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Dynamic Scenes and Appearance Modelling for Robust Object
Detection and Matching Based on Co-occurrence Probability*

Dong LIANG

Abstract

Detecting moving objects plays a crucial role in an intelligent surveillance system. Object detec-
tion is often integrated with various tasks, such as tracking objects, recognizing their behaviours
and alerting when abnormal events occur. However, it suffers from non-stationary background
in surveillance scenes, especially in two potentially dynamic cases: (1) sudden illumination
variation, such as outdoor sunlight changes and indoor lights turning on/off; (2) burst physical
motion, such as the motion of indoor artificial background, which include fans, escalators and
auto-doors, and the motion of natural background, which include fountain, ripple on water sur-
face and swaying tree. If the actual background includes a combination of any of these factors,
it becomes much more difficult to detect objects. Traditional algorithms, i.e. Gaussian Mix-
ture Model (GMM) and Kernel Density Estimation (KDE) handle gradual illumination changes
by building the statistical background models progressively using long-term leaning frames.
In practice, however, this kind of independent pixel-wise model often fail to avoid mistakenly
integrating foreground elements into the background, and it is difficult to adapt to sudden illu-
mination change and burst motion. On the other hand, spatial-dependence model, i.e. Grayscale
Arranging Pairs (GAP) and Statistical Reach Feature (SRF), shows promising performance un-
der illumination change and other dynamic background.

This study proposes a novel framework to build a background model for object detection,
which is evolved from GAP method and SRF method. It is brightness-invariant and able to
tolerate burst motion. We name it Co-occurrence Probability based Pixel Pairs (CP3). In order
to model the dynamic background, spatial pixel pairs with high temporal co-occurrence proba-
bility are employed to represent each other by using the stable intensity differential increment
between a pixel pair which is much more reliable than the intensity of a single pixel, especially
when the intensity of a single pixel changes dramatically over time. The model performs ro-
bust detection under outdoor and indoor extreme environments. Compared with the independent
pixel-wise background modelling methods, CP3 determines stable co-occurrence pixel pairs,
instead of building the parameterized/non-parametrized model for a single pixel. These pixel
pairs maintain a reliable background model, which can be used to capture structural background
motion and cope with local and global illumination changes. As a spatial-dependence method,
CP3 does not predefine/assume any local operator, subspace or block for an observed pixel, but
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it does its best effort to select those qualified supporting pixels which could maintain reliable
linear relationship with the target pixels. Moreover, based on the single Gaussian model of the
differential value of the pixel pair, it provides an accurate detection criterion even the gray-scale
dynamic range is compressed under weak illumination.

The proposed method can be used for modelling the appearance of an image to realize image
matching. Theoretically speaking, both the object detection and image matching can be seen as
a model matching problem. The differences between the two tasks is that the object detection is
to seek the regions of interest (ROI) which violate/mismatch the background model, while the
image matching is to seek the ROI which can match the image model optimally. Therefore, in
this study, we further extend the use of CP3 to the robust image matching task.

This thesis is organized into the following chapters:

Chapter 1 introduces related works in object detection and image matching. Some general
problems are involved and discussed. Furthermore, the motivations and contributions of this
research are described.

Chapter 2 presents the details of CP3 background model based on co-occurrence pixel pairs
for object detection. We test it on several surveillance video datasets for both qualitative and
quantitative analyses. Experiments using several challenging datasets (Heavy fog, PETS-2001,
AIST-INDOOR, Wallflower and a supermarket surveillance application) prove the robust and
competitive performance of object detection in various indoor and outdoor environments. For
quantitative analysis, Precision (also known as positive predictive value), Recall (also known
as sensitivity) and F-measure (a weighted harmonic mean of the Precision and Recall) are uti-
lized. The three evaluation metrics measure the exactness, fidelity and the completeness of
foreground. We compare our algorithm with three methods: (1) GMM method, which is a stan-
dardized method among independent pixel-wise models; (2) Sheikh’s KDE method as a repre-
sentative method among spatially dependent models; (3) our previous method GAP. In addition,
we also propose an accelerated version of CP3, which can effectively reduce the time cost of the
background modelling stage.

Chapter 3 proposes the framework of CP3 for modelling the appearance of an image to real-
ize image matching. We detail the learning phase and present the similarity measure procedure
and present the experimental results. Although an additional learning stage is necessary, the
experiment results show that the proposed method is robust under several imaging cases and it
also outperforms SRF.

Chapter 4 presents the discussions of the proposed methods, concludes the main contribu-
tions of our study, and shows the future works of this study.

Keywords: intelligent surveillance, dynamic scenes, robustness, object detection, image match-
ing
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Chapter 1. Introduction

1.1 Research background

In the field of computer vision, high-dimensional data from the real world is acquired, pro-
cessed, analysed, in order to produce decisions in the form of numerical or symbolic information.
A theme in the development of this field has been to duplicate the abilities of human vision by
electronically perceiving and understanding a static image or a vivid video.

A stream of research within computer vision which has gained a lot of importance in the
past few years is the understanding of scene. Scene understanding has been applied to various
fields, the most popular application of which is an intelligent surveillance system. Before the
complexity of a surveillance scene can be understood, we first need automatic methods for de-
tecting objects from it. Once the object is detected, depending on the application, the system
can do further processing to go into the details of understanding the activity. In an intelli-
gent surveillance system, detecting objects often integrates with various tasks, such as tracking
objects [1, 2], recognizing their behaviours [3, 4] and alerting when abnormal events occur [5].
Other applications of object detection include character animation for games and movies, avatars
for teleconferencing, advanced intelligent user interfaces, biomechanical analysis of actions for
sports and medicine, etc.

It is understandable that, object detection can be seen as a pixel level image processing
problem which closes to the imaging sensing device. The problem we hold is that, is the pixel
belong to the object or belong to the background? Consequently in the field of computer vision
and statistical pattern recognition, it can be seen as a typical binary classification problem.

On the basis of visible spectrum imaging technology, surveillance video camera could be the
most widely-used imaging sensing device for an intelligent system [6, 7, 8]. Compared with
more sophisticated thermal camera and stereo imaging device [9], its flexibility and low-cost
will guarantee a long-term and extensive utilization. Nevertheless, such video camera itself
has several weaknesses which influence its imaging quality: first, since the frame rate is fixed
(typically 30 fps for a NTSC system), the shutter speed cannot delay longer than the frame
interval. Thus, under a low-light condition, the sensor would not keep sufficient exposure, so
that the intensity of signal easily submerge into background noise. Second, surveillance task
requires large depth of field (i.e. capture a globally sharp scene), the light-gathering aperture is
relatively small (i.e. with a large Focal ration of the aperture), which also leads to underexposure.
All these problems are affecting the result of object detection.

On the other hand, object detection suffers from non-stationary scenes in surveillance videos,
especially in two potentially serious cases: (1) sudden illumination variation, such as outdoor
sunlight changes and indoor lights turning on/off; (2) burst physical motion, such as the motion
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(a) Outdoor sun light change

(b) Indoor light turing on and off

(c) Ripple on water suface (d) Escalator in operation

Figure 1.1: Four typical examples of dynamic background.

of indoor artificial objects, which include escalators and auto-doors, and outdoor natural dynam-
ics, including swaying tree and water ripple. If the actual background includes a combination
of any of these factors, it becomes even more difficult to perform detection. Figure 1.1 shows
four typical examples of dynamic background. State-of-the-art algorithms [10, 11, 12, 13, 14]
can handle gradual illumination changes by updating the statistical background models progres-
sively as time goes by. In practice, however, this kind of model update is usually relatively
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slow to avoid mistakenly integrating foreground elements into the background model, making it
difficult to adapt to sudden illumination changes and burst motion.

1.2 Background modelling methods

The rationale in the approach of detecting the moving objects is that finding the difference
between the current frame and a reference background scene, often called background image (a
specific frame in simple background subtraction method), or background model (a description
of the its abstract in a more sophisticated statistical method). A robust background model should
be able to handle lighting changes, repetitive motions from clutter and long-term scene changes.
Figure 1.2 shows a typical example under sunlight change.

(a) PET2001-d3-c1 Dataset

(b) 2D spatial-temporal image using pixels along a vertical line to create visible spatial-temporal slice.

Figure 1.2: 2D spatial-temporal image to observe sudden illumination variation.

1.2.1 Simple background subtraction

Simple background subtraction [15] of images acquired at different instants in time makes
object detection possible, assuming a stationary camera position and constant illumination. A
difference image d(u,v), where (u,v) is the location of a pixel, is a binary image where non-
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zero value represent image areas with object, that is, areas there was a substantial difference in
intensity between a background images f and current one fc.

d(u,v)z{ 0 if Ifc— fw)l <h wn

1 otherwise

where th is a small positive number.

In real-world scene, due to outdoor and indoor illumination changes, the simple background
subtraction cannot detect object effectively. When utilizing the simple background subtraction
under sunlight change in Figure 1.2, the detection results could be like Figure 1.3. The re-
sults appear a large area of the background noise, resulting in some targets submerged in the
background. Therefore, the background subtraction face the issue that how to fully exploit the
temporal information, to build a more accurate background model.

e —

A background frame

Figure 1.3: Object detection based on simple background subtraction

Since observations of the background in image sequences can be considered stochastic events,
many statistical approaches have been employed to model effective backgrounds. The for-
mer background modelling approaches can be classified into two categories: (1) Independent
pixel-wise modelling, which employs the statistical processing of time-domain observations
to each pixel. (2) Spatial-dependence modelling, which employs principles to exploit spatial-
dependence among pixels to build a local or global model.

1.2.2 Independent pixel-wise modelling

Independent pixel-wise modelling employs the statistical processing of time-domain obser-
vations to each pixel. Most of the earlier background modelling approaches tend to fall into
this category. The representative algorithms in this approach are the Single Gaussian back-
ground model (SG), Gaussian mixture model (GMM), Kernel density estimation (KDE), Hidden
Markov models (HMMs), Codebooks (CBs) [10, 11, 16, 12, 17, 18, 13]. The following is the
key contribution of these algorithms and some discussions.
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Single Gaussian background model (SG)

Wren [10] modelled the observations (YUV) of each pixel as a single Gaussian probability
density function. The proposed algorithm models every background pixel with ug to be the
mean (on YUYV colour space) of a point on the texture surface, and o to be the covariance of
that pixel distribution. Obviously, the SG model can tolerate noise well, but it is not a fine model
for outdoor scenes because it should be capable of dealing with movement through cluttered
areas in the visual field, lighting changes, effects of moving elements of the scene (e.g., swaying
trees).

Gaussian mixture model (GMM)

A typical example is that of an outdoor scene with trees partially covering a building: a same
(u, v) pixel location will show values from tree leaves, tree branches, and the building itself.
Other examples can be easily drawn from snowing, raining, or watching sea waves from a beach.
In these cases, a single valued background is not an adequate model. To cope with multiple
background patterns, the Gaussian mixture model (GMM) [11, 16, 19] was proposed, which use
multiple Gaussian distributions deemed to describe only one of the observable background or
foreground objects. In practical cases, setting the proper number of Gaussian distributions is a
difficult task. modelling the background variations with a small number of Gaussian distribution
will not be accurate. Furthermore, the very wide background distribution will result in poor
detection because a large range of the gray level spectrum would be covered by the background
model.

Kernel density estimation (KDE)

Elgammal [12] employed kernel density estimation (KDE) as a data-driven modelling method.
Even with a small number of samples, kernel density estimation leads to a smooth, continuous,
and differentiable density estimate. Since kernel density estimation is a non-parametric model,
it does not assume any specific underlying distribution and the estimate can converge to any
density shape with enough samples, this approach is suitable to model the colour distribution of
regions with patterns and mixture of colours. If the underlying distribution is a mixture of Gaus-
sians, kernel density estimation converges to the right density with a small number of samples.
Unlike parametric fitting of a GMM, kernel density estimation is a more general approach that
does not require the selection of the number of Gaussians to be fitted. Therefore, KDE is closer
to the real probability distribution than GMM.

Hidden Markov models (HMMs)

Hidden Markov models (HMMs) [17, 18] have also been applied to model the background;
topology free HMMs were described and several state splitting criteria were compared in the
context of background modelling in [17], and a non-adaptive three-state HMM was used to
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model the background in [18].

Codebooks (CBs)

The recent notable pixel-wise method by Kim [13] presented a real-time algorithm, which
sampled background pixel values and quantized them into compressed codebooks (CBs). To
improve the processing efficiency of the codebooks, Guo [20] presented a hierarchical scheme.

