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Abstract 

 

The segmentation of moving objects with unknown motion under a non-stationary camera is 

a difficult problem because the camera and object motions are disparate. In addition, the 

uncertain motion of typical surveillance targets, e.g. slow moving or stopped, abrupt 

acceleration, and uniform motion makes a single salient motion detection algorithm unsuitable 

for accurate tracking. This thesis solved this problem by blending the information from the 

image registration, the frame differences, motion-based segmentation and the spatial 

segmentation in a non-declarative approach. The image registration is used to generate a 

motion compensated current frame. Next, temporal differencing and adaptive Kalman filter 

motion detections are applied to detect the changes in the compensated frames. Finally, 

detected changes from two motion detection algorithms and the spatial segmentation are 

combined to identify the moving regions. Experimental results comparing the proposed and 

other competing methods are evaluated objectively in various accuracy metrics and show that 

the proposed method achieves promising motion results for a variety of real environments. 
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Chapter 1 Introduction 

1.1 Motivation 

 

Since MPEG-4 coding standard [1] introduced the concept of video objects (VO)s as semantic 

content entities with different colour, texture, and motion properties, such as buildings, ships or 

persons, detection of moving VOs from image sequences becomes one of the basic steps in many 

vision-based applications [2]. For example, applications such as action recognition [3], traffic 

controlling [4], industrial inspection [5], human behaviour identification [6], and video 

surveillance [7] require detection, and segmentation of moving VOs [8] [9]. However, it is a 

difficult problem since the uncertain motion of typical surveillance targets, e.g. slow moving or 

stopped, abrupt acceleration, and uniform motion makes a single salient motion detection 

algorithm unsuitable for accurate tracking. With the increase of non-stationary camera platforms 

such as vehicles, robots, cellular phones, unmanned vehicles, the task is made even more 

challenging because the mixed motion in the scene makes it difficult to distinguish between the 

target objects and background motions. Therefore, developing robust methods of moving objects 

of non-stationary camera has become growing interest in the field of computer vision. 

 

1.2 Problem Description 

 

In [10] [11] [12], a few comprehensive reviews of existing interactive object segmentation 

algorithms are presented. Most of them require a user to manually specify strokes indicating the 

foreground and background components and coarsely tracing the object’s boundary. In such a 

way, high quality results can be achieved for complex image. However, the requirement of 

processing large amounts of video data in computer vision applications makes manual 

initialization cost prohibitive. The task of automatically segmenting and tracking of video objects 

with pixel-wise accuracy remains one of the most difficulty tasks. The task is made even more 

challenging when the camera is non-stationary. Many difficulties plague even the most 



 

20 

 

sophisticated segmentation methods due to the unpredictable camera motion. A set of properties 

that may significantly limit the performance of moving object segmentation are listed as follows.  

Textural complexity [13]: the more distinctive spatial information the moving object has, the 

more reliable the estimation of the amount of change within an area between two consecutive 

frames can be expected. 

Consistency of motion [14] : Motion uncertainty of objects, e.g. slow moving or stopped, abrupt 

acceleration, and uniform motion degrades efficiency and normally also influences accuracy of 

motion detection.  

Object structure [14]:  Rigid objects simplify segmentation process when working with motion 

detection methods. In situations when object parts remain motionless while the whole object is 

globally undergoing a specific motion (e.g., the alternatively static feet of a walking person while 

the rest of the body is moving), motion detection becomes difficult.  

Object interactions [15]: When a moving object is occluded for a while by another object and 

reappears or when trajectories of objects cross each other, the motion-based segmentation process 

may not maintain the same label for the corresponding region over time. It is because that the 

segmentation process provides instantaneous measurements only. Consequently, a truly motion 

trajectory representation and its determination over long periods of time are required.  

Background dynamics [16]: When small variations occur in some backgrounds, such as waves 

on a lake, and the swaying of branches in the wind, they are usually considered as distracting 

motions and introduce extra noise during the motion detection. 

Camera motion [17]: This influences the overall sequence and thereby plays a decisive role in 

segmentation accuracy.  Separating global motion from local motion is particularly challenging 

without prior knowledge about camera motion and objects in the scene. 
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1.3 Problem Scope 

 
The scope of the thesis is constrained to the consideration of non-declarative methods as 

declarative learning methodologies (such as deep learning) suffer from a large amount of training 

data, high computational complexity during the training process and poor interpretability of 

learned model making them less suited to meet the hypothesis presented in the thesis. 

 

The industry standard for smooth motion video is 25 frames per second [18]. This relies on the 

assumption that typically there is no high speed or jerky camera motion between consecutive 

frames as these cause motion blur due to changes occurring during the exposure time. At a rate of 

25 frames per second, any object moving faster than 400 pixels/sec [19] tends to become 

increasingly indistinct and blurred. The processing is limited to a video at resolution of 896 × 504 . 

The thresholds set for maximum transformations between the first frame and the last frame in 

experiments are 12 degrees in rotation, 15% of the image width in translation, and 1.4 of scaling 

ratio, which are respectively 6 times, 8 times, and 11 times higher than the limits for motion blocks 

in the MPEG standard. Because of the lack of depth information from a monocular image, the task 

of detecting full motion maps is limited to two-dimension images. 

 

1.4 Hypothesis 

 

The hypothesis is that accurate segmentation of moving objects captured by a moving camera can 

be achieved by fusing the camera motion, the frame differences, motion-based segmentation and 

the spatial segmentation together. Camera motion can be accurately estimated with region-based 

feature matching. Adaptive Kalman filter motion detection can be applied to detect the changes 

in frames even when the object motions are uncertain. 
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1.4.1 Aims and Objectives 

 

Using the above hypothesis as a foundation, a series of aims and objectives for each chapter are 

outlined here.  

 

The aim of chapter three is to develop a region-based feature descriptor which is robust to 

noise and camera transformation. 

The objectives include using histogram thresholding to reduce the computation complexity of 

image segmentation, applying dynamical time warping-based histogram alignment and selection 

of multi-level histogram thresholds to increase the segmentation consistency across frames, 

developing a feature descriptor which is robust to noise and camera transformation from 

segmented regions. 

