3 123 5x 95 44 5. 80 41 5x 226 8.6
10x 542 25.0 10x 155 9.1 10x 140 8.3 10x 413 16.6

(a) (b) (©) (d)

split the reference image into a 4x8 grid (Figure 3.21) and manually specified the measuring point in
each grid, shown as the colored points, allowing users can readily recognize the measuring points in
the reference image. Using the calibration results, the PTZ camera was controlled to focus on the
selected point, as shown in Figure 3.22; the hollow circle is the ground truth that is defined by the

user and the solid circle is the center of the detail image. The distance between these points represents

calibration error.

Table 3.1 presents the error-analysis results of in-factory calibration. Table 3.1 (a) lists the results
of the outdoor test environment and Table 3.1 (b) lists the results of the indoor environment. The
errors in Table 3.1 (b) are smaller than those in Table 3.1 (a) are because the calibration environment
and the test environment were not the same and the turning of the PTZ camera was not exactly

concentric. Table 3.1 (c) and Table 3.1 (d) contain no results because in-factory calibration cannot be
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Figure 3.21: The grid of the reference image.

used in the outdoor environment. The results in Table 3.1 show that as the magnification factor
increased, the error increased. However, the accuracy was adequate for surveillance applications
because the target of interest could be monitored even at a 10x zooming factor. Table 3.2 presents the
error-analysis results of on-site calibration. The calibration and test environments used to obtain the
results shown in Table 3.2 (c) were outdoors and those shown in Table 3.2 (b) were indoors. The
results in Table 3.2 (b) and (c) show that if the calibration and test environments are the same, the
error of the testing in both indoor and outdoor environments is smaller and more similar than it is
when the calibration and test environments are distinct. Based on these experiments, we can conclude
that because the PTZ camera is not exactly concentric when the calibration and the test environments

are the same, the high levels of accuracy of calibration results are achieved. The proposed on-site

Figure 3.22: An Example of the accuracy analysis.
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calibration method exhibits high levels of accuracy in both indoor and outdoor environments; thus, it
is considered more effective for calibrating the proposed camera system compared with the in-factory

calibration method [35] [42].

3.5.2 System Demonstration

We installed a large-area high-resolution visual-monitoring system on the third floor of a building to
monitor a courtyard (Figure 3.1). The targets of interest can include pedestrians or vehicles crossing
the courtyard or other user-chosen targets.

Large-Area High-Resolution Background Images

In the proposed monitoring system, a large-area high-resolution background containing distinct
layers can be generated using the methods described in Section 3.4.1. Images containing moving
objects can be generated by collecting the areas of detail images that display moving objects and
stitching these to the low-resolution images captured using the wide-angle camera. After initialization,
the system updates the background even when users do not control the PTZ camera or when no
moving objects are present in the monitored area.

The synthesized large-area high-resolution background images were created using the 4x and
15x zooming factors of the PTZ camera, and the resolutions were approximately 4320 x 2880 and
11520 x 8160, respectively. In the images captured using the proposed system, users can see details
of the monitored scene such as the license plates of parked cars.

Large-Area High-Resolution Background and Multiresolution Foreground Images

After a user selects a target of interest, the PTZ camera ceases updating the background and
begins tracking the target. Figure 3.23 shows an example image captured using the proposed system
after a user selected an object to be tracked. We did not blend the online high-resolution image with
the preconstructed background image because a user can easily distinguish the offline high-resolution

background from the online high-resolution region. After generating the large-area high-resolution
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Figure 3.23: The result of the object tracking with the fovea region.

background, the system begins to update the background or track the target by capturing high-
resolution images; the proposed system is effective because only one patch of the monitoring view is
required to update.

As Figure 3.23 shows, in addition to the high-resolution region, moving objects are pasted at
low resolution in the image that allowing users to follow. Additional details of this imaging method

can be seen in this demonstration video: http://youtu.be/HbQZ6f1gxfk. In the video, the stitching

results obtained without using histogram adjustment and blending are first shown, and both histogram
adjustment and blending are subsequently applied. Finally, the entire system is displayed. After
generating the large-area high-resolution background, we tracked the target of interest within the

fovea region through distinct layers.

3.6 Summary

In this chapter, we designed a framework by using a dual-camera to construct a large-area high-
resolution visual-monitoring system. We proposed two PTZ camera calibration methods: in-factory
calibration and on-site calibration. The in-factory calibration method is useful when stable features
are extremely difficult to obtain. The on-site calibration method is more flexible than in-factory

calibration method is because it can be applied both indoors and outdoors. To perform multilayered

48


http://youtu.be/HbQZ6f1qxfk

PTZ-camera calibration, the consistent property of distinct pan-tilt angles at various zooming factors
is used, allowing the calibration between each layer to be reduced to only calibrating a pair of images
in distinct layers at an arbitrary pan/tilt angle. This consistency substantially improves the proposed
calibration method, and a literature review indicates that no scholars have previously used this
property to calibrate PTZ cameras.

Comparing the PTZ camera calibration with our previous work [35] [42], the pros of the
proposed PTZ camera turning calibration are automatic processing, without time-consuming, could
be calibrated on site, be re-calibrated on site without manual and without decay the accuracy of
calibration results. To compare the multilayered PTZ-camera calibration method, the proposed
method is faster than our previous work [35] [42].