All the approaches model independently at a single pixel’s location. When detecting objects
under a dynamic background, both the object occupation and the illumination change (or other
forms of dynamics) can affect on the current intensity of a pixel. Therefore, a background model
only modelling the independent intensity change cannot distinguish the object from the dynamic
background well. On the other hand, it is intuitive that spatial neighbouring locations will exhibit
statistical correlation in the background model, which could be an evidence for the classification
of pixel’s values. To exploit this property, various methods have been used for detecting the
foreground pixels.

1.2.3 Spatial-dependence modelling

The second category uses spatial information to exploit the spatial dependencies of pixels
in the background. The representative algorithms in this approach are Co-occurrence block,
Wallflower, Eigenspace decomposition, Sheikh’s Spatial KDE, Auto-regressive moving average
(ARMA), LBP feature, Tensor subspace learning [21, 22, 23, 14, 24, 25, 26]. The following is
the key contribution of these algorithms and some discussions.

Co-occurrence block

Matsuyama [21] proposed a regional block matching method against varying illumination,
and Seki [27] proposed a co-occurrence-based block correlation method. Their main statement
is that neighbouring blocks of pixels belonging to the background should experience similar
variations over time. Although this assumption proves true for blocks belonging to a same
background object (such as an area with tree leaves), it will evidently not hold for blocks at
the border of distinct background objects, which means the above two methods can only yield
coarse region-level detection.

Wallflower

Toyama et al. [22] proposed a three layers (pixel, region, and frame level) algorithm frame-
work in which Weiner filters were employed. It used region and frame-level information to
verify the pixel-wise background model.
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Sheikh’s Spatial KDE

Sheikh [14] used the joint representation of image pixels in a local spatial distribution (proxi-
mal pixels) and colour information to build both background and foreground KDE models com-
petitively in a decision framework. In the background modelling stage, this method converts
each pixel’s intensity and location into a feature vector, and then models a joint probability dis-
tribution of all the pixels on a feature space. The method is based on the assumption that the
pixels’ correlation degree depends on the spatial distance between them, (i.e. each observed
pixel has higher correlation with its neighbouring pixels), but ignores the localized discrimina-
tion between pixels. Such a mechanism can deal well with global illumination changes, but is
not robust to local illumination change.

Eigenspace decomposition

Oliver [23] employed eigenspace decomposition in which the background was modelled by
the eigenvectors corresponding to the largest eigenvalues. It applied to the whole image instead
of blocks. Such an extended spatial domain can extensively explore spatial correlation and avoid
the tiling effect of block partitioning.

Auto-regressive moving average (ARMA)

Monnet [24] and Zhong [28] built an auto-regressive moving average (ARMA) model in
dynamic scenes, which is used to incrementally learn (using Principal Component Analysis)
and then predict motion patterns in the scene.

LBP feature

Heikkila and Pietikdinen [25] used a local binary pattern (LBP) to subtract the background
and detect moving objects in real time. This method models each pixel as a group of adaptive
LBP histograms that were calculated over a predefined circular region around the pixel.

Tensor subspace learning

A recent spatial-dependence approach [26] utilized a tensor subspace learning algorithm
to represent spatial correlations between pixel values, and modelled appearance changes by
incrementally learning a tensor subspace representation by adaptively updating the sample mean
and an eigenbasis for each unfolding matrix of the tensor.

All the approaches exploit the spatial dependencies of pixels in the background to build
the background model according to neighbouring pixels, defined blocks, fixed directions, local
operator, or subspace. Essentially, these methods are based on the assumption that the pixels’
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correlation degree depends on the spatial distance between them that each observed pixel has
higher correlation with its neighbouring pixels, but ignores the potential localized discrimination
between pixels, and also ignores comprehensive spatial information out of the defined range.
Therefore, we have a question that, can we have the freedom to break such kind of constraint
when we are designing a spatial-dependence background model?

1.2.4 Grayscale arranging pairs

Based on the above consideration, in our previous research, the Grayscale Arranging Pairs
(GAP) [29, 30] was first proposed for background modelling, and then it was extended for object
tracking [31], face recognition [32], and industrial defect detection [33]. In the training stage
of GAP, unlike many traditional spatial-dependence background modelling methods which con-
sider the predefined fixed spatial structure, it does this by considering the relationship between
this pixel and several statistically chosen reference pixels, without any constraint of specific spa-
cial location of them. For a target pixel P, suppose we have N positive reference pixels which
statistically have higher intensity than P, and N negative reference pixels which statistically have
lower intensity than P (refer to [29] for the details of statistically choosing the reference pixels).
In a new frame, P is classified as the background when its intensity is normal: lower than those
of the positive reference pixels and higher than those of the negative reference pixels; contrarily,
P is classified as the background when its intensity is abnormal: higher than those of the positive
reference pixels or lower than those of the negative reference pixels. In details, two probabilities
that concern whether P belongs to the background are calculated as follows: positive probability
&Y = n* /N (The number n* /N denotes that the intensity of P is higher than that of n* out of N
positive reference pixels) and negative probability £~ = n~ /N (The number n~ /N denotes that
the intensity of P is lower than that of n~ out of N negative reference pixels). These two prob-
abilities compose the GAP feature, and 0 < £* < 1. Although this method is quite effective to
deal with unstable background, it still have some open problems: as a threshold-based method
in both training and detection stage, the detection results is sensitive to the change of threshold.
This is a motivation we would like to improve it.

1.3 Image matching methods

Image matching constructs an important foundation for robot vision systems in a variety of
fields such as navigation, object locating and recognition, and computer-aided diagnosis and
treatment [34, 35]. It searches an image in various scenes based on a rational quantitative simi-
larity measure and locates its position at an optimum value. Many methods have been proposed
[36, 37, 38, 39, 40, 41] to achieve such an objective. In a traditional industrial machine vision
system, the robustness of the similarity measure can be guaranteed by simplifying the external
environment, for instance, maintaining steady and bright illumination. However, most of the
real-world applications suffer from uncontrollable disturbances, e.g. illumination variation, low
illumination, sensor noise, occlusion and highlight, which often lead to a high false matching
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rate. Generally speaking, approaches for image matching can be roughly classified into two
major groups: feature-based approaches and intensity-based approaches.

1.3.1 Feature-based approaches

The feature-based approaches [42, 36, 37, 43] aim to firstly find out salient features, such as
sharp edges, structured lines, or salient points. Because the selected features are generally quite
sparse, these methods are computationally efficient. Nevertheless, detecting effective features
generally implements pipeline framework, using preprocessing steps that need some heuristic
scheme for the selection of threshold values. Such pipeline methods can result in a fragile archi-
tecture which may suffer from a domino effect as an error can propagate to the subsequent pro-
cessing stages, especially under various ill-conditions. Therefore, these methods highly depend
on the quality of specific images, once involving image degradation, such as low illumination,
high noise, saturation and blurry, they hardly seek robust features for matching.

1.3.2 Intensity-based approaches

Relatively more straightforward, the intensity-based approaches [38, 39, 40, 41] are more
general and flexible compared with the former. Normalized Cross Correlation (NCC) and its im-
provement [38, 40] are well-known methods and have been very widely employed because they
can cope with noisy images and uniform illumination changes. However, as shown in Figure 3.4
to Figure 3.12 in the experiment section, when a scene involves low light, partial occlusion of
objects or saturation/highlight, this sum of multiplication correlation technique sometimes fails
to capture true positions. SSD or sum of absolute difference [39] evaluates a sum of squared
or absolute differences in the brightness defined between two distinct images. Although it is an
efficient algorithm, it is very feeble for changes in brightness caused by illumination fluctuation,
occlusion and saturation. ISC [41, 34] can cope with occlusion, shadow, saturation, or highlight.
This method is based on a similarity measure evaluated by aggregating increment sign codes
at each pixel, which represents Boolean signs between any two adjacent pixels. It is proved
to be robust because it does not directly utilize the brightness of pixels, but their incremental
tendency, and it is efficient even in comparison with NCC. Due to the information reduction
through neglecting brightness values, nevertheless, there have been some problems such as the
size of a template cannot be reduced and it cannot discriminate slight changes in the brightness
of images. The robust similarity measure using Rank Statistics [44] is based on an alternative
approach for brightness variation. This type of similarity measure is based on the fact that the
brightness itself changes in the case of a rather uniform variation in illumination, but their ranks
or orders can remain unchanged. However, it is largely influenced by significant change of local
perturbation of ranks caused by occlusion, shading and saturation.
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1.3.3 Statistical reach feature

The Statistical Reach Feature (SRF) [45] builds a local texture model for each target pixel
to be brightness-invariant for background subtraction, it is also proper for image matching task
[46]. Different from the above methods, SRF method, uses sign coding of the intensity relation-
ship between pixel pairs selected from an image. In detail, the intensity /(P) of a pixel P in the
reference image is converted to a code string of the intensity differences from adjacent pixels
Q with sufficiently large absolute value of the intensity difference [/(P) — I(Q)| > Tp, which is
used as a local feature at a pixel P, where T'p is a threshold to tolerate image noise. The binary
value of srf(P — Q, Tp) for an ordered pair (P, Q) consisting of two pixels in reference image
I is defined as

1 I(P)-1(Q) >Tp
srf(P— Q,Tp)=3 0  I(P)-1(Q) < -Tp (1.2)

@ otherwise

SRF introduces a mechanism using noise-resistant signs as observations, which provides
robustness to various disturbances. In addition, multiple pixels Q are employed, and the resulting
code string is used to calculate the local similarity of the pixel P. Then the similarity between
the reference image and the input image is defined as the normalized sum of the local similarities

[46].

1.3.4 Some other approaches

Besides these algorithms, some mathematical manipulations were intended for geometric
invariance, for instance, rotation invariance [47, 48], scale invariance [49, 36], affine invariance
[50] and elastic image registration [51, 52]. In this study, since we focus on the robustness
of similarity measure, we will not detailed discuss them which can be readily integrated as a
middle-ware for specific applications.

1.4 Introduction for the study
1.4.1 Motivation
For background modelling

In our previous research, we proposed a background model called GAP [29, 30]. GAP
employed an alignment of supporting pixels for the target pixel which held a stable intensity
subtraction in training frames without any restriction of locations. The intensity subtraction of
the pixel pairs allowed the background model to tolerate noise and be illumination-invariant.
However, this fixed intensity subtraction influenced the sensitivity of the background model,
especially when the dynamic range was compressed due to low illumination; it was also not
an optimal way to search for supporting pixels by using a fixed intensity subtraction in that
most co-occurrence pixels were not considered. In addition, the GAP method mainly focused

10
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on illumination-invariance, so that the dynamic background caused by burst motion was not
discussed sufficiently.

In this study, we propose a novel framework to build a background model for object detec-
tion, which is brightness-invariant and able to tolerate burst motion. We name it Co-occurrence
Probability based Pixel Pairs (CP3) [53, 54]. The proposed method addresses these open prob-
lems. Compared with GAP, the proposed method employs a co-occurrence histogram to describe
the relationship of a pixel pair, which is free from any intensity differences, and calculates nor-
malized correlation coefficients for measuring the degree of co-occurrence which can deal with
a dynamic background. It also introduces a spatial clustering operation to select optimal sup-
porting pixels and then provides a more accurate parameterized detection criterion instead of a
fixed double-sided threshold.

For image matching

An ideal similarity measure for image matching should be discriminative, producing a con-
spicuous correlation peak as well as suppressing false local maxima. However, the image match-
ing tasks in practice often involve complex situations, such as blurry scene and illumination fluc-
tuation, causing the similarity measure is not discriminative enough. In SRF method, the sign
coding is produced by a global threshold 7'p, which would not be accurate enough to describe
the intensity relationship of a specific pixel pair. In detail, Tp is a trade-off parameter, small
Tp cannot maintain a reliable relationship between a pixel pair because the image noise always
exists. On the other hand, large Tp would cause a large number of ineffective pixel pair, i.e. the
sign code srf(P — Q;Tp) = @. This will make SRF lose some details of the image, leading to
an insensitive matching. This problem cannot be ignored when the image is a degenerated by
defocusing or low illumination. Actually, the intensity difference of a pixel pair can be changed
along with the illumination change, e.g. the intensity difference will be smaller under a low
illumination case than it under a normal illumination, and vice versa.