 

The aim of chapter four is to reduce time complexity of feature matching.  

The objectives to achieve this aim can be described as two steps here. In the first step, using a 

variant of KD-tree can group FDs into putative correspondence set as much as possible at low 

time complexity. In addition, a sequential filtering based on geometric and statistical feature 

descriptors can be taken advantage of to remove large number of incorrect outliers in the initial 

putative correspondence set. In the second step, given that correspondences with high similarity 

are more likely to be inliers than correspondences with low similarity, the improved RANSAC 

samples from a reduced set of correspondences with high similarity scores. Consequently, the time 

complexity of RANSAC algorithm can be further reduced. 
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The aim of chapter five is to detect salient motion for image sequences. 

No single motion detection algorithm works for image sequences with mixed rapid, moderate, and 

slow motion content. The objectives here is to form a workflow of detecting of salient motion by 

combining existing methods. Local adaptive temporal differencing method is adopted for detect 

moving objects boundaries and partial interiors. The existence of possible moving object blocks 

is to be identified by utilizing a Bottom-up Variable Block size block matching method. Kalman 

filtering will be employed subsequently to find salient motions. 

 

The aim of chapter six is to recover moving video object masks in a more compact and 

perceptually meaningful way. 

An efficient colour image segmentation algorithm is required to group pixels in the image into 

coherent atomic regions at first. Then the motion activity within each segmented region can be 

calculated based on different motion detection algorithms. Combining with the measured motion 

activity, the moving regions can be fully detected. At last, following temporal filtering on moving 

regions, true object masks can be recovered after shadow pixels removed. 

 

1.5 Contributions 

 

In this thesis, a fully automatic, unsupervised segmentation framework is developed to find 

moving objects of video sequences in uncompressed domain under a non-stationery camera. The 

key contributions including relevant publications of this study are itemized as following: 
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1.5.1 Contributions in Image Registration 

 

Application of Dynamic Time Warping  

Dynamic time warping (DTW) operation aligns the histogram of the current frame against the 

histogram of the previous frame before histogram thresholding. The significance of proposed 

histogram warping operation is that more consistent regions are found, which reduces the number 

of outliers in the following feature matching step and improves the registration accuracy. In 

addition, the proposed integration-based DTW runs more than 400 times faster than the traditional 

dynamical-programming based DTW [20] .  

 

Multi-level Histogram Thresholding 

The Otsu’s method has been proven as an efficient method in image segmentation for bi-level 

thresholding. However, this method is computationally intensive when extended to multi-level 

thresholding. Instead of searching multi-level thresholds globally, a local optimization scheme for 

selection of the optimal multi-level thresholds is presented to reduce the processing time [21].  

 

Region Descriptor Extractions 

Among region descriptors, Fourier descriptor (FD) has advantages of its simple computation and 

simple normalisation for matching. However, the performance on shape retrieval varies on how 

the FD is derived. In this research, FD derived from a novel centroid-distance shape signature is 

more robust to small deviations in the boundary caused by the noise compared to FD derived from 

other shape signatures. Consequently, derived FD achieves both good representation and 

transformation robustness. In addition, the usage of geometrical region descriptors derived from 
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proposed centroid-distance shape signature, such as RABC and ABE speeds up the subsequent 

feature matching process [22]. The performance of region-based feature detector in terms of 

repeatability score and speed is compared with point-based feature detectors [23].  

 

Feature Matching 

A two-stage feature matching process is given here. In the first stage, a set of putative 

correspondences between FD-based feature descriptors are created initially by using a variance-

cut KD-tree algorithm and a multi-dimensional probability range search algorithm. The 

significance of the proposed KD-tree includes: building a KD-tree at O(NlogN)) time complexity 

and searching the nearest neighbor candidates at time complexity close to O(logN), higher than 

90% of relevant true matches can be retrieved. In addition, a sequential filtering based on 

geometric and statistical feature descriptors is applied to remove at least 90% of false matches in 

the initial putative correspondence set. At second stage, using improved Random sample 

consensus (RANSAC) to estimate the inliers and the geometric parameters achieves several orders 

of magnitude faster than standard RANSAC [22].  

 

1.5.2 Contributions in Video Object Segmentation 

 

Temporal Differencing 

A novel adaptive thresholding method casts a change detection at pixel level as a statistical 

hypothesis test. In comparison to existing methods where unknown parameters are required to be 

estimated offline or recursively from unchanged regions in an image sequence, a simple robust 

statistics method which requires no prior knowledge of distribution of noise [24] is proposed to 

approximate the unknown parameters.  
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Block Matching 

In a noisy source, objects appear to change between successive frames because of the noise, rather 

than as the result of object motion [25]. High motion is useful to produce consistent true motion 

vector fields in the presence of observation noise. As demonstrated in [26], a novel bottom-up 

variable block size block matching method outperforms fixed block size matching by identifying 

higher motion details and filtering out more noise. 

 

Application of Adaptive Kalman Filter in Object Block Tracking  

The application of adaptive Kalman filtering adds robustness to the moving object detection by: 

improving the reliability of correctly detected salient motions from other distracting motions 

presence at the same time; accurately tracking object blocks with uncertain motion of surveillance 

targets, e.g. slow moving or stopped, abrupt acceleration; detecting object being occluded for a 

short interval [26] .   

 

 Segmentation Algorithm in Region Recovery 

An efficient colour image segmentation algorithm in intensity and hue space groups image pixels 

into coherent atomic regions. The contribution of the proposed colour segmentation algorithm 

includes: In intensity space, the difficulty of selecting multi-level thresholds where images have 

low contrast is overcome by a divisive clustering approach. In hue space, in comparison to existing 

k-means seeds selection algorithms, the seeds detected by the proposed selection algorithm 

demonstrate higher quality in terms of compactness and temporal consistency while at lower 
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computation complexity;  At the region merging stage, the problem of discontinuity of colour due 

to singularity in hue space is solved by the LUV distance metric [27]. 