We also propose a framework that using the calibration results of two cameras to construct the
proposed visual-monitoring system, combining the preconstructed large-area high-resolution
background image with online multiresolution foreground images. We demonstrated the robustness
of this camera-calibration method by using quantitative experiments and the practical use of this

system by installing it in an outdoor environment.
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CHAPTER 4

SPATIAL BACKGROUND MODEL USING A SINGLE-

LAYER CODEBOOK MODEL

4.1 Introduction

The number of cameras in cities is getting increased in recent years, and thus there is a growing need
of constructing intelligent visual surveillance system based on cameras. There are numerous research
topics in association with visual surveillance, for example vehicle classification, objects stolen,
objects left, and objects classification. In which, segmenting moving objects from the scene is a
relevant issue in those research areas. Moving objects can be effectively extracted by comparing with
the background model.

Background subtraction can be defined as a separation of significant differences (foreground)
inside of the video frame from the non-significant components (background). The problem is
relatively simple when there is a significant difference between the colors (or gray levels) of
foreground and background, and is also easier to handle when the background is kept static.
According to the environment situation, the background can be classified as the stationary
background also called the static background and the non-stationary background also called the
dynamic background.

For static background, it is appropriate for the constrained indoor environment, because of the

camera jittering and signal noise caused from the outdoor environment may still cause non-stationary
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problems in most practical situations. The non-stationary backgrounds, such as waving leaves, ripple
water, fluorescent light, monitor flicker, are one of the difficulty problems in background modeling
in practice.

Moreover, the initialization is the other important issue in background modeling. Most of the
algorithms need a period of the clean frames at the beginning of the sequence to build the background
model; however, this requirement is difficult to be satisfied in practice, because of moving objects.
When a static object start to move in the scene at the beginning of video, the ghost effect likes a hole
is the background may appears and the detected object is broken as hole inside of the detected region.

In this chapter, we present a background subtraction algorithm, spatial background model (SBM),
for detecting moving objects from a non-stationary background and that is able to cope with the effect
caused by initiating of background modeling. The rest of this chapter is organized as follows. First,
we focus on the spatial background model that includes the background model and the background

gradient extractor. Then, we show the experiment results and conclusions.

4.2 Spatial Background Model (SBM)

The spatial background model (SBM) includes two fundamental components: the background model
(BM) and the background gradient extractor (BGE) for foreground detection strategy is proposed, in
which the structure of the codebook is involved in the component of BM. The proposed codebook in
BM is similar to the former codebook [2] [9], but a single layer of codebook is adopted. To our
observation, the updating strategy of background model in the former codebook is high efficiency;
however, it still involves many redundancies. To ease this problem, the random technique of ViBe
[10] [56] is adopted in SBM for preserving the advantage of codebook, and then further promotes the
accuracy of the classification of foreground and background.

Although the performance of estimating the noise in the background in BM is well, the

foreground become incomplete. The gradient information of the foreground is adopted in BGE to
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(@) (h) (i)

Figure 4.1: The chart of connected neighborhoods around the current pixel X. (a) the current
pixel is inside the image. (b)-(e) the current pixel X is at the corner of the image.(f)-(i) the current
pixel X is at the border of the image.

promote the completeness of the foreground.

4.2.1 Background Model (BM)

The background model (BM) is constructed as a single-layer codebook model refer to [2] [9].
Differing from [2] [9] that constructs a background model from a period of video sequence, we only
need a single frame to construct BM and take the information from the neighbors as the features for
each pixel in BM.
Features Used in Background Model

Traditionally, the background model constructed with codebook extracts the features for each
pixel in background model utilizes the continuous property in time axis which is time consuming [2]
[9] [54] [55] and that cannot effectively estimate the problem of the non-stationary background. In
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order to reduce the time of training for constructing background and solve the problem of non-
stationary background model. In this study, we adopt a single frame to construct the background
model which efficiently solve the problem of time-consuming.

Although, using a single frame to construct the background model can save the time of training,
the information for each pixel in background model is not sufficient. Thus, we adopt the RGB color
information extract from the eight-connected neighbors to be the features for each pixel in
background model as shown in Figure 4.1. In Figure 4.1, the current pixel in background model is
referred to as X. The number of neighbors around X is dependent on its location. In Figure 4.1 (a), as
the current pixel X is inside the image and the neighborhoods A-H are adopted. Figure 4.1 (b)-(e) and
(H-(i) illustrate the other cases of positions of the current pixel X when it is located at the corners or
the border of an image. The blue, green, red, and illumination are took as the features used in
background model. In addition, the features obtained from the neighbors can effectively solve the
problem of non-stationary background.

Construction of Background Model
We use the structure of codebook to store the information of background model, slightly

modified from the version presented by Kim et al. [2] [9] to perform background subtraction in the
color domain. The BM algorithm is designed for color imagery and each pixel X, in background
model is modeled as a single-layer codebook C,, = {c;|1 < i < n} consisting of n codewords,
in which p is the position of that pixel and t is the number of frame. Each codeword c; is

composed of two elements, a RGB vector v; = (R;,G;,B,) and a six-tuple aux; =
(I, I, fi, A, piy q;). Where T, and [; are the minimum and maximum brightness of each codeword
c;, respectively, f; is the occurred frequency, A; is the longest time interval that the codeword c;
is NOT recurred, and p; and q; are the first and last access times, that the codeword has occurred,

respectively. The algorithm of constructing background model is shown in Algorithm 4.
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Algorithm 4. The Contraction of Background Model

1. Input: The first frame of image sequence
2. Output: The background model

3. C < @ (empty set)

4. for each pixel in background model do

5. To construct the codebook (,’xp ={c;|1 <i<n}

6. according to the adjacent neighborhoods and each

7. codeword ¢; is composed of v; and aux;