In this study, we further extend the use of CP3 to the robust image matching task. In detail,
the proposed method is used for modelling the appearance of an image to realize image match-
ing. Similar to the SRF method, the proposed method based on CP3 also relies on the intensity
relationship between pixel pairs. Different from SRF method, CP3 builds the intensity differ-
ence as a single Gaussian model for each specific pixel pair via a spatial-temporal learning stage,
rather than a global threshold 7p in SRF, which is a more accurate description of a pixel pair.
The proposed image matching framework also removes the definition of @ in SRF, allowing the
pixel pair with similar intensity also building their Gaussian model, which maintain a constant
number of supporting pixels Q for each target pixel P.

1.4.2 Contributions

In this study, we propose a novel background model for object detection based on co-
occurrence pixel pairs. The model performs robust detection under outdoor and indoor ex-

11
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treme environments. CP3 determines stable co-occurrence pixel pairs, instead of building the
parameterized/non-parametrized model for a single pixel. These pixel pairs maintain a reliable
background model, which can be used to capture structural background motion and cope with
local and global illumination changes. As a spatial-dependence method, CP3 does not predefine
any local operator, subspace or block, and it provides an accurate detection criterion even though
the gray-scale dynamic range is compressed under weak illumination. Compared with GAP, the
proposed method employs a co-occurrence histogram to describe the relationship of a pixel pair,
which is free from any intensity differences, and calculates normalized correlation coefficients
for measuring the degree of co-occurrence which can deal with a dynamic background. It also
introduces a spatial clustering operation to select optimal supporting pixels and then provides a
more accurate parameterized detection criterion instead of a fixed double-sided threshold.

In this study, an image matching method based on CP3, which has the nature of robustness
for severe imaging conditions, has been also proposed. By learning a set of reference images,
the spatial and statistical models effectively improved the quality of similarity measure, and
the pixel pair structure effectively reduces the disturbances of the illumination fluctuation. CP3
builds the intensity difference as a single Gaussian model is a more accurate description of a
pixel pair than a global threshold in SRF.

1.4.3 Overview

Chapter 1 introduces related works in object detection. Some general problems are discussed
and considered. Furthermore, the motivations and contributions of this research are described.

Chapter 2 presents the details of CP3 based on co-occurrence pixel pairs. We tested it on
video datasets for both qualitative and quantitative analyses. Experiments using several chal-
lenging datasets (PETS-2001, AIST-INDOOR, Wallflower and a surveillance application) prove
the robust and competitive performance of object detection in various indoor and outdoor en-
vironments. For quantitative analysis, Precision (positive predictive value), Recall (sensitivity)
and F-measure (a weighted harmonic mean of the Precision and Recall.) are utilized to measure
the exactness, fidelity and the completeness of foreground. We compares our algorithm with:
(1) GMM method (2) Sheikh’s KDE; (3) our previous method GAP. In addition, the accelerated
version of CP3 can effectively reduce the time cost of the background modelling stage.

Chapter 3 proposes the framework of CP3 for modelling the appearance of an image to re-
alize template matching. We detail the learning phase and present the similarity measure proce-
dure and present the experimental results. Although an additional learning stage is necessary, the
experiment results show that the proposed method is robust under several imaging cases and it
also outperforms other two well-known robust similarity measure Normalized Cross Correlation
(NCC) and Statistical Reach Feature (SRF).

Chapter 4 presents the discussions of the proposed methods, concludes the main contribu-
tions of our work, and shows the future works of this study.

12



Chapter 2. CP3 for object detection

2.1 Overview

In this chapter, we propose a novel framework to build a background model for object detec-
tion, which is brightness-invariant and able to tolerate burst motion. We name it Co-occurrence
Probability based Pixel Pairs (CP3) [53, 54]. It is inspired by the previous work in [55, 56]. In
the work of R. M. Haralick et al. [55], gray-level co-occurrence matrices (GLCM) were em-
ployed to measure the spatial co-occurrence of pixels to produce an image texture feature (Har-
alick feature). In the work of Hashimoto and Saito [56], pixels with low spatial co-occurrence
probability and with high temporal co-occurrence probability were preferentially extracted as
spatially distinctive and temporally stable features to reduce computational complexity for tem-
plate matching.

Training frames Measuring co-occurring correlation ® Adaptive thresholding the

high co-occurringarea
®Sampling the supporting pixels
by clustering

Arbitrary Pixels

— 1'@ 5 ,

065 w2 ® ®

A Target Pixel
u Plu, v)

Fitting a Gaussian model for
each pixel-pair

b~ N(qr(k) +éelp, - q:(k)]) O';‘,,,,‘m)

Figure 2.1: Schematic diagram of CP3 background model.

In this study, in order to model the dynamic background, spatial pixel pairs with high tempo-
ral co-occurrence probability are employed to represent each other by using the stable intensity
differential increment between a pixel pair which is much more reliable than the intensity of
a single pixel, especially when the intensity of a single pixel changes dramatically over time.
Figure 2.1 shows the schematic diagram of CP3 background model. CP3 method first conducts
an off-line learning stage to build the parametrized background model, and then utilizing the
background model for object detection.

13
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A pixel pair consists of each pixel itself (called target pixel hereafter) and a selected pixel
(called supporting pixel hereafter). As a pixel-wise background model, the target pixel P refers
to all pixels in a scenario. The supporting pixels are neither arbitrary pixels in the scene, nor pre-
defined fixed local structures around each target pixel; instead, the supporting pixels are selected
based on their statistical stability with the target pixels.

The remainder of this chapter is organized as follows. Section 2.2 details the background
model. Section 2.3 presents the object detection procedure. Section 2.4 presents the experimen-
tal results, and Section 2.5 summarizes this chapter.

2.2 Background modelling

The algorithm is described for gray-scale imagery; however, it can also be used for colour or
multi-modality imagery with minor modification.

mPr

Target Pixel P(u, v) mar

B P

%

Arbitrary Pixel Q(v’, V')

Figure 2.2: Fundamental definitions of the image data. Target pixel P and an arbitrary pixel Q
with their intensity sequence over time p, and ¢;.

Figure 2.2 shows the fundamental definitions of the image data. Suppose we are given a
training image sequence B = {I1, I», ..., IT} with a total of T images, and each image has M =
U x V pixel positions. In the three-dimensional space I' = {(u, v, )|1<u<U, 1<v<V, 1<t<T}, we
have U X V X T intensity values within a gray-scale level range [0, L — 1].

In the following, the intensities over time at each pixel position are regarded as samples from
a stochastic process. We define P as a target pixel at location (u, v). The location of P varies to
cover all pixels of a frame, and its intensity sequence over time is denoted as {p,(i, v)},=12,..7- In
the same way, we define Q(u/’, V") as an arbitrary pixel with intensity sequence {q,(t’, v')};=12...1
at location (u’,v’). For simplicity, we have omitted most of the (u, v) and (1’, V") in the following
discussion.
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2.2.1 Bivariate statistical property of a pixel pair

To analyze the bivariate statistical property of a pixel pair, the joint histogram of intensity for
a pixel pair is defined.! The i, jth bin of the joint histogram for an arbitrary pixel pair (P, Q) in
T training images can be expressed as

T
hpolis ) = ) 6(pis qisis ), 2.1)
t=1
where 6(py, q,, 1, ) represents the two-dimensional discrete Kronecker delta function:

1 if (pp=0DN(q =)

otherwise

5([71, ‘It,i, ,]) =

The bins hpp(i, j) corresponding to 7, j € [0, L — 1] represent the co-occurrence probability of
p = iand g, = j. The joint histogram hpg can be written compactly as an ordered array,

hpg = thpo(i, N7 22)

As an example using PET2001-dataset3 cameral® shown in Figure 2.3, we selected a target
pixel P located on the “road”, and four arbitrary pixels S, G, W and R from the “sky”, “grass”,
“wall” and “road” respectively. The section hpg(i, j) > 0 of joint histograms are illustrated as
a few representable examples in Figure 2.3 (c-f). hpg shows the most irregular distribution,
while hpg, hpw and hpg reveal a more regular distribution. It is obvious that the most regular
distribution is the histogram & pg shown in Figure 2.3 (f), and its co-occurrence bins are parallel
to a diagonal line running downwards through the histogram. The corresponding intensity time
sequences of the four pixel pairs are shown in Figure 2.4. In Figure 2.4 (b, c), the intensity
changes show an unexpected phase difference between the two time sequences, which disturbs
the stable distribution of the joint histograms hpg and hpw shown in Figure 2.3 (d, e). For
example, when a light source is shifting repeatedly, the shift speed would vary between different
times, which would cause such a phase difference.

The corresponding joint histograms in Figure 2 (d, e) indicate that, under illumination fluc-
tuation, the intensity relationships of the pixel pair (P, G) and (P, W) follow multiple varying
modes, which essentially releases the relationship constraint of the pixel pair. If we employ
such a pixel pair to model the background, the sensitivity to detect objects will be low, because
the background model would be so flexible that a large range of intensity pairs would gather to
model illumination changes. On the other hand, plenty of pixels have a simpler and more ex-
plicit statistical relationship with the target pixel as shown by the pixel pair (P, R) in Figure 2 (f).
Therefore, R can be selected as a supporting pixel Q to observe the intensity of P even under
illumination changes. The training stage of the proposed method starts from selecting support-
ing pixels QF for each target pixel P, the associated calculation procedure is presented in the
next subsection.

1CP3 can also be called the pixel correlation model. However, we call it Co-occurrence Probability based Pixel
Pairs because it is designed on the basis of co-occurrence histogram of a pixel pair, and the following calculations
also rely on the probability of the histogram bins.

2ftp://ftp.pets.rdg.ac.uk/pub/PETS2001/DATASET3/
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(a) Location of the target pix.el P selected from (b) The average intensity change of each frame in
the road, and four arbitrary pixels S, G, W, and this scenario.
R, selected from the sky, grass, wall, and road.
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Figure 2.3: Co-occurrence joint histograms use PETS2001-dataset3 cameral training dataset
with 5563 frames (T = 5563) and the gray-scale level range is [0, 255] (L = 256).
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Figure 2.4: The intensity change of target pixel P and four arbitrary pixels corresponding to

Figure 2.3 (c-f).

17



2.2. BACKGROUND MODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION

As a grayscale/single-channel image, the change in pixel intensity is proportional to the
illumination increment. Hence, the statistical linearity of a pixel pair reduces to a stable intensity
differential increment 4(p,, g;) just as the example in Figure 2.3 (f), in which the slope of the
regression line approaches 1.

For one target pixel P, it is natural to expect that one or more pixels Q” which maintain a
stable intensity differential increments 4(p;, ¢,) during training frames, exist even though P and
Q" might be at quite different locations. When detecting objects under a dynamic background,
both the object occupation and the illumination change (or other forms of dynamics) can affect
on the current intensity of a target pixel P. A background model only modelling the independent
intensity change of P cannot distinguish the object from the dynamic background. Instead,
Q" pixels could be employed to estimate the intensity of the target pixel P in a current detection
frame, i.e. p = A(p;, q,)+q, where g is the intensity of Q" in a current detection frame. When the
illumination changes on a target pixel P but no object exists on it, p simultaneously changes with
g, so that the current intensity p will fall into the estimated range p, then P will be considered
to be a background element. If P is occupied by an object, the current intensity p will be out of
the estimated range p, then P will be considered to be occupied by an object.

In our training stage, 4(p;, q,) is modelled as a single Gaussian model, with a unique mean
and variance. Using a Gaussian model allows the pixel pair to tolerate noise. More importantly,
for different pixel pairs, the mean of 4(p,, ¢,) could vary and the noise effect could also be at
different ranges, so the mean and variance of a Gaussian calculated on specific pixel pair provide
an accurate statistical constraint between them.

For robust detection, it is necessary to maintain a sufficient number of supporting pixels,
denoted { Q,f Yk=12....k>» Where K is the total number of supporting pixels. In our detection stage,
a double layer probability-based decision is used to detect objects: the first layer is to identify
whether an individual pixel pair (P, Qf ) matches its Gaussian model; and the second layer is to
observe a matched ratio, i.e. to count the number of pixel pairs (P, { Ql’: }) that can match their
Gaussian model from total K pixel pairs for each P. Once the matched ratio decreases, P will be
regarded as a foreground element. The associated calculation procedure is presented in Section
2.3.