 

Fusion of Multiple Motion Detection Algorithms for Region Recovery 

The fusion of motion information from two motion detection algorithms further increases 

detection robustness and reliability. Unlike existing fusion methods using dynamic Bayesian 

network where parameters required to be learned from data in an offline training phase using 

ground-truth data, the proposed fusion algorithm casts the decision whether the change occurred 

in a region as a statistical hypothesis test in bi-variate normal distribution [27].  

 

Shadow Detection Algorithm  

Shadow detection algorithm detects candidate shadow pixels progressively, where a set of low 

computation shadow detectors are applied sequentially based on three properties of moving 

shadow: chromacity invariance [28], gradient similarity [29], and texture similarity [30]. The 

benefit of proposed shadow detection algorithm is that high number of shadow pixels are correctly 

identified at low computation cost. 

 

 

1.6 Approach and Structure of this Document 

 

Structurally, this document is organized into seven chapters. Chapter one outlines the Thesis 

motivation and hypothesis. Chapter two provides the background information necessary to place 
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this work in context and facilitate the understanding of the research results presented herein. 

Chapter three to chapter six present a mixture of research concepts and proposed algorithms. 

Chapter seven draws the conclusion and future work. 

 

Chapter two outlines the basic four steps of feature-based image registration procedure first. It 

starts with a review of the feature extraction techniques in spatial domain in section 2.1. Then 

feature matching techniques in current state of art are presented in section 2.2, followed by 

discussions of common transform functions in section 2.3. Techniques of image resampling and 

transformation are reviewed in section 2.4. Section 2.5 devotes to current moving objects 

segmentation techniques when camera non-stationary. A comprehensive analysis of several state-

of-the-art datasets and objective evaluations of relative segmentation quality for video object 

segmentation approaches is presented in section 2.6. 

 

Chapter three presents a set of new region descriptors which depict the features in segmented 

regions. In 3.1, an efficient histogram-based image segmentation is proposed first to provide 

higher correlation between images and create increased segmentation consistency. After that, in 

section 3.2, Fourier descriptors and other statistical descriptors derived from proposed centroid-

distance shape signature are discussed and compared in terms of computation complexity and 

robustness to camera transformation.  

 

Chapter four presents an original two stage feature-based matching algorithm for global motion 

estimation (GME) in video sequences. In stage one, a set of putative correspondences between 

FD-based feature descriptors are created by using a variance-cut KD-tree algorithm and a search 

algorithm. In stage two, an efficient two-step outlier method is applied to remove incorrect 
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outliers. Experiments with different video sequences are used to demonstrate the performance of 

the proposed approach at different stages.  

 

Chapter five starts with a simple local adaptive temporal differencing method to detect moving 

objects boundaries and partial interiors in section 5.2. To improve the accuracy of motion 

detection, a novel Bottom-up Variable Block Size (BVBS) block matching method is employed 

in section 5.3.1 to identify the existence of possible moving object blocks first. Then in section 

5.3.2, an adaptive Kalman filter is applied on these identified motion blocks to distinguish salient 

motions from other distracting motions.  

 

Segmentation based on motion information is unlikely to achieve an accurate result without the 

help of spatial information. Chapter six begins an efficient colour image segmentation algorithm 

which groups pixels in the image into coherent atomic regions in section 6.1. Then in section 6.2 

the motion activity in each region is calculated based on the results of two motion detection 

algorithms respectively. At last, the motion data from two algorithms are successfully fused. In 

section 6.3 this algorithm is applied to various real video sequences and compared with several 

standard motion detection algorithms. 

 

Finally, Chapter seven summarises the achievements in this thesis along with the recommended 

future work.  
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Chapter 2 Background on Video Object Segmentation 

 

In the detection of moving objects from vision sources, it is often assumed that the scene has been 

captured by a stationary camera [31]. In the case of a non-stationary viewing sensor, however, the 

mixed motion in the scene makes it difficult to distinguish between changes caused by the object 

motions and camera motions. Therefore, when a new frame arrives, it must be registered against 

the previous one to eliminate the changes caused by the camera motion first. Registration methods 

are commonly categorised with respect to various criteria. The categories used are based on: 

dimensionality of data [32], the type of geometrical transformation [33], and the level of 

automation [34], optimization procedure [35], modalities [32], nature (area-based and feature-

based) [36], and steps during a registration process [37]. The reviewed methods for image 

registration in this chapter are classified according to the basic steps of image registration 

procedure [37]: feature detection, feature matching, and image transformation.   

 

Figure 2-1 depicts the inputs and outputs of each image registration step. Given two consecutive 

input frames, 𝐹(𝑖 − 1), and 𝐹(𝑖),  a feature extraction process generates two sets of new region 

descriptors, 𝑟(𝑖 − 1), and 𝑟(𝑖). Then these region descriptors and a predefined mapping function 

𝑇 are fed into a feature matching process to estimate camera motion, 𝑀. Finally, the inverse 

transformation of current frame 𝐹(𝑖) with 𝑀 outputs a compensated frame, 𝐹^(𝑖).  
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Figure 2-1 Block Diagram for Steps in Image Registration  

 

After camera motion has been compensated for, moving objects are extracted from the relative 

motion between registered frames. While the background subtraction [38] has worked well for 

stationary backgrounds as moving objects are segmented by learning a background model, the 

same cannot be applied for non-stationary backgrounds as they lack a model of the appearance of 

foreground or background due to camera motions. Therefore, background subtraction techniques 

are not discussed in the scope of the project. Several techniques for moving object detection have 

been presented recently for non-stationary cameras [39] [40] [41]. Among them, two 

representative classifications, temporal differencing and optical flow, are discussed to detect 

moving objects by using the difference between the registered frames. Temporal differencing 

attempts to detect moving regions by analysing the difference of consecutive frames. This method 

is highly adaptive to dynamic environments, but generally does a poor job of extracting the 

complete shapes of certain types of moving objects. The second approach exploits coherent 
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motion of points or features between image-frames, based on the assumption that displacement of 

corresponding points in any two successive frames is small. 