8. for neighbori=1tok do

9. los =[RGs +Gha +BLL

10 Vi = (intzl 1Gxit:1 ) Bxitzl)

11. aux; = (il = przl,ii = przl,ﬁ = 1,/11' = 1, Pi = 1’qi = 1)
12. end

13.end

In BM, the first frame of the image sequence is used to construct the background model and

each codebook Cx, is constructed base on a set of neighbors. As shown in Figure 4.1, the number
of codewords in each codebook C, in the initialization is depending on its location. For example,

In Figure 4.1 (a), current pixel X is inside the image and the neighborhoods A-H are adopted. Figure
4.1 (b)-(e) and (f)-(i) illustrate the other cases of positions of the current pixel X when it is located at
the corners or the border of an image. We extract the features from the neighbors for each codebook

according to the following equations,

2 2 2
Ix.‘:1 = \/Rx-‘:1 + Gx-‘:l + Bx-‘zl

v, =(R,.,G,.,B,.) (4.1)

aux; = (I; = Le=y, [; = Le=1, i =1L, =1,p;=1,q, = 1)

F=1is the pixel at i position on first frame of the image sequence, R, G, B are the red,

where x
green, and blue color information, and | is the illumination of that pixel.

According to the algorithm 4, the background model is built, and the number of each codebook
is between 4 and 8. The BM algorithm is different from [2] [9]. The construction is faster because

only a single frame is used. The neighborhoods contribute spatial information, which is reflected in
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i Y {codeword)

X, (input pixel)

B
Figure 4.2: The cylinder color model proposed by [9]
the simplified single-layer codebook model and useful to overcome the non-stationary background
problem. Notice that, because a single frame is used in this procedure, the minimum and maximum
brightness of each codeword ¢;, I; and [;, are set to be the same.

Pixel classification Policy
When background model is built, there are two procedures for incoming pixel x': pixel

classification and update policies.

In pixel classification stage, the cylinder color model is adopted, as shown in Figure 4.2 and two
measurements: the color distortion and the range of brightness, are used provided by [2] [9].

In color distortion, the matched codeword c,,, with RGB vector v, isfound from its codebook

C according to the following color distortion measure:

(xtv;)2  (R;R+G;G+B;B)?
p2 — ”xt”2 COSZ 0= LA St kel i ,and
[lv;l IR;+Gi+B;ll

colordis(xt,v;) = 6 = /|x:]|2 — p?% < ¢, (4.2)
where x; = (R, G, B) is the incoming pixel at time t with a RGB vector and & is the threshold
for color distortion.

To handle the changes of illumination, the brightness of the incoming pixel is considered:

true  if Loy < L <Ip;

brightness(]xt,(f, f)) - false otherwise (4.3)
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(b) (d) (e) ()
Figure 4.3: The temporal and spatial information. (a) WaveTree #36 (b) WaveTree #38 (c)
WaveTree #40 (d) WaveTree #42 (e) the temporal distribution of the red pots in RGB color space
() the spatial distribution of the blue pots in RGB color space.

where I,,, = afand I,; = min {,Bf, é} are the lower and upper bounds of illumination, and I,: is

the illumination of incoming pixel xt. The parameters, a and f, are set as that in [2] [9] which are
used to allow large brightness bound I,; and limiting [, , respectively. If the incoming pixel
simultaneously satisfies the above two criteria about color distortion and brightness, it is classified as
background.
The Update Policies of Background Model

When the incoming pixel is classified as background, it is updated into background model
according to the update policies of BM. To our observation, two characteristics have been considered
during update processing: the temporal and spatial characteristics. The temporal characteristic is to
consider the relationship of a pixel at various timing and the spatial characteristic strengthen the
relationship between a pixel and its neighbors. For example, Figure 4.3 (a)-(d) are the image
sequences of waving trees. The blue and red points show in Figure 4.3 (a)-(d) are the pixels of the
stationary and non-stationary background pixels. The temporal characteristic of the stationary
background pixels at various timing in RGB color space is shown in Figure 4.3 (e). From Figure 4.3
(e), the stationary background is slowly changed with time, and their distribution is concentrated. The

spatial characteristic of the non-stationary background pixels at various timing in RGB color space is
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Algorithm 5. The update policies of BM

1. Input: The incoming pixel x¢, the position of current
2. pixel X, and the positions of randomly chosen

3. neighbors C and H.

4. Output: The updated background model

5. Regular update policy:

6. if x! is classified into background then

7. The matched codeword c,, is updated.
8. end if

9. Two-way propagation policy:
10. First-propagation direction:

11. To propagate the color information from the

12. current pixel X to a randomly chosen neighbor C.
13. Second-propagation direction:

14. To propagate the color information from a

15. randomly chosen neighbor H to current pixel X.
16.end

shown in Figure 4.3 (). From Figure 4.3 (f), the distribution of non-stationary background is broader
than stationary background. Therefore, we propose two updating polices, regular update and two-way
propagation, for aiming to incorporate the consistency of temporal and spatial characteristics. The
algorithm of the update policies of BM is shown in Algorithm 5.

In regular update policy, the temporal characteristic is considered which is inspire of [2] [9], the
similar pixel is found in time axis and that is added into background model, the detail steps are
described in the below. When the incoming pixel is classified as the background, the matched

codeword c,, is updated according to the following equations:

Rm+R Gm+G Bm+B
vm — (fm m ’fm m 'fm m ), and
fm+1 fm+1 fm+1

awx,, = {min{[xt, L} max{l,, Tn}, fn = fin + 1,} (4.4)
max{An =t = qu} Pm.qm =t
The RGB vector v, is calculated by averaging the value of red, green, and blue colors with

the incoming pixel x, and the parameters in aux,, are all updated.