2.2.2 Statistical measurement of co-occurrence pixel pairs

In this section, we introduce how to determine the supporting pixels from M — 1 candidate
pixels for each target pixel P. For an arbitrary pixel pair (P, Q), the one dimensional histograms
corresponding to their marginal probability distributions are

L-1
he(i) = ) hpois j) (2.3)

=0

and -
ho(j) = ) heolis J)- (2.4)

i=0
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The expectation values of P and Q are

-1
&(p) = 17" ) ihp(i) (2.5)
and
-1
Ea)=T") jho()) (2.6)
Jj=0
respectively, and their variances are
=
o, = 7 D= EPOThe() 2.7)
i=0
and
-1
? — &g ho(j). (2.8)
j= 0

The covariance of a (P, Q) pair can be defined as follows:

I-11-1
1

CP,Q— [i = E(p)IlJ — E(q)hpo(, ). (2.9)
1:0 J

II
(=]

Cpo > 0 means P and Q has positive covariance value, which indicates they potentially have a
high co-occurrence probability. We call this kind of pixel pair co-occurrence pixel pair hereafter.
In order to measure the independent co-occurrence quantitatively, we utilize Pearson product-

moment correlation coefficient:
Cro

Yo = (2.10)

P T
where o, and o, are the standard deviations of P and Q respectively. Eq. (2.10) is used to
estimate the linear dependence of spatial pixel pairs, and y(p, g) is £1 in the case of a perfect
positive/negative linear correlation. This normalized correlation coefficient does not involve the
restraint between E(p,) and E(g,). Namely, the pixels Q with any mean values are likely to have
large y(p, g) With P.

Figure 2.5 shows four examples of y(p, o) using PETS2001-dataset3, the black crosses stand
for the location of P, and the red coloured area have high correlation coefficient values.

In practice, Eq. (2.10) can be calculated based on a correlation matrix instead of calculating
pixel-by-pixel serial processing. The correlation matrix is the covariance matrix of the standard-
ized random variables p, = p,/o(p,). With a total of M = U x V pixel positions, the image
sequence can be arranged progressively as a column vector set y™ = { Pim)m=12...m-

The correlation matrix of size MXM is

ro™) =™, o™’
2D =EBED) | | Bu(1) = EB(1))

pi(2) — E(p(2 pi(2) = E(pi(2
_ P(2) .(Pr( ) _ P(2) .(Pz( ) 2.11)

(M) = E(p(M)| | p(M) = E(p(M))
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where C(+) is the covariance operation. The correlation matrix is symmetric so that each row and
column of the Y'(y™) is an array of Y, o) for each P(u,v).

For each target pixel P(u, v), M —1 values of y(p, o) need to be calculated at different locations
(u',v"). Then Q, corresponding to the highest N components in the array yp, ou ) can be
selected as the candidates of preferred supporting pixels, namely

{Qn} = {Q(MI’V,)W(P, 0 > 7}, n=12,..,N, (212)

where N is the number of candidate supporting pixels Q, for each target pixel P, and ¥ is the
lower limit for the co-occurrence pixel pair. ¥ is an adaptive threshold depending on the variation
characteristic of P, which is discussed in the following Section.

(a) Target pixel 1 and its yp, g) (b) Target pixel 2 and its y(p, o)

(c) Target pixel 3 and its yp, g) (d) Target pixel 4 and its y(p, o)

Figure 2.5: Diagram of correlation coefficients y(p o) using PETS2001-dataset3-cameral
dataset. The black crosses stand for the locations of P, and the red coloured area have high
correlation coefficient values.

20



2.2. BACKGROUND MODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION

2.2.3 Lower limit for a co-occurrence pixel pair

Due to sensor noise and encoding noise, any p, and g, cannot maintain a full co-occurrence
relation. Therefore, the lower limit ¥ for choosing the high co-occurrence pixel pairs is a key
parameter. This parameter is generally solved through preparatory experiments using typical
samples of target images as a training dataset. To estimate the lower limit more reasonably, we
need a theoretical formalization as a guidance with a natural prospective view.

Our approach to formalization is to assume that, p, = p,” +e; and g, = ¢, + >, where p,” and
g, are the intensities without any noise; e¢; and e, are the additive noise, independent of each
other but with the same density function N(0,o2). Then we assume p,” and ¢,” have a perfect
positive linear correlation with a constant b = A(p,’, g,"), namely p,” = g, + b, and analyse ¥y as
a statistic for investigating how large degradation is raised by the noise. For the computation of
Y(p, 0)» disconcordance between p; and g, can degrade the ¥ value. The correlation coefficient ¥
can be represented by the next expression according to Eq. (2.10),

Clp,/ +ei,p/ +e1—ey—b)

y = (2.13)

Op/+er " O p/+ei—es—b
According to the properties of covariance and variance, the above formula is developed as

0-127, + 072
y = ' . (2.14)
O-p,’+el : O-p,’+el—ez—b

When p,” is independent of e, Eq. (2.14) can be rewritten as

o+ o
f

1
[(@2, + oo, +207)]2

")’/:
2

1
Tyt ) 2.15)
- 0'127, + 207 .

2\
= 1+—"] : (2.16)

2

When the noise level is significantly smaller than the dynamic range of p,, namely o, >

2

o4, Eq. (2.15) approximates to 1, which reveals that with large-scale intensity variation in the
training dataset, the noise effect for correlation measurement can be reduced. On the other hand,
if the intensities of P keep steady, namely a-f); — 0, Eq. (2.15) will level off to 1/ V2, then the
candidate supporting pixels can be selected from the stationary elements of the background. We
directly use Eq. (2.16) instead of Eq. (2.15), in which 0'12)/ can be calculated based on Eq. (2.7)
and o2 can be determined according to the noise level of the image sequence.

From the theoretical analysis, the lower limit can be determined from the comprehensive

conditions combining with o2 which can be easily provided by users and a computable 0'127,.

21



2.2. BACKGROUND MODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION

Figure 2.6 shows four example of selected Q, (the coloured area), which demonstrate that
the rules to choose Q) according to the lower limit ¥ allow the spatial distributions of Q,, to
follow irregular illumination variation patterns.

(a) Target pixel 1 and its Of (b) Target pixel 2 and its QF

® o I I
m&"‘

(c) Target pixel 3 and its O (d) Target pixel 4 and its QF

Figure 2.6: Diagram of selecting Q,’: using K-means in spatial domain. The black markers
correspond to the P pixels in Figure 2.5 (a-d). The different-coloured areas, which stand for the
clustering subsets, come from the high co-occurrence pixel Q, with total N pixels. The blue
circles are the centres of each clustering subset, which are selected as Qf . In these examples,
K = 10.
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2.2.4 Background model of pixel pairs

In this section, we discuss how to produce a limited number of supporting pixels Q,f and
build the background model.

In Section 2.2.3, the selected Q, using ¥ resulted in an indeterminate number of N. To per-
form an executable algorithm, we need to confirm a series of a limited number of supporting
pixels. As the spatial distribution of Q, follows irregular patterns, we cannot implement any
former spatial interpolation approach to select high representative Q,’: from Q,. To solve this
issue, K-means clustering is employed to partition Q, into K clusters, depending on the nearest
clustering centres [57]. With clustering convergence, the pixel that is closest to the k-th cluster
centre is selected as a unique Q,’: . The details of K-means clustering for optimizing the spa-
tial distribution is described in the Appendix. Four demonstrations of the Ql’: optimization are
shown in Figure 2.6 in which K = 10. It is reasonable to assume that selecting more supporting
pixels will contribute to a robust result. The supporting pixels are essentially a group of statisti-
cal samples. Theoretically speaking, a larger number of samples would estimate a more robust
statistical model. On the other hand, the number of supporting pixels directly affects the compu-
tation cost for object detection. This issue is discussed in the form of quantitative experiments
in Section 2.4.2. Without loss of generality, the number of K for a given video scene is set at 10
for the experimental comparison in Section 2.4.1 and 2.4.3.

Each Ql’: keeps a bivariate differential increment with P,

pi~N(qupy + b, 02, 2.17)

where o2 follows a normalized distribution & ~ N(0,02). We use this Gaussian function to
model the intensity distribution of a pixel pair instead of a Gaussian mixture model [11] because
we find that a single Gaussian works better since the selected pixel pair keeps highly steady
difference except for noise. We calculate a noise standard deviation estimation as follows,

Ge = O p—quy» (2.18)
and the estimation of the differential increment b is,
b = &lp - quw]. (2.19)

After the training step, the above two parameters &, b are recorded for the following detec-

tion procedure. The background model is a look-up table (LUT) consisting of [ u’,V", &, b ] for
(O} k=12,..k-

To train the background model of a scene, a training dataset including the dynamic back-
ground of the scene is necessary. In this work, we use three public datasets (PETS2001-dataset3
cameral, AIST-INDOOR, Wallflower), and each of them provides a separate training and de-
tection dataset. We use each specified training and detection dataset for training and detection
respectively.
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2.2.5 Moving background case

In the case of a moving background, the moving parts cover several pixels in the same frame
that also present co-occurrence. Therefore, we can search for the supporting pixels Qf if the
intensity changes of the pixel pairs are simultaneous. Using the proposed method to evaluate the
intensity changes caused by a moving background makes no difference within the case of illumi-
nation variation. Hence, the earlier discussion based on illumination change is also appropriate
for the case of a moving background.

A typical motion pattern in backgrounds is burst motion. This motion pattern can be de-
scribed as a moving part of the background following regular directions but with an irregularly
scheduled occurrence; hence, its speed and frequency cannot be directly predicted. Plenty of
moving background elements can be simplified into burst motion. For example, tree swing-
ing caused by random wind, fan speed change, dynamic horizontal lines of a displayer caused
by its refresh rate, and auto-induction escalators and doors, all of which often appearing in
outdoor/indoor surveillance scenes are examples of the burst motion. In general, applying inde-
pendent pixel-wise methods (such as GMM [11] or Codebook [13]) to deal with motion back-
grounds only employ pixel’s history by continuously updating background, using a fixed learn-
ing rate as the background updating criterion; these background models are sensitive to burst
motion. Our proposed method is a frequency and speed adaptive background model, which
employs the spatial-dependence of pixel pairs to keep a stable differential increment regardless
of the intensity of a single pixel under any frequency or speed of burst motion. The selected
pixel pairs convert the non-stationary scene to a stable background model for offsetting the pat-
terns of motion without any learning rate. Figure 2.7 shows four examples of various burst
motion backgrounds without severe illumination change. Figure 2.7 (a) and (b) are from the
Wallflower dataset [19], and contain a waving tree and a cathode ray tube displayer respectively;
Figure 2.7 (c) and (d) contain an escalator in operation and a fan in operation respectively, which
can be downloaded from the author’s web links® 4.

Compared with the case of severe illumination change shown in Figure 2.5, y(p, ¢) appear a
part of negative values along the vertical direction of the movement locus shown in Figure 2.7.

Figure 2.8 shows examples of the mixture case of burst motion and sudden illumination
change using AIST-INDOOR dataset’.

In this scene, a target pixel repeatedly passes by an auto-induction door while a light turning
on. The supporting pixels with high co-occurrence are located along the vertical direction of the
door to meet the simultaneity of its burst motion (shown in Figure 2.8 (b-d)), rather than around
a regular neighborhood. As a comparison, Figure 2.8 (e, ) shows the case of a target pixel in
a static part of the same scene. The pseudo-code of CP3 for background modelling is shown in
Algorithm 1.

*http://ssc-lab.com/~liang/CP3_project/escalator.rar (The domain name ssc—1lab.
com would be changed to www.hce.ist.hokudai.ac. jp)

‘http://ssc—lab.com/~liang/CP3_project/fan.rar

Shttp://ssc—lab.com/~liang/CP3_project/AIST_INDOOR_DATASET.rar
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(c) Dynamic refresh of a displayer.

(e) Auto-induction escalator.

(g) Speed-adjustable fan.

Figure 2.7: Examples of various burst motion. Correlation coefficients y(p, o) values of a selected
pixel. The black crosses stand for the locations of P, and the red coloured area have high

correlation coefficient values.

TR,

{
I

vk
[P o AP T
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() v, o) values of a target pixel in (e).

(h) v, ) values of a target pixel in (g).
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(a) Location of the target pixels P(70,180) and

(170, 180). (b) Yir, o) Of P(70, 180).

T

(c) Partial enlarged drawing of (b). (d) The supporting pixels of (c).

(e) v, gy of P'(170,180). (f) The supporting pixels of (e).