 

The intention of this chapter is to survey existing work and background for video object 

segmentation techniques where the camera is non-stationary. Main contributions, advantages, and 

disadvantages of the methods are mentioned in this chapter. The structure of this section is divided 

into following sections. At first, following the basic steps of feature-based image registration 

procedure, various techniques in feature detection, feature matching, and image transformation 

are discussed from section 2.1 to 2.3 respectively. Then major existing video object segmentation 

techniques and evaluation methods are discussed in section 2.4 and 2.5. At last, section 2.6 

concludes this chapter. 

 

2.1 Feature Extraction 

 

During an automation of this registration step, image registration algorithms can be classified into 

area-based and feature-based. The algorithm inter-comparison is be based on the following criteria 

[37]: invariant to the assumed image degradations, such as image distortions, illumination 

changes, and computational requirements. An overview of recent and classic feature-based image 

registration methods is presented in detail. Algorithms in area-based method are only briefly 

discussed in this chapter because they suffer from high computation complexity, image 

distortions, and illumination changes in comparison to those in feature-based [42] [43]. 
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2.1.1 Overview 

 

Area-based methods solve the registration problem by attempting to search for an alignment where 

most pixels agree without explicitly extracting features. Area-based methods often rely on the 

assumption of independence and stationarity of the intensities from pixel to pixel.  

 

Many area-based approaches compare and match the intensity differences of an image pair under 

a similarity metric such as mutual information [44] [45], correlation coefficient (CC) [46], 

correlation ratio (CR), and sum-of-squared-differences (SSD) [47]. Rueckert et al. [48] presented 

MI-based schemes for matching multimodal image pairs using B-splines to represent the 

deformation field on a regular grid. Likar and Pernus [49] proposed a hierarchical image 

subdivision strategy in which the images are progressively subdivided, locally registered by 

maximisation of mutual information, and elastically interpolated by the elastic thin-plate splines 

technique. Friston et al. minimised the SSD between two images following nonlinear spatial 

deformations and transformations of the intensity values. The spatial and intensity transformations 

are obtained simultaneously and explicitly, using a least squares solution. In [50], Myronenko and 

Song proposed a similarity measure that accounts for complex spatially-varying intensity 

distortions. The similarity measure is derived by analytically solving for the intensity correction 

field and its adaptive regularization.  

 

However, area-based approaches assume the intensities from pixel to pixel are independent and 

stationary. As a result, such measures are less robust to large camera transformation and tend to 
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fail when registering two images corrupted by nonlinear illumination changes, clutter, or 

occlusion.  In addition, the evaluation of intensity-based metrics is computationally expensive. 

 

Phase correlation is another area-based technique that makes use of the shift property of the 

Fourier transform. While phase correlation by itself only permits translation to be estimated, 

resampling the Fourier magnitude spectra on log-polar coordinates as in the Fourier-Mellin 

Transform [51] permits rotation and scale parameters to be estimated using phase-correlation. 

Recent registration algorithms based on Log-Polar Transform and Phase correlation can be found 

in [52] [53] [54]. The disadvantage of this approach is that it handles similarity transformation 

only, which has 4 degrees of Freedom (DoF): translation, rotation and scale) in comparison to 6 

DoF in affine transformation, and 8 degrees of Freedom (DoF) in perspective transformation. 

 

Many image registration methods rely on the detection and extraction of local characteristics in 

images; as a result, much of the literature work is focused on discovering, understanding, 

characterizing, and improving features that can be extracted from images. A large number of 

features reported in the literature have been manually designed, or “handcrafted,” with an eye for 

overcoming specific issues like camera transformation and variations in scale and illumination. 

With the recent success of learning-based methods, specifically deep neural networks, there has 

been a growing trend to learn features directly from the image itself instead of manually 

engineering them. This trend has become apparent in the vision community with the proposal of 

both global [55] and local [56] [57] [58] deep image descriptors.  In any category, two properties 

of the feature detectors, repeatability and robustness are especially important [59]. 

 

Repeatability: First, for images taken under different viewing conditions, a high percentage of 
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the features should be detected in both images. Features that are only found in one of the images 

cannot be part of a feature-correspondence and may lead to wrong matches.  

 

Robustness: A second criterion for a good feature detector is that the detection methods should 

not be sensitive to small deformations, such as image noise, discretisation effects, compression 

artifacts, blur, camera transformation etc.  

 

In the next section, both learned and handcrafted feature detection methods are discussed. Given 

the study of handcrafted feature proposed in registration step due to its simplicity in 

implementation and high interpretability, various handcrafted feature detection methods for image 

registration task are discussed in detail, more specifically, edge-based, interest point-based, and 

region-based feature detection. 

 

2.1.2 Edge Detection 

 

Edge detection can be formulated as a process of detecting the presence and locations of pixels 

intensity transitions with a goal of identifying them as either on-edge or off-edge [60]. In edge-

based matching [61], an edge on one image is compared and evaluated against all the edges on the 

other image according to some measures of similarity. In Canny [62], three criteria of edge 

detectors are established: good detection, good localization, and low spurious response. A number 

of popular edge detection methods have been reviewed based on those criteria [63] [64] [65].  

Edge detectors can be broadly classified into four categories, gradient-based and zero-crossing-

based, fractional-order-based, and fuzzy-logic-based.    
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The gradient-based methods detect edges by first computing a measure of edge strength, usually 

as the gradient magnitude, and then searching for a local directional maximum of the gradient 

magnitude using a computed estimate of the local orientation of the edge. Some of the earlier 

methods in this group, such as the Sobel [66] and Prewitt detectors [67] use local gradient 

operators which only detect edges having certain orientations and perform poorly when the edges 

are blurred and noisy. 