In addition, for non-stationary background pixel, only consider temporal characteristic is not
enough as shown in Figure 4.3 (f). Here, the two-way propagation policy is developed to integrate
the spatial characteristic to solve the problem of non-stationary background. The main idea of two-

way propagation is that when at time t, we want to obtain the information at time t+1 or further
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Figure 4.4: The two-way propagation policy. (a) the first-propagation direction. (b) the second-
propagation direction.

to a pixel. As shown in Figure 4.3 (f), the information can be contributed from the neighbors at time
t, we use the two-way propagation technique to achieve this function, the current pixel propagates
the color information to a neighbor and a neighbor propagates the color information to the current
pixel, details are described as below.

In the first direction of the two-way propagation, we randomly choose a neighbor from 8
connected neighborhoods around the current pixel and propagate the color information to the chosen
neighbor. To find the matched codeword from that neighbor according to two criteria: the color
distortion and the range of brightness, as described in Section 4.2.1. If the matched codeword is found,
we update the color information into the matched codeword according to the equation 4.4. Otherwise,
we create a new codeword ¢; for the chosen neighbor and propagate the color information of the
incoming pixel xt which is classified as background to the codeword ¢, by the following setting:

vy = (Ryt, Got, B t)
aux, ={I, =Loe,[, =L, fy =1,2, = 1,p, = 1,q, = 1} (4.5)

On the other direction, we randomly choose a codeword from the 8 connected neighborhoods
around the current pixel and propagate the color information to the current pixel. If there is a matched
codeword in the current pixel, we updated the matched codeword according to equation 4.4.
Otherwise, we create a new codeword ¢; for the current pixel and assign the value according to the

equation 4.5. An example of two-way propagation is shown in Figure 4.4. Figure 4.4 (a) shows the
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first direction which propagates the color information from the current pixel X to a randomly chosen
neighbor C, as indicated by the blue line. . Figure 4.4 (b) shows the second direction of the two-way
propagation.

The proposed update polies combine the temporal and spatial characteristics for efficiently
tackling the problems of stationary and non-stationary backgrounds, respectively and capture the
foreground accurately.

The filter and reconstruction policies of BM

Endless increase the codewords, makes the size of codebook became huge and that increased
the time of matching. Therefore, we rejected the unsatisfied codewords which have the longest
interval A according to the following equation:

A>Ty (4.6)
where T, is the number of frames which is set to be 500 in our implementation.

The filter policy would make the codebook became empty if the threshold T is too small or
the codeword is not recurred for a longest interval. Therefore, we proposed the reconstruction policy,
if the codebook became empty, the reconstruction policy is triggered according to the construction of

BE, as descripted in Section 4.2.1.

4.2.2 Background Gradient Extractor (BGE)

BM is useful to cope with the stationary, non-stationary background and sudden changes of
illumination. However, the propagation policy passes the background information to a neighbor and
that would blur and decrease the foreground intensities. Hence, we introduce the forbidden
propagation policy that maintains the completeness of foreground. The forbidden propagation policy
is based on the BGE introduced below.

Construction and update of BGE

In BM, we use RGB color to describe the background and foreground information. Here, the
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additional information, the gradient information, is used to assist to the segmentation result of
foreground. The gradient information can clearly describe the boundary of objects. Therefore, we use
gradient to construct background gradient model by using accumulation, and then obtain the
foreground gradient information.

In BGE, we calculate the gradient of each frame, and accumulate the least N frames to
construct the background gradient image for each frame. The current foreground gradient is extracted
by comparing the current gradient frame with the gradient background model.

In the beginning of BGE, we used AND operator to background gradient model because of the
least N frames is required, the equation is shown as below:

Vg, = Vg, NVI,, (4.7)
where VI, is the background gradient image of the i" frame, VI, are the gradient results the

i" frame and Vigq =VI,.

After the first N frames, the background gradient image of the i" frame is calculated by

accumulating the least N frames according to the following equation:

- Vlag (0Y)
Vi, (x,y)=1255  if =" BTy, (4.8)
0 otherwise

where Vi (x,y) isthe background gradient value of the i" frame at position (X,Y),and Ty is

the threshold. In our experiment, the value of Ty, is equal or larger than 0.6 which has sufficient

amount of reliable samples and that shows the higher performance of forbidden propagation.
Forbidden propagation policy
The forbidden propagation policy is used to ensure the completeness of the foreground that is

based on BGE.
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Figure 4.5: The results of background gradient extractor. (a) the original image of water
surface; (b) the gradient of the current frame; (c) the gradient of background model; (d) the
gradient of foreground.

There are two phases in the forbidden propagation policy. In phase 1, the background-gradient

Image VI, is used to find the foreground gradient of the current frame by using the following

equation:

Vi, =VI;, = Vg (4.9)
where VI, is the foreground-gradient image. In phase 2, the color information of the incoming

pixel is forbidden to propagate if the foreground-gradient value of itself or a randomly choice
neighbor is 255.

Figure 4.5 shows the gradient results of current, background and foreground images. By BGE,
the foreground gradient can be extracted currently. The performance of the forbidden propagation is
demonstrated by using the data of water surface on the Perception dataset [12]. Figure 4.6 (a) is the
original scenery of water surface. Figure 4.6 (b) and (c) are the results of Codebook and ViBe that

have a lot of false positive because of tree and wave of the sea and has a huge broken on the human

(a) (b) (d)
Figure 4.6: The comparison of forbidden propagation. (a) the original image of water surface; (b)
the result of codebook; (c) the result of ViBe; (d) Proposed method without forbidden propagation;

(e) Proposed method with forbidden propagation.
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Mixture of Gaussian (MoG)

Codebook

Vibe

Test Videos Dataset

1% LightSwitch

2*: TimeOfDay Wallflower [11]

3*: WavingTrees

4*: Campus

5%: Curtain

6": Escalator

7% WaterSurface
Table 4.1: List of experiment items.