Figure 2.8: Examples of the mixture of burst motion and sudden illumination change. Correla-
tion coefficients y(p o) values of a selected pixel. The black crosses stand for the locations of P,
and the red coloured area have high correlation coefficient values.
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Algorithm 1: CP3 for background modelling

Data: B = {I, I, ..., IT} with total T images, and o-%.
Result: look-up table of { Q,’: Yk=12...x consisting of [u’,V', &, bl.
Initialization:
Build the vector set y" = { Pi(m)ym=12..m-
(I) Compute correlation matrix:
0™ = CoM, (oD
(II) Select supporting pixels:
for each P(u,v) do
(a) Compute ¥ based on Eq. (2.16).
(b) {Qn}n:I,Z ..... N = {Q|7(P, Q) > )V’}
(c) K-means sampling in spatial domain {Q,} = { Q,f Ye=12...K-
(d) Compute and record [ «’,V’, &, b ] for {Qf}k=1,2 ,,,,, K.

2.2.6 Accelerated background modelling

In Section 2.2.2, in order to calculate y(p, ) for each P in a training dataset with M = U X
V pixel positions and T frames, the computational complexity for Eq. (2.11) is O(TM?). In
contrast, in the independent pixel-wise models [11, 12], it is unnecessary to consider spatial
dependence, so the computational complexity is only O(T M) in the training stage. With the
same memory cost, the time consumption of our proposed method is M — 1 times higher than
independent pixel-wise models.

Hoping to have a faster version of background modelling, we modified Eq. (2.11) using a
hierarchical structure of a covariance-matrix: y* can be sampled uniformly using an integral
sample interval A, the sub-set ,\/[M /A1 )(M ; thus, we have

T(X[M/Az]) _ C()([M/AZ], (X[M/AZI)T)_ (2.20)
In order to cover all the target pixels, we have A2 hierarchical correlation matrices ‘Y’()(BM/ Az])
and
2
X = puwA + Do, gy @221y

where 1 = 1,2, ..., A%. In this way, both the memory cost and time consumption is O(TMZA‘Z),
which means the hierarchical structure of a covariance-matrix reduces computational complexity
by A%

The speed-up algorithm is based on the pixel sampling operation, which reduces the number
of candidates of supporting pixels. However, we are willing to accept the possible loss in infor-
mation, because it allows us to achieve high speed processing when dealing with high resolution
surveillance videos. We recommend that the high resolution applications choose the accelerated
background modelling, and the low data-volume applications choose the standard CP3 algo-
rithm. The experimental discussion of the sample interval A is presented in Section 5.3.
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2.3 Object detection

The proposed background model converts the object detection problem into a competitive
includes two stages: (1) to identify the normal/abnormal state of the pixel pair (P, Q,’: ); (2) to
identify the foreground/background state of P.

2.3.1 Pixel pair state

For each pixel pair (P, Qf ), the binary function ( Qf ) for discriminating the normal/abnormal
state can be estimated as the following condition according to Eq. (2.17):

1 if —qu) -b) <C- 6
BUO k=10, K):{ it p-go-bi<C-0 (2.22)

0 otherwise

where p and gy are the intensity values of P and Ql’: in the input frame J respectively, and C is
a constant. It is important to note that using the bivariate normal distribution of the differential
increment of the pixel pair is different from using the traditional single Gaussian pdf-based
identification function of a single pixel [10]; in a single Gaussian pd f-based method, the ideal
threshold should be changed following the latest intensity variation. For example, the stan-
dard deviation should be larger when the illumination fluctuations become more intense. In our
proposed version, the stable differential increment of a pixel pair provides an adaptive observa-
tion so that & is only related to the noise acting on each pixel. Therefore, we do not need an
adjustable C to adapt to changes caused by illumination changes or background motion. The
constant C can be set from 1.0 to 3.0 in order to contain approximately an area of 68-99% of
its probability density function. In addition, the recording of &, and b from the modelling stage
provides a more accurate parametrized criterion than a fixed double-sided threshold in GAP
method [29]. This will be confirmed in the experiment section.

2.3.2 Decision function

After identifying the normal/abnormal state of the pixel pair, K bits of ,B(Qf ) are produced
for the following decisions of each P. In order to classify whether P is a foreground pixel, the
probability £(P) of a pixel being in the background is defined as,

1 K
&Py = = ) Q). (2.23)
k=1

Target pixel P in the input image is considered as a foreground pixel only if £(P) < PF, where
PF is a global threshold that can be adjusted to achieve the desired result. Otherwise, P is
considered as a background pixel. For instance, if PF = 0.5, and the number of abnormal Q,f
is larger than K/2, namely, £(P) < 0.5, then P should be a foreground pixel in the input frame
J. The procedure for calculating £(P) for every target pixel is performed by a bits counting
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Algorithm 2: Object detection
Data: Testing frame J, parameters C and PF.

Result: Foreground/Background

for Each pixel P in J do
(D) Initialize:

Load look-up table ~ [u, V', &, b] of {QkP}k=1,2 ..... K.
(I) Pixel pair identification:
fork=1,2,...,K do

if I(p — qx) — b)l < C - 6, then

| B =1
else
| B@) =0

(IIT) Object identification:

Compute £(P) = % X, B(QD).
if £(P) < PF,(0 < PF < 1) then
| P — Foreground

else
| P — Background

operation, along with a look-up table for calculating B(Q,’: ), which is easy to implement on any
conventional hardware. The pseudo-code of the object detection is shown in Algorithm 2.

2.4 Experimental results

To evaluate the performance of the proposed method, we tested it on video datasets including
a variety of indoor and outdoor environments for both qualitative and quantitative analysis. For
all the experiments, o> = 100 in the training stage and the two thresholds were set as C = 2.5
and PF=0.5 respectively in the detection stage.

For quantitative analysis, the three evaluation metrics, Precision (also known as positive
predictive value), Recall (also known as sensitivity) and F-measure were utilized. Precision,
Recall and F-measure are widely used in pattern recognition and information extraction with
binary classification [59, 60]. Since pixel-level object detection is a typical binary classification
problem, the three metrics also have been used for the quantitative analysis of object detection
[14, 29, 61]. Precision can be seen as a measure of exactness or fidelity, and Recall can be seen
as a measure of completeness of foreground,

. TP
Precision = ——— (2.24)
TP+ FP
and TP
Recall = ———— (2.25)
TP+ FN

where TP, FP and FN stand for the number of true positive pixels, false positive pixels and
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false negative pixels, respectively. F-measure is a weighted harmonic mean of the Precision

and Recall,
: 2Precision - Recall

(2.26)

"~ Precision + Recall

2.4.1 Comparison with other approaches

We compared our algorithm with three methods: (1) GMM [11, 16] method, which is a
standardized method among independent pixel-wise models; (2) Sheikh’s KDE method [14] as
a representative method among spatially dependent models, which is different from the original
nonparametric Kernel Density Estimation method (KDE) in that it employs KDE over the joint
domain(location) and range (intensity) representation of image pixels; (3) our previous method
GAP [29]. The parameters for the GMM algorithm were set as defaults in the OpenCYV tool; the
parameters for Sheikh’s KDE algorithm were set according to the author’s recommendations in
[14], and the size of model is [26, 26, 26, 21, 31]; In GAP method, W; = 20, Wp = 0.9, Wy =
0.3.

Raw #152

Sheikh’s KDE GAP

Figure 2.9: Qualitative comparison of GMM, Sheikh’KDE, GAP, and proposed CP3 method
using a dataset of traffic sequence with heavy fog. The difficulty is that the heavy fog compresses
the dynamic range of the scene.

First, we use a dataset of traffic sequence with heavy fog®. In which there is only gradually
varied illumination but no burst motion background. The only difficulty is that the heavy fog
compresses the dynamic range of the scene. The detection results are shown in Figure 2.9.
All the four methods provide similar results in appearance. In the point of view of detection
sensitivity, GAP method shows slight weak, because of the fixed threshold during the training
and testing phase.

‘http://i21lwww.ira.uka.de/image_sequences/
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Precision Recall
GMM GMM
KDE KDE
GAP GAP
cP3 cP3
0 0.2 0.4 0.6 08 1 0 0.2 0.4 0.6 0.8 1
(a) Precision (b) Recall
F-measure
GMM
KDE
GAP
cP3
0 0.2 0.4 0.6 0.8 1

(c) F-measure

Figure 2.10: The mean metrics of GMM, KDE, GAP and proposed CP3 using PETS2001-
dataset3 cameral.

Next, We use the sequences from PETS2001-dataset3 cameral to test the outdoor scenes
captured under severe illumination fluctuation. The sudden partial illumination variations caused
by moving clouds are obvious in this scene which are clearly represented as average intensity
change shown in Figure 2.13 (b). The dataset PETS2001-dataset3 cameral includes a total
of 5563 frames for training and 5336 frames for detection. The available ground truth data

of PETS2001 allows us to complete the comparison’

. The average Precision, Recall and F-
measure of the four methods are shown in Figure 2.10. The Precision, Recall and F-measure
over time of the four methods are shown in Figure 2.12 (a,b) and Figure 2.13 (c). Clearly,
both CP3 and GAP show a higher level of Precision than the other two methods; CP3 has an
obviously higher Recall and F-measure value than other methods which means it has higher
sensitivity for detecting foreground.

It should be noted that, during the frames from 150 to 200, GAP and Sheikh’s KDE methods

show clearly decreasing performance of Recall, as the test video comes into a darker phase after

"http://limu.ait.kyushu-u.ac.jp/en/dataset/
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High contrast Sudden change Low contrast Sudden change

Raw

GMM

KDE

GAP

CP3

Figure 2.11: Qualitative comparison of GMM, Sheikh’s KDE, GAP, and proposed CP3 using
PETS2001-dataset3-cameral dataset with outdoor severe illumination fluctuation.

the frame 150, and the dynamic range of the intensity is compressed, as shown in Figure 2.13 (d).
Since the GAP method uses a fixed double-sided threshold, it is more sensitive to changes in
dynamic range than CP3, which leads to more false negative detections (incomplete foreground).
The performance of Sheikh’s KDE and GMM methods show the weakness that they are sensitive
to the rapid changes of illumination while updating.

Figure 2.11 shows the qualitative results of the four methods under high contrast, low contrast
and rapid changes of illumination, respectively. It is stressed that no morphological operators
like erosion/dilation were used in the presentation of these results. The above results indicate
that, our proposed method has a better illumination invariance compared with the state of the art
methods, even under sudden illumination changes and a low contrast background.
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Figure 2.12: Precision and Recall comparison of GMM, Sheikh’s KDE, GAP, and proposed
CP3 using PETS2001-dataset3-cameral dataset with outdoor severe illumination fluctuation
over time through 301 testing frames.
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Figure 2.13: F-measure comparison of GMM, Sheikh’s KDE, GAP, and proposed CP3 using
PETS2001-dataset3-cameral dataset with outdoor severe illumination fluctuation, and the aver-

age intensities over time through 301 testing frames.
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The next dataset for testing indoor environments is the AIST-INDOOR dataset®. It con-
tains several indoor extreme conditions: low contrast illumination, low texture, turning on lights
and an auto-door rapidly opening and shutting. The dataset AIST-INDOOR includes total 300
frames for training and 4890 frames for detection. The average Precision, Recall and F-measure
of the four methods are shown in Figure 2.15. Figure 2.14 shows four demo frames of detec-
tion with CP3, GAP, Sheikh’s KDE and GMM respectively. Compared with other approaches,
CP3 is not only insensitive to varying illumination but also robust to reciprocating motion of the
auto-door. The average Precision, Recall and F — measure of the above three experiments are
shown in Table 2.1.

Precision Recall
GMM GMM
KDE KDE
GAP GAP
cP3 cP3
0 0.2 0.4 06 0.8 1 0 0.2 0.4 0.6 0.8 1
(a) Precision (b) Recall
F-measure
GMM
KDE
GAP
cP3
0 0.2 04 0.6 0.8 1

(c) F-measure

Figure 2.15: The mean metrics of GMM, KDE, GAP and proposed CP3 using AIST-INDOOR
dataset.

Here, we would like to emphasize the differences between our method and Sheikh’s KDE
method from reference [14] because both of them belong to the spatial-dependence model.
The most important difference is the difference in their modelling mechanisms. Sheikh’s KDE

$http://ssc—-lab.com/~liang/CP3_project/AIST_INDOOR_DATASET.rar (The domain name
ssc—1lab.com would be changed to www.hce.ist.hokudai.ac. jp)

35



2.4. EXPERIMENTAL RESULTS CHAPTER 2. CP3 FOR OBJECT DETECTION

Low contrast Critical state High contrast Auto-door open
#0042 (Light-on) #1344 #2639 #3646

Raw
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Figure 2.14: Qualitative comparison of GMM, Sheikh’s KDE, GAP, and proposed CP3 using
AIST-INDOOR dataset. It contains several indoor extreme conditions: low contrast illumina-

tion, lights sudden on-off and an auto-door rapid open-shut.
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Table 2.1: Mean precision, recall, and F —measure of GMM, Sheikh’s KDE, GAP, and proposed
CP3 method using Heavy fog, PATS2001, and AIST-INDOOR datasets.