 

Zero-crossing-based methods search for zero crossings in a second-order derivative expression 

computed from an image to find edges, such as, the zero-crossings of the Laplacian or the zero-

crossings of a non-linear differential expression. As a pre-processing step to edge detection, a 

smoothing stage, typically Gaussian, is almost always applied to reduce noise. In this group, Marr-

Hildreth [68] used the Laplacian to take the second derivative of a Gaussian smoothed image. The 

idea is that if there is a step difference in the intensity of the image, it will be represented by in 

the second derivative by a zero crossing. Canny [62] considered the problem of edge detection as 

a combination of Gaussian smoothing filter for noise reduction, finding the edge strength by taking 

the gradient of the image, non-maximal suppression to thin edges, and finally hysteresis. It 

maximises a certain performance measure constituting a trade-off between detection and 

localization properties given a restriction on the probability of obtaining multiple responses to a 

single edge. Deriche [69] extended this approach to filters with infinite support and proposed a 

computationally efficient implementation using recursive filters. Similar concepts were developed 

independently by Korn [70]. In [71] [72], Canny algorithm is applied at multiple scales of a 

Gaussian filter. Deng and Cahill [73] proposed an adaptive Gaussian filtering algorithm for edge 

detection based on adapting the variance of the Gaussian filter to the noise characteristics and the 

local variance of the image data. The limitation is that the noise variance of the Gaussian filtering 

has to be estimated. Kim, Kee-Baek, et al. [74] proposes a Fourier-based image registration based 
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on pyramid of Canny edge images to reduce both noise and computation complexity. Then a line 

fitting function is applied to achieve sub-pixel precision.  

 

The first order derivative methods generally cause thicker edges, resulting in the loss of image 

details. The second order derivative methods have a stronger response to fine detail, but they are 

more sensitive to noise. Instead, edge detection based on fractional-order differentiation is a recent 

model with the capability to preserve more low-frequency contour features in the smooth areas, 

maintain high-frequency marginal features and enhance medium-frequency texture details. Many 

fractional order operators are used for edge detection, such as fractional order Sobel operator [75] 

[76] [77], fractional order Canny operator [78], fractional order CRONE operator [79], quaternion 

fractional differential operator [80], fractional Laplace transform [81], and Newton interpolations 

fractional differentiation operator [82]. In [83], fractional Fourier transform domain and 

fractional-order-based image edge detection are considered. But, these Fourier components have 

complexity issues in terms of storage and time.  

 

To reduce the dependency on the choice of the input parameters, edge detection is cast as a fuzzy 

reasoning problem in considering the degree of membership to a set. Liang and Looney [84] 

proposed a fuzzy edge classifier, where the edge class assigned to each pixel is the one with the 

greatest membership of an extended Epanechnikov function. Barrenechea, Edurne, et al. [85] [86]  

presented a method to construct interval-valued fuzzy sets (or interval type 2 fuzzy sets) from a 

matrix (or image) first. Using concepts of interval-valued fuzzy t-norm, interval-valued fuzzy t-

conorm and interval-valued fuzzy entropy, edges between the values of an element and its 

neighbors in the starting matrix are detected. Sarangi and Rath [87] combined the Canny edge 

detector and fuzzy inference system together for determining edges of an image. Gonzalez, 

Claudia I., et al. [88] proposed an edge detection method based on the Sobel technique and 
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generalized type-2 fuzzy logic systems. To limit the complexity of handling generalized type-2 

fuzzy logic, the theory of α-planes is used.  In the presence of noise, Haq et al. [89] proposed a 

fuzzy-logic-based edge detection in smooth and noisy clinical images. They employed a 3 𝑥 3 

mask guided by fuzzy rules set. The mask was formed by the differences of gray level between 

the center pixel in the mask and each one of the neighbors. 

 

The obvious advantage of using edge detectors in feature matching is the low computational 

complexity. However, several frequently used methods have showed their shortcomings. The edge 

description process requires computationally expensive operations of grouping edge points. They 

are blind to error data included in the original data, and most of them are sensitive to a threshold. 

In addition, it is difficulty to construct edge descriptor and to measure the similarity between 

corresponding edges. The edge direction histogram is often taken as a local edge descriptor in 

[90]. All those factors lead the matching method to be less robust to small deformations, such as 

image noise, camera transformation, etc. 

 

 

2.1.3 Interest Point Detection 

 

In a variety of image features, points of interest are less affected by illumination and have the 

property of rotational invariance. They are only about 0.05% in the whole pixels [91]. Without 

losing image data information, extracting points of interest can minimise the processing data. 

Therefore, point of interest detection has practical value and plays an important role in object 

tracking. 
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In most cases, the ‘point’ of interest is defined as corners, centroid of closed-boundary region, or 

the local maxima and minima in scale space. Much effort has been spent in developing precise, 

robust, and fast methods for corner detection. Interest Point detectors can be divided into two main 

categories, correlation-based and geometrical-based. Moravec [92] computed the SSE between a 

window around a candidate corner and windows shifted by a small amount in four directions. A 

corner can be detected by find the minimum SSE above a threshold value produced by any of the 

four shifts. Many of the weaknesses of the Moravec operator are addressed by Harris operator 

[93]. For example, as the variation was computed by Moravec along four directions only, this 

operator is sensitive to strong edges under certain directions. Harris operator is generally 

considered to be the best operator with respect to detect true corners but has poor localisation and 

is expensive to compute. Zheng and Wang [94] proposed a computationally simplified cornerness 

measure by calculating two second-order gradient-multiple images instead of three with slight 

reduction in computation in performance. The Forstner operator [95] uses a similar measure of 

cornerness to the Harris operator and uses local statistics to calculate the selection threshold. 

Besides being time consuming, evidence [96] shows that image features with these techniques are 

insufficient at uniform regions and regions with smooth transitions. Nachar R. A., et al. [97] 

defined corners as intersection points of non-collinear straight image edges, where a change in the 

edge direction occurs. To be against scaling and blurring level changes, corners are searched at 

edges with high gradient norm and with significant length. 

 

The second group of corner detection algorithms take advantages of geometrical characteristics 

over local patch around interest points. These methods operate by examining each pixel in the 

context of its neighbourhood to see if the pattern it formed looks like a corner. Smith and Brady 

[98] introduced the SUSAN corner detector as follows: given any arbitrary pixel in the image 

(called the 'nucleus') and corresponding circular mask around it, an area of the mask where pixels 

have the same or similar brightness as the nucleus is defined as "USAN", an acronym standing for 
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"Uni-value Segment Assimilating Nucleus". A pixel is detected to be a candidate corner when the 

USAN area around it is a local minimum. To improve computational efficiency, Trajkovic and 

Hedl [99] used a similar idea by examining the pixel values at either end of a diameter line across 

the discredited circle. However, it is sensitive to noise along edges and at corners and is overly 

sensitive to diagonal edges. The fastest corner detection algorithm, FAST, uses machine learning 

methods to classify pixels as corners or non-corners. In [100], a three-layer neutral network is 

trained to recognise corners where edges meet at a multiple of 45 degree, near to the centre of an 

8x8 window. FAST is however very sensitive to noise and is unstable [23]. The pattern-based 

corner detector proposed in [23] examines a small number of patterns to reduce computation 

complexity. This pattern-based detection has achieved better localization, more invariant and to 

rotation and luminance change in comparison to Harris and FAST algorithm.  