Compared
methods

Perception [12]

body. Figure 4.6 (d) is the result of our proposed method without forbidden propagation which is
considerably improves the performance of Figure 4.6 (b) and (c).

The result of forbidden propagation policy is shown in Figure 4.6 (). The body is become more
completeness and the false positive is not rising compared to the Figure 4.6 (c) and (d).

The foreground gradient is a criterion that effectively keeps the completeness of foreground. The

completeness performance of the forbidden propagation policy is shown in the experiment.

4.3 Detection results and comparison

In this section, we analyze the accuracy of SBM by comparing with MoG, Codebook, and ViBe. It
should be noted that, the parameters used in these methods are all optimized.

Seven videos are selected from two popular surveillance video datasets, Wallflower [11] and
Perception [12], which are used to evaluate the accuracy of SBM with MoG, Codebook and ViBe.
The surveillance scenes of the selected test videos include indoor and outdoor. Some scenes of these
videos are crowded with people, some with dynamic background caused by trees and water, others

are the sudden changes of illumination caused by human and nature. The detailed list of the
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Total Error(TE)

Video MoG Codebook ViBe SBM
1* 15828 11887 15053 4221

2* 1044 1081 1143 854

3* 1807 1011 1172 378

4* 1168 1535 605 317

5* 511 1471 1768 993

6" 362 1205 746 557

7* 376 1091 1172 478
Average 3013 2754 3047 1114

Table 4.2: Experiment results.

experiment is shown in Table 4.1.

Three indicative items: false positive (FP), false negative (FN) and total error (TE), are used to
evaluate the performance of these methods and the hand-segments are used to be the ground truth.
The false positive refers to the number of pixels which is the background pixel but marked as
foreground. The false negative is contrary to the false positive which is the foreground pixel and be
marked as background. The sum of the false positive and false negative is expressed as the total error.

The TEs of each video for each algorithm are shown in Table 4.2. Some results of MoG have
the least TEs; however, the proposed method (SBM) has the least average error which is more suitable
for different environments. Table 4.3 shows the results with images. In Table 4.3, the performance of
MoG, Codebook and ViBe in the sudden changes of illumination are not well, as shown in video 1%,
Because MoG and Codebook are all need a period of time to update the background model, ViBe did
not has a policy of detecting the sudden change of illumination and reconstructing the background
model. SBM performs well in the situation of the dynamic background, such as video 3%, 4% and 7%,
and sudden changes of illumination, such as video 1 and 2. In all of the tested video, SBM has the
least false negative and has the most completeness foreground.

Figure 4.7 shows the performance in term of FP, FN for each algorithm. The blue bar and the
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MoG Codebook ViBe Proposed method
Staufferetal. [1] Kimetal. [2] Barnichetal. [10] (SBM)
N P E B ‘

Video  Test image Ground Truth

1#

- &
; W
N &

Table 4.3: Results on the dataset.

red bar in Figure 4.7 are the value of FP and FN, respectively. We especially illustrate the results of
dynamic background and sudden changes of illumination in Figure 4.7 (a) to (c). The total error with
seven videos is shown in Figure 4.7 (d) and the total error without the sudden change of illumination
is shown in Figure 4.7 (e). Although the TE of MoG is the least in Figure 4.7 (c), the performance of
all videos of MoG is worst, as shown in Figure 4.7 (d) and (e). To compare with Codebook, because
of SBM consists the spatial information, the difference of FP between SBM and Codebook is obvious
and the total error of proposed method is the least. Comparing with ViBe, the total error of SBM is

the least, even in the case of sudden change of illumination.
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Figure 4.7: The chart of the performance of each algorithm. (MoG: Mixture of Gaussian, CB: Codebook,
ViBe, SBM: Proposed method). (a) LightSwitch. (b) WavingTrees. (c) WaterSurface. (d) Total Error.
(e) Total Error without LightSwitch.

4.5 Summary

In this chapter, we design a new framework, the spatial background model (SBM), for addressing the
dynamic background and the sudden changes of illumination in background subtraction. Two main
components are proposed: the background model (BM) and the background gradient extractor (BGE).
The BM is proposed to capture foreground and eliminate the noise in background. To model the BE,
only a single frame is used which is based on a single-layer codebook model and the spatial
information is propagated from the adjacent neighbors. The BM can efficiently eliminate the dynamic
background and the sudden changes of illumination. However the propagation makes the foreground
incompleteness. Therefore, the propagation is forbidden according to the BGE that keeps the
completeness of foreground. The BGE is synchronously constructed with BM. To construct the BGE,
the stable background gradient is used which is used to find foreground gradient of the current frame.

Experimental results on a set of background extractor databases, Perception and Wallflower. We
analyze the accuracy of the proposed method (SBM) to compare with MoG, Codebook, and ViBe.

The total error of the proposed method is the least, and the capabilities of handling the dynamic
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background and the sudden changes of illumination are greater than others.
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CHAPTER 5
COMBINING SPATIAL BACKGROUND MODELING
AND RANDOM FOREST CLASSIFIER FOR
FOREGROUND SEGMENTATION AND SHADOW

REMOVAL

5.1 Introduction

Recently, due to the terrorist attacks, such as 911 in New York, London bombing in 2005 and some
local violent events occur in different countries, the security issue has been regarded. In the past, we
consume lots of people and money to solve the problems of security. However, the resource of
surveillance can be saved because of the developing of the technology. The visual surveillance spans
several applications, such as human detection, people counting, object left, and object stolen, in which
the object detection is the most important part. The useful information, such as the location, the shape,
and the size of the object can be obtained from object detection and be applied to different applications.