Methods Quantitative evaluation Heavy fog PATS2001 AIST-INDOOR Total

Precision 0.614 0.816 0.402 0.611

GMM Recall 0.747 0.311 0.290 0.422

F — measure 0.674 0.450 0.323 0.482

Precision 0.439 0.390 0.374 0.401

Sheikh’s KDE Recall 0.763 0.464 0.517 0.327
F — measure 0.557 0.424 0.306 0.429

Precision 0.847 0.905 0.912 0.888

GAP Recall 0.605 0.539 0.575 0.573

F — measure 0.706 0.676 0.703 0.695

Precision 0.862 0.918 0.922 0.901

Proposed CP3 Recall 0.795 0.836 0.780 0.804
F — measure 0.827 0.875 0.845 0.849

method converts each pixel’s intensity and location into a feature vector, and then models a joint
probability distribution of all the pixels on a feature space. The method is based on the assump-
tion that the pixels’ correlation degree depends on the spatial distance between them, (i.e. each
observed pixel has higher correlation with its neighbouring pixels), but ignores the localized dis-
crimination between pixels. Such a mechanism can deal well with global illumination changes,
but is not robust to local illumination change, which can be clearly observed in the qualitative
experimental results in Figure 2.11 and Figure 2.14. Compared with Sheikh’s method, our pro-
posed background model avoids any prior assumption of pixel’s local correlation, but selects a
group of supporting pixels which can maintain a stable statistical relationship with their target
pixel. Such a mechanism is robust under both global and local illumination changes.

The next dataset is Wallflower, which is introduced in the work of Toyama et al. [22]. This
dataset consists of seven video sequences, each of which addresses a special canonical back-
ground subtraction problem. We trained each video sequence using the frames specified by the
instruction files in the Wallflower dataset. Our results are shown in Figure 2.16. Compared
with the results in [22], our method deals with the illumination changes and background fluctu-
ations well. Note that, some incomplete parts of the foreground exist mainly because the dark
colours of both foreground and background come into similar intensities after covering them
into gray-scale image. When using a multi-channel colour detection, the performance would be
improved.
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Bootstrap Camouflage Foreground Aperture Light Switch

Moved Object Time Of Day Waving Trees
#0985 #1850 #0247

Figure 2.16: CP3 results of Wallflower dataset.

2.4.2 Different number of supporting pixels

To examine the detection performance of the proposed method using a different number
of supporting pixels, we use PETS2001-dataset3 cameral and calculate the mean value of
Precision, Recall and F-measure shown in Figure 2.17 (a). The corresponding average run-
time to process each frame is shown in Figure 2.17 (b). The runtime is measured on a computer
with a Intel Xeon 3.0 GHz processor with a C language implement. From Figure 2.17 (a), we
can observe that K mainly affects Precision: when K = 1, Precision is around 0.5. According
to the definition of Precision, this result means the number of false positive pixels (FP) and
true positive pixels (7' P) are similar which indicates that one supporting pixel Qf cannot pro-
vide robust detection. When K becomes larger, Precision increases dramatically; and when K
continues to grow (larger than 9), Precision tends to be stable, which means there is a small
quantity of false positive pixels (F P). Figure 2.17 (a) also shows that Recall changes little under
different K, which indicates that the completeness of the object could be preserved even K is
small. The results of the above quantitative analysis can also be observed from the detection
sample in Figure 2.18. In addition, as shown in Figure 2.17 (b), the runtime of detection linearly
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increase with K. In conclusion, considering both the detection performance and computation
cost discussed above, we set the number of supporting pixels K between 10 to 20 in practice.
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(a) Precision, Recall and F-measure under different K (To show
the variation tendency clearly when K is small, the horizontal axis
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(b) Average detection runtime of a frame under different K.

Figure 2.17: Work with a different number of supporting pixels K using PETS2001-dataset3
cameral. From (a), when K = 1, Precision is around 0.5; when K becomes larger, Precision
increases dramatically; and when K continues to grow, Precision tends to be stable; Recall
changes little under different K. From (b), the runtime of detection linearly increase with K.
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(a) Frame #2706.

b K=1 (©K=5

@K=15 (e) K =99

Figure 2.18: Detection sample with a different number of supporting pixels K using PETS2001-
dataset3 cameral. When K becomes larger, smaller quantity of false positive pixels (F P) exists.
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2.4.3 Analysis of accelerated background modelling

We also use the accelerated version to carry out background modelling with a sample interval
from A = 2to A = 5, and compare its time consumption of background modelling and object
detection performance with Algorithm 3 shown in Table 3.3. The dataset is a high resolution
(1024%1024) surveillance video in a supermarket with 101 training samples, some detection
samples are shown in Figure 2.20. The runtime are measured on a computer with a Intel Xeon
3.0 GHz processor.

From Table 3.3, we can observe that compared with the original CP3, the time cost for
background modelling of the accelerated algorithm dramatically reduces even when only using
a limited sampling interval. For instance, when A = 5, the runtime reduced by 91.96%, while the
Precision, Recall and F-measure only reduced by 5.85%, 4.56%, and 5.12%, respectively. The
above three metrics can keep high levels mainly because when the sampling interval is relative
small, there are still sufficient qualified supporting pixels to maintain robust detection.

Larger-range quantitative tests are shown in Figure 2.19. We can observe that when the
sampling interval A continues to increase, Precision, Recall and F-measure clearly decrease,
and finally tend to be stable at low levels.

In summary, when using the accelerated algorithm of CP3, it is suggested to firstly conduct
a preliminary work using a relative small sampling interval, which would efficiently reduce
the time cost of background modelling and maintain a fairly good detection performance. In
addition, an optimized implementation of Algorithm 4 for object detection can process about 17
fps using a frame size of 1024x1024.

Table 2.2: The comparison of CP3 and its accelerated version.

Interval Runtime (Sec.) Precision Recall F-measure

151.57 0.923 0.877 0.899
A=2 47.02 0.920 0.857 0.887
A=3 31.51 0.903 0.851 0.876
A=4 15.73 0.887 0.844 0.865
A=5 12.19 0.869 0.837 0.853

2.5 Summary

In conclusion, CP3 builds a novel background model for object detection based on co-
occurrence pixel pairs. The model performs robust detection under outdoor and indoor extreme
environments.

The key contributions of the algorithm are as follows:

e Compared with independent pixel-wise methods, CP3 determines stable co-occurrence
pixel pairs, instead of building the parameterized/non-parametrized model for a single
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Figure 2.19: Precision, Recall and F-measure using the accelerated algorithm of CP3 model
with the sampling intervals from 0 to 320.

pixel. These pixel pairs maintain a reliable background model, which can be used to cap-
ture structural background motion and cope with local and global illumination changes.

e As a spatial-dependence method, CP3 does not predefine any local operator, subspace or
block, and it provides an accurate detection criterion even though the gray-scale dynamic
range is compressed under weak illumination.

We interpreted our method and conducted experiments using gray-scale data, however, using
colour imagery is also an option for object detection. The modification of CP3 for multi-channel
use, such as rgb, can be realized through vectorized extension of the basic unit for a three-
dimensional observation; for the Gaussian model of each pixel pair, the associated mean value
and variance evolve to a 3D vector and a 3 X 3 covariance matrix respectively.

Appendix

K-means clustering for optimizing spatial distribution:

Define a spatial distance between P and Q, by d(P, Q,,), and define a spatial distance between
different Q, by d(Q,, Qn), where n = 1,2,...,N and n # n’. There are different approaches
for checking the distance between two observed values, such as Euclidean distance, Hamming
distance or city-block distance. As a spatial distance measurement, we used Euclidean distance.
A set to represent the local spatial distribution of P and Q,, is Yy(Q,) = {d(P, Q,),d(Qy, Ow)}.
(I) Initialize:

Given random initial clustering centers Qf 0) € {Qn},k =1,2,...,K, and one fixed clustering
center of P, the total K + 1 number of initial seed locations, the corresponding initial cluster
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Raw

CP3

N=4

Figure 2.20: Detection using CP3 and its accelerated algorithm.

(@)} = ®.
(I) Clustering:
Assign each Q,(u’,Vv") to a cluster with the closest seed location:

{07}, =10y = d(Qn, QL TIN<d(Qy, OF M)},

where 7 is iteration times, and V k # k', until Q, goes into exactly one { Q,f In-
(IIT) Updating centroid:
The updated centroid of the cluster is calculated by the mean locations:

Orn+11=#" > {0,

W' V')

where # is the number of Q,, € { Q]’: }- It is important to note that the location of P without
updating in step (III) also allows Q,, € {P} to calculate d(P, Q),) in step (I).
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Chapter 3. CP3 for image matching

3.1 Overview

In this chapter, we introduce a novel framework of robust image matching based on Co-
occurrence Probability based Pixel Pairs (CP3) [54]. CP3 was originally a statistical background
model, proposed for pixel-level object detection under dynamic backgrounds, such as sudden
illumination fluctuation and physical motion background. It has been proved to be very robust
and accurate for the object detection task. Theoretically speaking, both the object detection and
image matching can be seen as a model matching problem. The differences is that the object
detection is to seek the regions of interest (ROI) which violate/mismatch the background model,
while the image matching is to seek the ROI which can match the image model optimally.
Therefore, we further extend the use of CP3 to the robust image matching task.

CP3 employs spatial pixel pairs to represent each other by using their intensity differences
which is much more stable than the intensity of a single pixel, especially when the intensity of
a single pixel changes dramatically over time. The overview of the proposed image matching
framework is shown in Figure 3.1. Different from the traditional image matching method, CP3
firstly carries out a spatial-temporal learning stage, to build the intensity difference of each
specific pixel pair as a single Gaussian model, which is effective to cope with complex scenes.
Although an additional learning stage is necessary, the experiment results show that the proposed
method is robust under several imaging cases and it also outperforms other two well-known
robust similarity measure Normalized Cross Correlation (NCC) and Statistical Reach Feature
(SRF).

It should be noted that, in this study, the proposed method aims to deal with the blur, partial
illumination, highlight and occlusion imaging conditions in natural and complex environment,
but it is not designed for dealing with the rotation, scale change, and affine change problems so
far. In addition, since this method relies on a off-line supervised learning phase, it cannot be
directly used for an on-line unsupervised learning based robot vision system, so far.

The remainder of this chapter is organized as follows. In the next section, SRF method is
discussed. Section 3.3 details the learning phase. Section 3.4 presents the similarity measure
procedure. Section 3.5 presents the experimental results, and Section 3.6 is the summary of this
chapter.
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Figure 3.1: Overview for the proposed image matching framework.

3.2 SREF for image matching

As we mentioned in Section 1.2.4, SRF is robust under illumination fluctuation and it is also
computational efficient. However, the sign coding of SRF is produced by a global threshold Tp,
which would not be accurate enough to describe the intensity relationship of a specific pixel pair.
In detail, Tp is a trade-off parameter, small 7 cannot maintain a reliable relationship between
a pixel pair because the image noise always exists. On the other hand, large Tp would cause a
large number of ineffective pixel pair, i.e. the sign code srf(P — Q;Tp) = @. This will make
SRF lose some details of the image, leading to an insensitive matching. This problem cannot
be ignored when the image is a degenerated by defocusing or low illumination. As shown in
Figure 3.4 to Figure 3.12 in the experiment sections, SRF resulted false matching.

Actually, the intensity difference of a pixel pair can be changed along with the illumination
change, e.g. the intensity difference will be smaller under a low illumination case than it under a
normal illumination, and vice versa. In this study, the proposed method based on CP3 also relies
on the intensity relationship between pixel pairs. Different from SRF method, CP3 builds the
intensity difference as a single Gaussian model for each specific pixel pair via a spatial-temporal
learning stage, rather than a global threshold 7p in SRF, which is a more accurate description of
a pixel pair. The proposed image matching framework also removes the definition of @ in SRF,
allowing the pixel pair with similar intensity also build their Gaussian model, which maintain a
constant number of supporting pixels Q for each target pixel P. On the basis of the illumination
invariance property of CP3, we also propose a similarity measure function to achieve robust
image matching.