 

Scale invariant feature transform (SIFT) proposed by David Lowe [101] is one of the most popular 

geometrical-based interest point detector. It finds stable features over scale space by repeatedly 

detecting minima and maxima over difference-of-Gaussian images. At each of these minima and 

maxima, a detailed model is fit to determine location, scale and contrast. Once a stable feature  

detected, gradient orientation is assigned and a key point descriptor vector at size of 128 is formed. 

It has the advantage of robustness to changes in illumination, noise, occlusion and minor changes 

in viewpoint. But it has the shortcoming of high computation complexity. To speed up the 

computation of SIFT, Speeded Up Robust Features (SURF) was proposed by Bay et al. [102]. It 

reduces the computation complexity by using integral images and approximating Hessian matrix 

with a set of box type filters, and no smoothing is applied when going from one scale to the next. 

In addition, the feature vector dimension is reduced to 64. Other methods apply dimensionality 

reduction, such as principal component analysis (PCA) [103] or linear discriminant 

analysis (LDA) [104], to an original descriptor such as SIFT or SURF to further speed up matching 

and reduce memory consumption.  

http://en.wikipedia.org/wiki/Integral_image
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Chen, J., et al. [105] proposed a partial intensity invariant feature descriptor (PIIFD) for 

multimodal retinal registration, even for poor quality images. It is a hybrid area-feature descriptor 

due to the surrounding area of each Harris-corner-point is used to extract structural 

outline.  PIIFDs are extracted relative to the main orientations of control point candidates therefore 

achieve invariance to image rotation However, the Harris-PIIFD registration framework cannot 

detect more repeatable and scale invariant key points, and its sensitive to large number of 

mismatches. To solve this problem, Wang, G., et al. [106] improved the multimodal retinal 

registration based on SURF detector as SURF extracts more repeatable and scale-invariant interest 

points than Harris.  

 

Instead of matching vector-based descriptors, a number of binary visual descriptors were proposed 

in the literature, including BRIEF [107], ORB [108], and BRISK [109]. Binary features are 

compared using the Hamming distance, which for binary data it can be computed by performing 

a bitwise XOR operation followed by a bit count on the result. They have several advantages over 

the more established vector-based descriptors such as SIFT and SURF, as they are cheaper to 

compute, more compact to store, and faster to compare with each other. The disadvantage of 

binary features is that performing approximate nearest neighbor search during matching works 

efficiently only if the Hamming distance between the matching codes is small [110]. When this 

distance gets larger, the number of points in the Hamming radius gets exponentially larger, making 

the method impractical. 

 

The main disadvantages of point of interest algorithms are: The detection of interest point is totally 

dependent on the setting threshold. Lower threshold values produce more false positives, whereas 

higher threshold values fail to detect interest points in noisier regions; Point-based detectors tend 
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to output multiple responses on the same but slightly shifted spatial locations and neighboring 

scales. This clustering phenomenon leads to more false matches; Point-based detectors are 

sensitive to scale change [111]. At larger scale, many more points are found in the textured regions 

of the scene, so accidental correspondences are more likely to occur. 

 

2.1.4 Region Segmentation 

 

In this category, a digital image is segmented into discriminative “high-level” regions first, then 

surrounding descriptors from those regions are used as matching primitives. Compared to point 

of interests, region-based descriptors are distributed more reasonably and far less number of 

descriptors between images are compared. In the case of video frames where objects undergo only 

rigid transformation or deform slowly between two consecutive frames, region-based machining 

can be extremely fast and robust.  

 

In this section, three categories of segmentation methods are reviewed: boundary-based methods, 

region-based methods and pixel-based methods. 

 

2.1.4.1 Boundary-based Segmentation 

 

In boundary-based methods, objects are defined as pixels surrounded by closed boundaries which 

offer the potential advantage that within-boundary pixels can have significant variations in their 

characteristics. Edge-detection is the most commonly used method to find boundaries. Gaps 

within detected edges can be closed by means of thinning and linking.  Edge thinning techniques 

[112] remove the unwanted spurious points on the edge map and result in one-pixel thick edge 

http://en.wikipedia.org/wiki/Digital_image
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elements while connectivity of edge elements is preserved. After thinning, edge linking groups 

edges that correspond to a single boundary. The simplest edge linking approach is to analyse 

neighbourhood of a current edge pixel and link pixels with similar edge magnitude or direction. 

A technique of graph searching [113] [114] for border detection has been used for edge linking. 

In this technique each image pixel corresponds to a graph node and each path in a graph 

corresponds to a possible edge in an image. Each node has a cost associated with it, which is 

usually calculated using the local edge magnitude, edge direction, and a priori knowledge about 

the boundary shape or location. The cost of a path through the graph is the sum of costs of all 

nodes are included in the path. By finding the optimal low-cost path in the graph, the optimal 

border can be defined. The graph searching technique strongly depends on an application-specific 

cost function.  