A challenging class of object detection is the cast shadow. Cast shadows generated by moving
objects and that are detected as the foregrounds. However, incorrect object detections caused by
shadows make the applications of visual surveillance become unreliable. Therefore, shadow removal

is an important issue in visual surveillance.
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Figure 5.1: The work flow of Shadow Removal.

There have been numerous works dedicated to solve the problem of shadow removal. In the
method [78], the shadow removal is classified into two categories: parameter-based and model-based.
The parameter-based method used the feature of shadow, such as RGB, HSV, and texture, to classify
the foreground and shadow. The drawbacks of these methods are sensitive to the parameter and the
threshold for each feature. The model-based method used the classifier which is modeled using
features to discriminate the shadow from moving objects. Although, the model-based method needed
the prior knowledge, such as the ground truth and object’s class, it is suitable for different scene.

In this chapter, we propose two primary technical components: shadow detector and foreground
detector. First, we use a learning technique that employs random forest algorithm to learn the
chromaticity, physical property, and texture characteristics to construct the shadow detector which is
model-based. After that, we propose a process that combining a spatial background model which
constructs the background model with a single frame and is useful to overcome the dynamic
background and the suddenly changes of illumination with the shadow detector to discriminate

shadow from moving objects. Figure 5.1 gives the flowchart of the proposed method.
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5.2 System Architecture

The proposed system includes two primary technical components: shadow detector and moving
foreground detector as shown in Figure 5.1. In the offline processing, we extract the features from
training data and label each pixel as foreground or shadow according to the ground truth. Then, we
associate the training data with the classification methodology, Random Forest, to generate the
shadow detector. In the online processing, moving foreground detector, the candidate region of
moving objects are detected using the spatial background model (SBM) which has two components:
the background model (BM) and the background gradient exactor (BGE). The BM is used to detect
the moving objects with the less noise, and the BGE is used to keep the completeness of detected
moving objects. After SBM, the candidate region of moving objects is obtained and that is
recalculated with shadow detector to obtain the moving foreground without shadow.

The spatial background model has been presented in chapter 4. In the following, we first
introduce the properties of each feature and the reasons that we chose these features. After extracting

the features, the algorithm of Random Forest is used to train the classifiers for shadow removal.

5.3 Random Forest Shadow Detector

In this section, we proposed the Random Forest shadow detector to discriminate shadow from the
moving objects. We first explain the algorithm for extracting features. Then, we describe the classifier

that is used in our algorithm.

5.3.1 Feature Extraction

In this subsection, we adopted three features, chromaticity, physical property, and texture
characteristics, which are analyzed in [60] for the Random Forest classifier. The details of these
features are described in the following.

A. Chromaticity
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To choose the color space for separating the intensity and chromaticity is an important issue.
Several color spaces, such as HSV [58], c1c2c3 [79] and YUcUv [80] have great performance for
shadow removal. We chose the method proposed by Cucchiara et al. [58] to obtain the chromatic
features, because of the value of chromaticity and that of intensity are divided in this color space and
it is widely used in shadow removal. Although, the value of hue and saturation on the region of
shadow are similar to that of background, the intensity in the shadow is lower than in the background.

The features of chromaticity are calculated according to the following equations:

C, =|Fy' -B}|, (5.1)

C, =|Fy -B;|. (5.2)
\

G =y 53)

where FpH, FpS and F;’ represent the value of hue, saturation and intensity at pixel p of current

frame. The B, B and B} represent the value of hue , saturation and intensity at pixel p of

background. We use equation 5.1 and equation 5.2 to calculate the difference between the current
frame and background and use equation 5.3 to calculate the proportion of intensity.

B. Physical Properties

The characteristics of the ambient light which is blue and the sun which is white are considered
in the physical properties. Because of the region of shadow remain the source of sun light, it is bluer
than the background which is not be blocked. We used the physical properties which are discussed in

[60] based on RGB color space. The physical properties are calculated according to the following

SV &9
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where FpR, FpG and FpB represent the components of red, green and blue of the current frame at
the pixel p.The F_, and B, representthe value of combining the RGB component of current frame

and that of background at the pixel p, respectively.

Pqu is the most important feature in the physical properties that presents the angle between blue
and color at pixel p. ng is the angle between green and red of current frame at pixel p to
confirm the color is similar to the background. P, is the illumination attenuation of the current

frame and background.

C. Texture

Various formulations are proposed to extract the texture features from image. However, none is
perfect for various scenery. Therefore, we chose the widely used method proposed by [60] [66] which
is classic and easily implement without time consuming. The texture features are calculated as shown

in the following equations:

Y B% 8) (5.7)

T, =,VF}+VF} - [VB}+VB}, (5.8)

T, =tan —1(V'%ij - tan‘l(VE%ij , (5.9)

where V., and v, are the horizontal and vertical gradient of image, respectively. T, is the

difference between current frame and background image. Tvp and Tgp are the gradient and
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Figure 5.2: A 9-dimensional vector of three features.

orientation of each pixel p, respectively.

Notice that, we do not choose the geometry feature in this work, because of the proposed method

is pixel-based, and the geometry feature is region-based.

5.3.2 Random Forest Classifier

In this study, the Random Forest learning mechanism is adopted, because of the properties of feature
that have different performance in each scene is similar to the concept of Random Forest.