3.3 Spatial-temporal learning
3.3.1 Spatial relationship model

In this section, we firstly define a spatial structure of the supporting pixels for each target
pixel P, as shown in Figure 3.2. This structure is identical with the one of SRF that the supporting
pixels are selected from the eight neighbourhood pixels, denoted as Qy, where k = 1,2, ..., 8.
This spatial structure has some advantage: (1) it is very efficient for the following statistical
calculation. For all target pixels, the 3-D lattice I can be operated by a matrix shift operation
only once for one supporting pixel. For instance, the intensity difference between P and Q)
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can be calculate between I'(u,v,#) and I'(u + 1,v + 1,¢). (2) the neighbouring pixels generally
have much more stable intensity relationship than the pixels far away from each other, especially
when the scene involves fluctuation.

Probability distribution

@) @ (&)=

A(Pys b))
A(p,, qt(Z))
A(p;» ‘It(s))

Figure 3.2: Spatial relationship model of a target pixel and its probability distribution.

3.3.2 Parametrized statistical model of a pixel pair

For each supporting pixel Oy, we assume that the intensity of it keeps a bivariate difference b
with the intensity of the target pixel P, that is p,~N(q,x) +b, o2), where N refers to a normalized
distribution. We define 4(p;, g, as the difference of P and Qy, then we have the Single Gaussian
probability density function (SG-PDF) as follows,

FAD, qury); b, 6) =

a2
I 1 (A(porqug) - b
exp ——(—(p’ 4 ) , (3.1)
&eV2n 2 Oe

where the estimation of difference is b = E[pr — quw] and the estimation of noise standard

deviation 6 = 0,4, We use maximum likelihood method to estimate the two parameters,

qrky*
1 T
b=8lpi~aquw) = 7 D (P~ duw) (3.2)
=1
1 T
6% = Tpmqur = 7 D (P~ i) = Y (3.3)
=1

~

The above two parameters &, b are recorded in a look-up table (LUT) consisting of {Qx} ~
(6, b ] for the following image matching procedure. So far, we have modelled the intensity dif-
ference of each pixel pair 4(p;, g,x)) to be an unique statistical model SG-PDF f(A(p;, qix)); b, Gs)
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Algorithm 3: CP3 for spatial-temporal learning
Data: B = {I, I, ..., I7} with total T images.
Result: LUT of {Q¢}k=12,..8 consisting of [F, B].

for each P(u,v) 1<u<U, 1<v<V do
for each Q; do
(1) Compute b = 7 57, (pr = duo)
(2) Compute 67 = 7 3, (s = qu) = b)?
(3) Record [ G, b ] into LUT of {Qy}.

with only two parameters 6 and b. It has some characters compared with SRF method: (1) By
learning a reference image sequence, f(4(p:, qux)); b, 64) can tolerate the noise of the pixel pair
and it is also adaptive to the intensity change of the pixel pair. (2) Without assuming any value of
the two parameters, we estimate the values of the two parameters of each pixel pair respectively
according to the real reference image sequence. It is obvious that this manner is much more
accurate than setting a global value to describe the relation of a pixel pair.

In this work, we use the difference value of the pixel pair to build a single Gaussian distri-
bution, this way is different from a traditional Gaussian distribution function for a single pixel;
If we only observe the intensity of a single pixel, the distribution would be changed following
the intensity variation, obviously, the single Gaussian method is not a proper model. When we
observe the difference value of the pixel pair, most of the cases, the values are close to the mean
value of the Gaussian model because the differential relationship is relatively stable than the in-
tensity itself, even the illumination changed; when there are some more difficult situations, such
as shades and shadows, most of the pixel pair could still maintain a stable difference because
they are neighbouring pixels. Certainly, the difference value of a pixel pair cannot be always
closed to the mean value. The calculation of the Gaussian model for each pixel pair can grantee
a pair of unique parameters (mean and variance) for each pixel pair, which can tolerate some dif-
ficult situations, but maintain an accurate modelling according to the specific imaging condition
in the reference images for training.

It should be noted that we use this SG-PDF to model the distribution of a pixel pair rather
than a Gaussian mixture model (GMM) [11, 16, 19] because we found that a SG works better
here than a GMM description, because most of the neighbouring pixel pairs have stable intensity
relationship with each other and the probability distribution of a pixel pair is always with one
major peak. In addition, SG is more efficient for computation than GMM approach, because in
GMM method, an additional expectation maximization (EM) needs to be calculated to assign
parameters to each component of GMM.

3.3.3 Prepare images for learning

Compared with the traditional single reference image based methods, CP3 based on a spatial-
temporal learning stage, which need to prepare a certain number of reference images for learn-
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ing. In principle, these reference images should better cover the possible changes of the scenario.
For instance, we can use the camera to capture a scenario with a fixed time interval when manu-
ally providing different kinds of illumination (as the case of Experiment 1). Sometimes, we have
to manually select a set of reference images to organize more complex situations (as the case of
Experiment 2). In this case, the acquisition of the reference images is a manual process, which
inevitably have some translation of position among the reference images. Therefore it requires a
pre-processing to align the reference images for the subsequent spatial-temporal learning. When
preparing the reference images for train at different locations, because we can roughly control
the region we captured manually, there are just slight translation of the position among the differ-
ent reference images, in which case using NCC is enough to correct the translation error because
the correlation peak can be very concentrate. This is far more easier than using NCC to search
a small target in a large and complex field of view, in which the similar structure and the local
illumination would destroy an explicit correlation peak.

Obviously, the proposed method is a “Best Effort” method, we have to manually select a set
of reference images according to the difficulty of specific application. Generally, to realize ro-
bust matching, it is necessary to collect a large number of reference images in order to randomly
cover much more difficult cases. In practice, we suggest the user to use a way of incremental
learning, that is firstly conduct a preliminary work using a relatively small number of samples,
then if necessary, add more samples according to the performance evaluation.

3.4 Similarity measure

The similarity measure includes two stages: (1) identify the normal/abnormal state of each
pixel pair (P, Qy); (2) calculate a normalized similarity coefficient at each position of the input
image of a scene, and finally produce a similarity index map.

3.4.1 Identifying the state of the pixel pair

The proposed CP3 model converts the image matching problem into a competitive binary

classification problem by comparing the intensity pairs (P, {Qx}k=12...8) in turn. For each pixel

.....

pair (P, Q), the binary function 8(Qy) used to discriminate the normal/abnormal state can be
estimated as the following condition according to Eq. (3.1):

BUOkti=12,..8) =
1 if (p—q-b)I<C-6,

0 otherwise

(3.4)

where p and g are the intensity value of P and O, respectively, in the testing image J,,. The
testing image J,y is essentially a sliding window with the same size of the reference image
I,, which scans the range of an input image S of a scene, where (x,y) € §. Note that using
the bivariate normal distribution of the pixel pair is different from a traditional SG-PDF based
identification function; In a single Gaussian method, the ideal threshold should be changed
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following the latest intensity variation. For example, the standard deviation should be larger
when the fluctuations in illumination become more intense. In our proposed version, the stable
difference of a pixel pair provides an adaptive observation so that 6 is only related to the noise
acting on each pixel pair. Therefore, it is unnecessary to update an adjustable & to adapt to its
changes caused by illumination changes. The constant C can be set from 1.0 to 3.0 to contain
an area of 68-99% of its PDF. In the following experiment section we set C = 3.0. In addition,
the records of - and b from the learning stage provide an accurate parametrized criterion to
produce an explicit correlation peak, which will be confirmed in the experimental section.

3.4.2 Similarity coefficient

After identifying the normal/abnormal state of the pixel pairs, 8 bits of S(Qy) are produced
for the following decisions of each P. In order to create the similarity index map, the normalized
similarity coefficient £(Z, J(x,y)) is defined as,

x+U y+V 8

EU Tgheres = gim D D DB (3.5)

u=x+1v=y+1 k=1

we can see that the similarity coefficient £(1, J(x, y)) € [0, 1] is a normalized summation to count
the number of the pixel pair which can match the parametrized statistical model. This similarity
degree of the regions in the scene and the parametrized statistical model is free from the effect
of noise and illumination change. For the implementation of similarity measure, the procedure
used to calculate &(7, J(x,y)) for every position (x,y) is performed by an LUT operation for
calculating 5(Qy) and a bit counting operation for calculating &(Z, J(x,y)), both of which are
quite efficient to implement on both conventional and embedded hardware. The pseudo-code
of the similarity measure of CP3 is shown in Algorithm 4. By using the similarity coefficient
&, Jyy)xyes to scan the whole scene, it finally produce a similarity index map containing the
similarity coefficient value of each pixel perdition. The true matching position (X, Y);qcn can
be got at the maximum value,

X, Vmaren = argmax(é(, ny)x,yeS) (3.6)

3.5 Experimental results

To evaluate the performance of the proposed method, we tested it on data including challeng-
ing environments for both qualitative and quantitative analysis.

For quantitative analysis, we utilize the output signal-to-noise ratio (SNR), as did in [49],
which can evaluate the sharpness of the correlation peak in the similarity index map, as follows

|§rrmh - Ml

SNR = ,
D

(3.7)
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Algorithm 4: Similarity measure of CP3

Data: Testing sliding window Jy, from an input image S of a scene.
Result: Similarity index map with values of £(Z, J,y).
for Each sliding position (x,y) do

for Each pixel P in J do
(D) Initialize:

Load look-up table ~ [0, b] of {Ok}i=1.2....8-
(1) Pixel pair identification:
fork=1,2,...,8 do

if ((p — qu) — b)| < C - &, then

| B(Or) =1
else
L B(Qk) =0

(ﬁI) Similarity coefficient:
B Compute &£(7, ny)x,yeS = ﬁ Zi:gﬂ Zi:\‘;l 22:1 B(Qp).

where &, is the similarity coefficient value of the similarity index map corresponding to the
true position, and M and D are the mean and standard deviation of &(1, Jyy)xyes respectively,
in the region excluding the maximum. When the incorrect matching occur, we also define
AE rauir> Erun) = 1 paute — Erunl to measure the departure degree of the true similarity coefficient,
where &4, is the maximum similarity coefficient of the similarity index map corresponding to
the false position.

We compared our algorithm with two methods: (1) NCC [38] method, a standardized method
among single reference image based methods, and (2) SRF [46] because it is a predecessor and
has a homologous methodology with CP3. For SRF, we set T), = 15 which is suggested in [46].

3.5.1 Experiment 1

Figure 3.3 shows the experimental images, the input image of a scene is a circuit board
captured under various imaging conditions, and a tiny chip is the target, which has similar ap-
pearance to some other parts of the circuit board. As depicted in the right hand of Figure 3.3,
we used 67 pieces of reference images which keep gradual illumination changes as the refer-
ence image sequence for CP3 learning, and we use the average image of the sequence as the
single reference image for NCC and SRF. Subsequently, we evaluate the performance of the
three methods under normal illumination, defocusing, low-light with noise, and occlusion, re-
spectively. As shown in Figure 3.4 to Figure 3.7, the similarity index maps of CP3 have sharp
correlation peaks with overwhelming magnitudes, which provide clear maxima over the whole
similarity index maps. As shown in Figure 3.4 to Figure 3.7, the correlation index maps of SRF
are much narrow-ranged than CP3 and they also produce larger range noise than CP3 especially
in the low-light and noise case shown in Figure 3.6, because its threshold Tp is sensitive to the
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compression of the intensity’s dynamic range under low illumination. The similarity index maps
of NCC shown in Figure 3.4 to Figure 3.7, have so many disturbed local maxima because of the
similar appearance between the tiny chip and other parts of circuit board, and NCC itself only
considers a global illumination change but ignore the spatial structure of a local neighbourhood
per pixel, leading to less discriminative similarity coefficient values among the similarity index
map. Table 3.1 summarized the corresponding quantitative analysis results, where it is clear that
even under severe imaging condition, CP3 can capture a correct correlation peak, and the SNR
values of CP3 are significantly higher than both the one of SRF and NCC. In addition, we can
observe in Figure 3.4 (d) to Figure 3.7 (d) that, there is a “wall” on the right side of the similarity
index map of NCC method. That is because the boundary of the board has a line of connecting
finger, whose appearance looks like the connecting finger around the boundary of the chip. This
phenomenon can be also observed in Figure 3.12 (f) in Experiment 2, when the scene has some
similar appearance with the target.

Figure 3.3: Left hand is the input image of the scene for Experimental 1 (600 x 800). Right hand
is a subset of the reference image sequence for CP3 learning (magnified version).