 

2.1.4.2 Region Splitting-based Segmentation 

 

Region-splitting-based techniques partition an image into regions which have homogeneous 

characteristics, such as intensity, or texture. One class of region-splitting-based techniques involve 

region growing [115] [116]. Starting with a set of seeds, regions are iteratively grown from those 

seed points by comparing all unallocated neighbouring pixels to pixels in current regions and 

adding the most similar neighbouring pixel to the respective region. One of the problems in region 

growing is that it depends strongly on the selection of the similarity measure. If it is not properly 

chosen, the current region will leak out into adjoining areas or merge with regions that do not 

belong to the object of interest. Existing approaches [117] [118] proposed a variety of different 

possibilities to combine edge-and region-based techniques. They compute regions and edges 

separately and fuse the information in further steps. Watershed algorithm [119] [120] combined 

the aspects of both region-based and edge-based approaches. Regions are built by pixel grouping, 

whereas the edges of the regions are located based on image discontinuities. Another problem of 

region growing is that different starting seeds may not grow into identical regions.  

http://en.wikipedia.org/wiki/Luminous_intensity
http://en.wikipedia.org/wiki/Image_texture
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Bottom-up segmentation [121] produces a multi-scale, hierarchical graph representation of an 

image. It applies successive, recursive coarsening, in which homogenous segments at a given level 

are used to form larger homogenous segments at the next level. In this manner, an image is 

segmented into fewer and fewer segments. This process produces a weighted, hierarchical graph 

in which each segment is connected with a relating weight to any other segment at a coarser level. 

This coarsening process is produced efficiently, linear in the number of pixels. The top-down 

segmentation approaches [122] [123] deals with the high variability of shape and appearance 

within a specific class by using trained image fragments. These trained fragments are used as 

shape primitives for the class. Segmentation is obtained by covering an image with a subset of 

these trained fragments, followed using this cover to delineate the figure boundaries. 

 

2.1.4.3 Pixel Merging-based Segmentation 

 

Pixel merging-based methods group pixels with similar features, such as intensity, or texture, 

without considering the spatial relationship among pixel groups. Typically, this group uses a 

measurement space clustering process to define a partition in measurement space. Then each pixel 

within each partition is assigned to a label. Examples of these methods include clustering, and 

histogram thresholding. K-Means algorithm [124] is an unsupervised clustering algorithm that 

classifies input data points into multiple classes based on their inherent distance from each other. 

Other variants [125] include Mean Shift, Fuzzy C-Means, Expectation Maximization, Spatial 

Constraint Fuzzy C-Means, Markov Random Fields, Pulse Coupled Neural Network, and Support 

Vector Machine. 
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2.1.4.3.1 Histogram-based Segmentation 

 

Histogram-based segmentation techniques attempt to remedy several deficiencies on simple 

thresholding by automating threshold selection and coping with multi-modal distributions. 

Histogram-based segmentation has no assumption that pixels with similar intensities belong to the 

same regions. Hence, it is invariant to additive intensity variation. Another advantage is that 

histogram thresholding requires only one pass through the data and involves the least computation 

time. One disadvantage of histogram thresholding is that it may be difficult to identify significant 

peaks and valleys in the image. 

 

The key parameter in the histogram thresholding process is the choice of the threshold values. 

Many 1D threshold selection methods have been investigated in [126]. They can be categorised 

into two groups: shape-based and clustering–based. The first category comprises four stages: 

smoothing a histogram iteratively until all abrupt changes disappear, recognising the modes of the 

histogram, finding valleys between the identified modes and finally assigning the valleys as the 

optimal thresholds. In an ideal case where there is a deep and sharp valley between two histogram 

peaks, a threshold can be easily chosen at the bottom of this valley. However, for most real 

pictures, it is often difficult to detect the valley bottom precisely, especially in cases where the 

valley is flat and broad, imbued with noise, or where the two peaks are extremely unequal in 

height, often producing no traceable valley. 

 

There have been some techniques proposed to overcome these difficulties. Rosenfeld et al. [127] 

proposed a valley sharpening technique which restricted the histogram to pixels with large 

absolute values of derivatives. Cheng and Sun [128] proposed a peak finding algorithm to locate 

globally significant peaks of a histogram by removing small peaks, peaks which are too close to 
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adjacent peaks, and peaks if valleys between them are not obvious.  Carlotto and Olivo [129] 

decomposed image into multi-scale resolutions with wavelet transform. Thresholds’ positions 

were successively refined over the scales starting from extrema found in the histogram at the 

coarsest resolution. Those positions were backtracked to the corresponding extrema in histogram 

at the higher resolution. Some researchers [130] considered the deepest concavity points as 

candidates for a threshold after converting the histogram into the convex hull. 

 

In the class of clustering methods, gray levels are grouped under various clustering criteria. Lopes 

et al. [131]  proposed a fuzzy thresholding scheme based on Fuzzy C-means clustering. Otsu [132] 

selected a global optimal threshold by maximising the weighted between-class variance or 

minimising the weighted within-class variance. Kapur, Pun [133] [134] considered a multi-level 

thresholding scheme where the sum of between-class entropies is maximised.  Sahoo et al. [135] 

concluded that Otsu’s method is one of the best global threshold selection methods for general 

real-world images with regard to uniformity and shape measures.  

 

2.1.4.4 Region Descriptors 

 

Region-based matching requires partitioning an image into multiple regions and extracting a 

descriptor for each region first. Corresponding region-based descriptors are then compared to 

assess the similarity of two regions. There are various measures that describe a region, such as 

area, compactness, circularity, eccentricity, major axis orientation, and bending energy surveyed 

in [136]. Some measures in [136] use distances such as the ratio of the length of the longest side 

and the perimeter of the shape, the standard deviation of the length of the sides of the shape, and 

the length of the perimeter and the derivatives of its side lengths. Some measures use angles such 

as the ratio of the largest to the smallest angle, the ratio of the largest angle to the total degree of 

angles, and the standard deviation of angles. Other simple measures include the mean and median 
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of the gray levels, the minimum and maximum gray-level values, and the number of pixels with 

values above and below the mean. These simple global descriptors usually can only discriminate 

shapes with large differences. Therefore, they are usually used as filters to eliminate false hits or 

combined with other shape descriptors to discriminate shapes. Shape representation and 

description are the most popular and widely used techniques for describing image regions. Based 

on whether shape features are extracted from a contour only or are extracted from a whole shape 

region, region descriptors can be generally classified into two groups: contour-based and region-

based.   

 

2.1.4.4.1 Descriptor from Contour 

 

Contour-based techniques only exploit shape boundary information. Several affine transformation 

invariant contour-based shape representations are discussed here.  