Each feature described in Section 5.3.1 has three dimensions. However, it is difficult to choose
a feature for a scene. Therefore, in this work, we merge three features to be one instance with nine

dimensions, as shown in Figure 5.2. An instance can be expressed as a vector
f, = <CHP,CSP,C\,D, By Po P T Ty, ,Tgp>, in which f; is a combined instance for training data
at pixel p. The classifier is obtained according to the Random Forest algorithm as shown in Figure
5.3. For each tree of Random Forest, it randomly choose a subsample from f to be the training data.

For each node of tree, Random Forest chose the most suitable part of features according to the
distribution of the selected training data, and train the best threshold for that node. The number of

node of each tree is growing, until the training data is small enough.

5.4 Experiments

In this section, we first compare the result of Random Forest shadow classifier with other methods

and then demonstrate the performance of the proposed method, SBE + Random Forest classifier.
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Figure 5.3: The Random Forest Shadow Detector.

5.4.1 Experimental Results of Shadow Removal

In this subsection, we analyze the performance of shadow removal. First, we shown the results of
each and combined features which is classified by SVM or Random Forest. Then, we demonstrate
the performance of the proposed method with other methods which is described in [60]. Two metrics

are used, the shadow detection rate (7) and the shadow discrimination (&), to evaluate the

performance of shadow removal which are proposed by Prati et al. [81], as shown below:

TP
SRL T 5.10
TP PN, (5.10)
o1 (5.11)
TP, + FN,

Four indicative items are used: TP, TP,, FN, and FN,. TP, refers to the number of
pixels which are the shadow pixel then marked as shadow. TP, refers to the number of pixels which
are the foreground pixel then marked as foreground. FN, refers to the number of pixel which are
the foreground pixel then marked as shadow. FN, represents to the number of pixel which are the

shadow pixel then marked as foreground.
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Figure 5.4: Comparison of shadow detection results on various sequences. (a) the results from
[60]/ (b) the results of the program released from [60].
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The value of 7 and & show the performance of each method. However, if a method has poor

performance that marked all testing data as foreground, for example, the method may has one hundred

percent accuracy of & and zero accuracy of 7. Therefore, we use the average of n and & to

represent the accuracy of performance.

Sanin et al. [60] releases the programs for geometry method, chromacity method, physical
method, small-region texture method, and large-region texture method. Figure 5.4 shows the average
shadow detection and discrimination rates on various sequences. Figure 5.4 (a) and (b) are the results
from the paper of [60] and that of the released programs which has optimal parameters, respectively.
From Figure 5.4, there are some of difference between Figure 5.4 (a) and (b), because the performance
of those programs are all depend on the parameters tuning. In the following, the programs are used

in the different experiments and the parameters are all optimal.

5.4.2 Comparison of SVM and Random Forest Classifiers

Various features have different performance in different environments. Here, we first demonstrate
the performance of SVM classifier with individual features and the combined feature. Then, we

compared the performance of SVM with Random Forest.
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Figure 5.5: Experimental results of different classifiers. (a) SVM. (b) Random Forest.

Figure 5.5 (a) is the results using SVM classifier with individual features and the combined
feature in different environments. From Figure 5.5 (a), the combined feature has the best performance
in SVM classifier. As the same as Figure 5.5 (a), the combined feature has the best performance in
Random Forest classifier as shown in Figure 5.5 (b).

From Figure 5.5, the combined feature has the best performance in different environments. The

performance of Random Forest classifier with combined feature is better than SVM classifier.

5.4.3 Experimental Results of Different methods

In this subsection, the results of SVM, Random Forest and each method which is described in [56]

are shown in Figure 5.6.

@ Detection Chromaticity Method I SR Texture Metnod [ svm

Discrimination Physical Property Method [l LR Texture Method [ Random Forest
% 4 o, 000 ¢

1t

Lampus Hauway Hignway Hignways Koom Average

Dataset

Figure 5.6: Experimental results of Different methods.
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L=

Dataset Current Frame Ground Truth RFSD

Campus

Hallway

Highwayl

Highway3

Lab

Room

Table 5.1: Experimental results of Random Forest shadow detector.

In Figure 5.6, each method has the worst performance in the dataset of Highway3, in which the
chromacity method has the best performance, and SVM and Random Forest also performed well.
Although, the large-region texture method has the best performance in some datasets, SVM and
Random Forest have the best performance in average. To compare SVM with Random Forest,
Random Forest has the best performance in the most datasets and has the best performance in average.
The performance of each method described in [60] is depend on the parameter tuning, the proposed
method, Random Forest shadow classifier, is suitable for various scenes.

Table 5.1 shows the proposed method, Random Forest shadow classifier. The first column is the
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Current Frame Ground Truth SBM + RFSD

== 2 -

Table 5.2: Experimental results of the proposed method.

current frame, the second column is the ground truth in which the foreground pixels are indicated as
white and the shadow pixels are marked in gray, and the third column is results of Random Forest
classifier in which the shadow pixels which is classified as shadow are marked in green, the shadow
pixels which are classified as foreground are marked in red, the foreground pixels which are classified
as foreground marked as blue, and the foreground pixel which are classified as shadow are marked in

yellow.