Figure 3.8 shows a demonstration of the two parameters b and 6 of A(p1, qury) at P(40,23)
with its supporting pixels. Tt is clear that each Q have a specific 6-.. When the b is far from 0,
the corresponding &, could have a larger value. In addition, we can see that the distribution of
01,03 and Q4 near 0, and Q; and Q3 cover both a plus and a minus range. CP3 can describe
this case sufficiently using the two statistical parameters. We also show the SRF threshold 7,
and list the SRF sign of each Q. We can see that SRF has to set this sign of Q1,03 and Q4
to @, which means they cannot work for the matching. To show the intuitive representation
of the distribution of A(p,, g,x)) in Figure 3.8, we provide the corresponding histogram of the
distribution in Figure 3.8 (c).
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(a) Normal

(b) CP3 (Normal) (c) SRF (Normal)

500 500

(d) NCC (Normal)

Figure 3.4: Experiment 1 (Normal). Input images of a scene and matching results (600 x 800),
and the corresponding similarity index maps of CP3, SRF and NCC.
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(a) Defocusing

(b) CP3 (Defocusing) (¢) SRF (Defocusing)

(d) NCC (Defocusing)

Figure 3.5: Experiment 1 (Defocusing). Input images of a scene and matching results (600 X
800), and the corresponding similarity index maps of CP3, SRF and NCC.
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(a) Low-light
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(b) CP3 (Low-light) (¢) SRF (Low-light)

(d) NCC (Low-light)

Figure 3.6: Experiment 1 (Low-light). Input images of a scene and matching results (600 x 800),
and the corresponding similarity index maps of CP3, SRF and NCC.
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(a) Occlusion

k /j k 500

(b) CP3 (Occlusion) (¢) SRF (Occlusion)

500 500

(d) NCC (Occlusion)

Figure 3.7: Experiment 1 (Occlusion). Input images of a scene and matching results (600 x 800),
and the corresponding similarity index maps of CP3, SRF and NCC.
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Table 3.1: SNR of CP3, SRF and NCC (Experiment 1).

Conditions Method Match  &pun & raun Y| M \Erun — M| D SNR
CP3 O 0.649 - - 0.217 0.432 0.105 4.114
Normal SRF O 0.504 - - 0.209 0.295 0.127 2.323
NCC O 0.351 - - 0.075 0.276 0.140 1.971
CP3 O 0.570 - - 0.259 0.311 0.137 2.270
Defocusing SRF X 0.270 0.311 0.041 - - - -
NCC O 0.338 - - 0.087 0.251 0.154 1.630
CP3 O 0.549 - - 0.258 0.291 0.104 2.798
Low-light SRF X 0.394 0.417 0.023 - - - -
NCC X 0.139 0.273 0.134 - - - -
CP3 O 0.590 - - 0.241 0.349 0.119 2.933
Occlusion SRF O 0.435 - - 0.110 0.325 0.124 2.621
NCC X 0.141 0.145 0.004 - - - -
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Figure 3.8: An example of CP3 and SRF.
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3.5.2 Experiment 2

Next, we perform an experiment based on a real application, including comprehensive high-
light and occlusion conditions. As shown in Figure 3.9, the input image of a scene is a group
of glossy packages of food on a shelf of a supermarket under fluorescent lamp illumination.
Moreover, the individual differences of the plastic covers of the packages lead to the variety of
highlight and occlusions.

Using a robot vision device designed for locating the expiration date of food can improve
the quality of service. However, it is very difficult to select an appropriate reference image
when using traditional single reference image matching framework. In addition, in this provided
example, there are eight potential targets in this scene, which upraise the difficulty for matching,
where the eighth correlation peak should be higher than any of the disturbed local false maxima.
We selected total 57 possible occurred reference images for CP3 learning, as shown in the left
hand of Figure 3.9. For NCC and SRF, we used the average image of this sequence as a reference
image.

In Figure 3.10, the similarity index map of CP3 has eight sharp spikes, which successfully
locate the eight targets in the scene as shown in Figure 3.10. The similarity index maps of SRF
and NCC are shown in Figure 3.11 and Figure 3.12, both of which lose some matching positions
shown in Figure 3.11 and Figure 3.12.

Table 3.2 summarizes the corresponding quantitative analysis results. Since this scene con-
tains multiple targets, to avoid confusion, we gave up using the departure degree of the true
coefficient A rauir» Erun) = |€ faute — Erunl for comparison. The average SNR of CP3 is signifi-
cantly higher than the one of both SRF and NCC.

Figure 3.9: The right hand is the input image of the scene for Experiment 2 (640x480). The left
hand is a subset of the prepared reference image sequence for CP3 learning (magnified version).
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(a) CP3 matching

(b) CP3 similarity index map

Figure 3.10: Experiment 2. Input images of a scene and matching results (640 x 480), and
similarity index maps of CP3.
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(a) SRF matching

400

(b) SRF similarity index map

Figure 3.11: Experiment 2. Input images of a scene and matching results (640 x 480), and
similarity index maps of SRF.
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(a) NCC matching

400

(b) NCC similarity index map

Figure 3.12: Experiment 2. Input images of a scene and matching results (640 x 480), and
similarity index maps of NCC.
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Table 3.2: Average SNR of CP3, SRF and NCC (Experiment 2).

Methods &y M D SNR

CP3 0.57 0.16 0.19 2.16
SRF 049 022 021 129
NCC 037 -0.05 0.39 1.08

3.5.3 Experiment 3

Next, we performed an experiment based on the input image of another circuit board captured
under partial illumination, highlight and occlusion imaging conditions, and three capacitors with
a very tiny size and an identical model, are the targets, which is the most difficult case among
the three experiments. As shown in Figure 3.13, we selected total 70 occurred reference images
for CP3 learning. In Figure 3.14 (a), CP3 successfully locates the three targets in the scene
under partial illumination condition. However, in Figure 3.14 (b) and (c), we could find that
both of them lose a correct matching position, under much more severe occlusion and highlight
situations.

Figure 3.13: A subset of the prepared reference image sequence for CP3 learning for Experiment
3 (magnified version).

62



3.5. EXPERIMENTAL RESULTS CHAPTER 3. CP3 FOR IMAGE MATCHING

(a) Scene 1 (mathed all the 3 targets correctly)

(b) Scene 2 (mathed 2 targets correctly, mis- (c) Scene 3 (mathed 2 targets correctly, mis-
mathed 1 target under serve occlusion) mathed 1 target under serve highlight)

Figure 3.14: Experiment 3. (a)-(c) Input images of a scene and matching results using CP3.

3.5.4 Computation cost

Table 3.3 shows computation time per pixel for CP3, SRF and NCC, using the dataset in
Experiment 2. In the learning stage, the processing time of CP3 for per pixel is about three times
than that of the similarity measure stage. This is an acceptable time cost because the reference
images are in much smaller size than the size of the input image of a scene. In similarity measure
stage, the computational cost of CP3 is much smaller than the one of NCC because it does not
do any pixel-wise multiply operation, but do a quite efficient LUT operation and bits counting
operation. The computational cost of CP3 is almost the same level as the one of SRF because
both of them contain an LUT operation with only two parameters, even if CP3 includes a more
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accurate statistical model. The runtime is measured on a computer with a Intel Xeon 3.0 GHz
processor and implemented by C language.

Table 3.3: Comparing computational cost of Experiment 2 (us/ pixel).

Methods Learning stage Similarity measure

CP3 1.093 0.381
SRF - 0.342
NCC - 2277

3.6 Summary

In this chapter, an image matching method based on co-occurrence probability based pixel
pairs, which has the nature of robustness for severe imaging conditions, has been proposed. By
learning a set of reference images, the spatial and statistical models effectively improved the
quality of similarity measure, and the pixel pair structure effectively reduces the disturbances of
the illumination fluctuation. The corresponding quantitative analysis results clearly shows that
in most severe imaging conditions, CP3 can capture a correct correlation peak, and the SNR
values of CP3 are significantly higher than both the one of SRF and NCC.

There are still some works worth to be explored in this study. Firstly, the acquisition of the
reference images needs to be improved so that it can be more flexibly applied to a robot system.
Secondly, this method could be potentially integrated with some mathematical manipulation to
deal with geometric variance, e.g. rotation, scale change, and affine change. Some candidate
ways could be considered to integrate with CP3 to realize rotated and scaled image matching,
for example in [62], a hierarchical frame work are employed for rotated image matching. A
more general way is [49], which used Fourier-Mellin invariant (FMI) as a descriptor to deal with
translated, rotated, and scaled reference images. We will consider how to combine the merits of
our proposed method and the previous methods in our future work.
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4.1 Conclusion

This thesis proposed a novel background model for object detection based on co-occurrence
pixel pairs. This background model breaks the constraint of the assumption that the pixels’
correlation degree depends on the spatial distance between them that each observed pixel has
higher correlation with its neighbouring pixels.

The background model performs robust detection under outdoor and indoor extreme environ-
ments. CP3 determines stable co-occurrence pixel pairs, instead of building the parametrized/non-
parametrized model for a single pixel. These pixel pairs maintain a reliable background model,
which can be used to capture structural background motion and cope with local and global illu-
mination changes. As a spatial-dependence method, CP3 does not predefine any local operator,
subspace or block, and it provides an accurate detection criterion even though the gray-scale
dynamic range is compressed under weak illumination.

Compared with GAP, the proposed method employs a co-occurrence histogram to describe
the relationship of a pixel pair, which is free from any intensity differences, and calculates
normalized correlation coefficients for measuring the degree of co-occurrence which can deal
with a dynamic background. It also introduces a spatial clustering operation to select optimal
supporting pixels and then provides a more accurate parametrized detection criterion instead of
a fixed double-sided threshold.

The speed-up algorithm based on the pixel sampling operation allows us to achieve high
speed background modelling when dealing with high resolution surveillance videos. when using
the accelerated version of CP3 efficiently reduce the time cost of background modelling and
maintain a fairly good detection performance. In addition, an optimized implementation for
object detection can meet the requirement of real-time detection utilization.

In this study, an image matching method based on co-occurrence probability based pixel
pairs, which has the nature of robustness for severe imaging conditions, has been also proposed.
By learning a set of reference images, the spatial and statistical models effectively improved the
quality of similarity measure, and the pixel pair structure effectively reduces the disturbances
of the illumination fluctuation. Although an additional learning stage is necessary, the experi-
ment results show that the proposed method is robust under several imaging cases and it also
outperforms SRF method and traditional NCC. CP3 can capture a correct correlation peak, and
the SNR values of CP3 are significantly higher than both the one of SRF and NCC. In similarity
measure stage, the computational cost of CP3 is much smaller than the one of NCC and almost
the same level as the one of SRF.
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4.2 Future work

Shadow detection

In this study, we do not consider the problem of shadow. Moving shadows do, however, cause
serious problems while extracting moving objects, due to the misclassification of shadow points
as foreground. Shadows can cause merging of objects, object shape distortion and even object
losses (due to the shadow cast over another object). The difficulties associated with shadow
detection arise since shadow and objects share two important visual features. Shadows are dark
and typically differ significantly from the background and they have the same motion as the
objects casting them. We will introduce colour space analysis techniques and integrate CP3 into
a shadow detection framework.

Image matching

There are still some works worth to be explored in this image matching study. Firstly, the
acquisition of the reference images needs to be improved so that it can be more flexibly applied
to a robot system. Secondly, this method could be potentially integrate with some mathematical
manipulation to deal with geometric variance, e.g. rotation, scale change, and affine change. In
future, the learning-based image matching approaches will play an essential and irreplaceable
role. The authors will continue to develop such approaches.

Pedestrian tracking

Pedestrian tracking in real-world is a challenging task due to the presence of noise, occlu-
sion, clutter, dynamic background elements and confusing background colours. The general
way to track the pedestrian is to model the appearance of the pedestrian using an observation
model. The commonly used observation models built for tracking are edge-based, colour-based,
and contour-based features. However, algorithms relying on only one feature are less robust
and suffer from various limitations in complex scenarios. The colour feature is robust to noise
and partial occlusion but suffers from illumination changes. The edge and contour features are
more robust to illumination variation compared to the colour feature but are much sensitive to
background clutter. Due to the merits of CP3 in background modelling for object detection and
appearance modelling for image matching, we will consider some specific detail to utilize CP3
as an appearance modelling for the elastic body of the pedestrian, and will integrate CP3 as a
robust feature into an pedestrian tracking framework, such as Kalman filtering, Mean-shift or
Sequential Monte Carlo, in our future work.
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