5.4.4 Experimental Results of the Proposed Method

We combine the SBM and Random Forest shadow detector to detect moving objects. The classifier
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Figure 5.7: The experimental environments of the proposed dataset. (a) Oceanwaves. (b) NTU
conference room. (¢) NTU hallway. (d) NTU outdoor.

is trained according to the ground truth of training data, and the shadow is removed from the results
of SBM, the results are shown in Table 5.2. In Table 5.2, some results of SBM have great performance
of removing shadows. We can see the results of Hallway, Lab and Room have the clear shadow
without using shadow removal. Thus, the performance of shadow removal is not obvious. In the cases
of Campus and Highway1, SBE did not perform well in cast shadow. After using the Random Forest
classifier, the shadow is removed and the results of moving objects detection become accurately.
We also proposed a new dataset which includes four sequences: oceanwaves, NTU conference
room, NTU hallway and NTU outdoor, for testing, as shown in Figure 5.7. The oceanwaves has the
dynamic background, the NTU conference room has the reflective floor, the NTU hallway has the
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Figure 5.8: Experimental results of the proposed method with the proposed dataset.
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#frame Current Frame  Ground Truth RFSD SBM SBM+RFSD

00505

00378

00532

Table 5.3: Experimental results of the proposed method with the proposed dataset.

strong light comes from the window, and the NTU outdoor has the strong light on the sidewalk and
on the traffic lane. Figure 5.8 (a)-(d) show the results of shadow removal using the proposed dataset.
From Figure 5.8, the proposed classifier, Random Forest classifier, has the best performance in all of
the proposed dataset. Table 5.3 shows the results of proposed method, SBM + Random Forest shadow
classifier, SBM is useful for dynamic background and Random Forest shadow classifier can

effectively remove the shadow effect, as shown in Table 5.3.

5.6 Summary

We propose a comprehensive method that combines the object detection and shadow removal. First,
we design a novel framework, the spatial background model (SBM) for modeling background that
integrate the temporal and spatial information. Two main components are proposed: the background
model (BM) and the background gradient extractor (BGE).

Then, to overcome the problem of shadow, we used the algorithm of Random Forest to be the

classifier which is suitable for the properties of shadow features and combined different features,
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chromaticity, physical properties and texture, for shadow removal.

In the experimental results, we first show the results of shadow removal, the performance of
combined feature are greater than individual features in both SVM and Random Forest classifiers. To
compare the Random Forest classifier with other methods, the Random Forest classifier performs
well and that is suitable for various environments.

Finally, we demonstrate the proposed method, SBE + Random Forest classifier, in both classic

and new datasets.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Summary of the Thesis

We have studied three common topics for visual surveillance: constructing the large- area high-
resolution for visual monitoring system, design the spatial background model (SBM) for objects
detection, and cast shadow removal using Random Forest classifier.

For constructing large-area high-resolution visual monitoring system, we proposed two PTZ
camera calibration methods: in-factory calibration and on-site calibration and a framework that using
the calibration results of two cameras to construct the proposed visual-monitoring system. The in-
factory calibration method is useful when stable features are extremely difficult to obtain. The on-
site calibration method is more flexible than in-factory calibration method is because it can be applied
both indoors and outdoors. To achieve the multilayered PTZ-camera calibration, the consistent
property of distinct pan-tilt angles at various zooming factors is used. To construct the large-are high-
resolution visual monitoring system, the calibration results are used. The large-area high-resolution
background image is constructed and that is combined with online multiresolution foreground image.

For detecting moving objects, an integrated methodology, the spatial background model, for
addressing the dynamic background and the sudden changes of illumination in background
subtraction is proposed. Two components are proposed: background model (BM) and background
gradient extractor (BGE). In BM, the background model is constructed using a single frame that is

based on a single-layer codebook model and that integrates the spatial information is propagated from
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the adjacent neighbors that can effectively eliminate the dynamic background and the sudden changes
of illumination in the background. However the propagation makes the foreground incompleteness.
Therefore, the propagation is forbidden according to the BGE that keeps the completeness of
foreground. The BGE is synchronously constructed with BM. To construct the BGE, the stable
background gradient is used which is used to find foreground gradient of the current frame.

For cast shadow removal, we constructed the shadow classifier utilizing the characteristic of
features of shadow, such as chromaticity, Physical Property, and texture based on Random Forest
algorithm. To compare the results of Random Forest shadow classifier with other state-of-the-art
techniques in both classic and new datasets, the Random Forest shadow classifier performs well in
most parts of testing data and that has the best average result. Random Forest shadow classifier is
suitable for various environments without tuning parameters. We also demonstrated the combination
of the spatial background model and Random Forest shadow classifier, the moving objects are

completely detected and the shadow effects are removal.

6.2 Future Directions

We have investigated the visual surveillance techniques for monitoring and detecting moving objects.
In this section, we introduce some research directions which include some extension of current works
and the approaches for integrating the components.

For constructing large-area high-resolution visual monitoring system, we plan to integrate
learning based super-resolution approaches to increase the overall resolution and enable users to
monitor the details of multiple targets in a scene. Moreover, the proposed system was designed for
use by only a single user, and only one PTZ camera was integrated because a single user can focus
on only one region at a time. To customize the system for multiple users, several PTZ cameras can
be added; the proposed system framework can be readily expanded to attain this functionality. Finally,

in the current system, a standard background-subtraction mechanism was used [8], which cannot
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effectively address occlusion, but processes images in real time. In the future, we plan to adopt
alternative background subtraction solutions to eliminate partial occlusion, such as the approaches
developed by [10] and [82], to enhance the quality of the foreground image.

For moving objects detection, although the forbidden propagation can keep the completeness of
the objects, some post-processing still needed which used to improve the accuracy of the spatial
background model, such as the color segmentation.

For shadow removal, the features of shadow traditionally extract from a single image, we will
attempt to consider the relationship between frame and frame in the future, and some features can be
considered to apply into the Random Forest classifier, such as the wavelet feature and scattering

transform.
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