 

Curvature scale-space (CSS) descriptors [137] [138] [139] are essentially descriptors of key local 

shape features. By putting shape boundary into scale space, not only the locations of convex (or 

concave) segments, but also the degree of convexity (or concavity) of the segments on the shape 

boundary are detected. To extract CSS descriptors, fixed number of shape boundary points at equal 

arc-length are sampled first. The contour is then gradually smoothed by repetitively applying low-

pass filtering on coordinates of the selected sample boundary points. Points of inflection or zero-

crossings of the curvature, which separate the contour into successive convex and concave pieces 

are computed and recorded. In addition, the eccentricity and circularity of the contour are also 

calculated, quantized, and stored. CSS representation has two drawbacks: first, it tends to diffuse 

the effects of a feature far away from its location as coarser scales are considered. This may be 

undesirable if such features have perceptual significance. Second, it is computationally expensive.  
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Among many contour-based shape representations, Fourier descriptors (FD) achieve both good 

representation and transformation robustness. As demonstrated in [140], experimental results 

showed that FDs outperformed CSS in terms of robustness, low computation, hierarchical 

representation, retrieval performance and suitability for efficient indexing. 

 

FDs can be derived from a shape signature which is a 1-D function representing a 2-D area or 

boundary [141]. In this section, commonly used shape signatures are reviewed as following: 

 

Given a list of boundary coordinates, {(x0, y0), (x1, y1), … , (xn−1, yn−1)}, where n is the number 

of boundary points, the position vector of the center of gravity, (Cx̅̅ ̅, Cy̅̅ ̅) , is given by: 

  

Cx̅̅ ̅ = ∑ xi
n−1
i=0  , Cy̅̅ ̅ = ∑ yi

n−1
i=0  2-1 

 

Complex Coordinates: A complex coordinates function is simply complex numbers generated 

from a set of boundary coordinates. 

zi = (xi − Cx̅̅ ̅) + 𝑖(yi−Cy̅̅ ̅) 2-2 

where zi is a translation invariant signature.  

 

Area Function: The value of the signature, f(i), at a given point (xi, yi) is defined as the triangle 
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area formed by two successive boundary points, (xi, yi) , (xi+1, yi+1)  of a shape and the 

centroid, (Cx̅̅ ̅, Cy̅̅ ̅).  

 

Triangle Area Representation [142]: The value of the signature is the area formed by each 

sequential three boundary points of a shape, 𝐗i−1 = (xi−1, yi−1) ,  𝐗 = (xi, yi) , and 𝐗i+1 =

(xi+1, yi+1). It distinguishes between concave and convex regions by the signed area of the triangle 

of the f(i) using the equations as follows: 

𝑇𝐴𝑅((𝑖) =

|
xi−1 yi−1 1
xi yi 1
xi+1 yi+1 1

|

2
 

2-3 

when the contour is traversed in counter clockwise direction, positive, negative and zero values 

of  𝑇𝐴𝑅((𝑖) correspond to the convex, concave and straight line-points, respectively. 

 

Centroid Distance: The centroid distance function expresses the distances of the boundary points 

(xi, yi) from the centroid (Cx̅̅ ̅, Cy̅̅ ̅) of a shape. Each distance, f(i), is called radius and is given by 

the following formula: 

f(i) = √(xi − Cx̅̅ ̅)2 + (yi − Cy̅̅ ̅)
2
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Farthest Point Distance (FPD): The value of the signature, f(i), at a given point 𝐴 = (xi, yi) is 

defined as the distance between A and the point farthest from it, 𝐵 = (xi
′, yi

′). The signature is 

calculated by summation of the Euclidean distance between the centroid and A, and that between 
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the centroid and its corresponding farthest point B. The FPD signature at boundary point (xi, yi) 

is calculated as follows: 

f(i) = √(xi − Cx̅̅ ̅)2 + (yi − Cy̅̅ ̅)
2
+√(xi′ − Cx̅̅ ̅)2 + (yi′ − Cy̅̅ ̅)

2
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Inner Centroid Distance (ICD): ICD was proposed by Hu and Li [143], aiming to capture 

complex shapes with part structures. Consider two points,𝐴, 𝐶 ∈ 𝑂, where 𝑂 is a shape defined as 

a connected and closed subset of R2. The value of the signature, f(i), at a given boundary point 

𝐴 = (xi, yi)  is defined as the length of the shortest path connecting 𝐴  and the centroid 𝐶 =

(Cx̅̅ ̅, Cy̅̅ ̅) of a shape. If shape O is convex or the line segment connecting 𝐴 and 𝐶 falls entirely 

within the silhouette, the inner-distance between 𝐴  and 𝐶  reduces to the Euclidean distance. 

 

Using the discrete Fourier transformation of a shape signature f(k), its complex coefficients Fu 

are called Fourier descriptors of the boundary. 

  

Fu = 1/n∑  f(k)exp(−
j2πuk

n
)n−1

k=0  for u=0 to n-1 
2-6 

 

To make FDs invariant to the translation, rotation, and scaling of shapes, Fu must be normalised. 

According to the properties of FDs [144], translation has no effect on the descriptors, except for 

u =0, omitting the Fourier coefficient F0 and using the other coefficients, F1, ..., FN−1, FDs will 

be invariant against translation. Shape rotation is reflected in the phase information of Fu, and 

taking the magnitude of each Fourier coefficient, |Fu| makes FDs rotation invariant. |F0| reflects 



 

51 

 

the energy of the shape radii and dividing all Fourier coefficients by |F0| could make FDs scaling-

invariant.  

𝑉 = ⌊
|𝐹1|

|𝐹0|
,
|𝐹2|

|𝐹0|
, … ,

|𝐹𝑁−1|

|𝐹0|
 ⌋

𝑇
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FDs derived from different signatures have significantly different performance on shape retrieval. 

Common shape signature functions include, complex coordinates, centroid distance, chord length 

signature, cumulative angular function, curvature signature, and area function. In [141], FDs 

derived from different signatures and their effect on the shape retrieval were compared and 

centroid-distance FD outperformed others.  

 

2.1.4.4.2 Descriptor from Region 

 

In the second group of descriptors, instead of only using boundary information, all the pixels 

within a shape region are considered to obtain the shape representation. Moment-based invariants 

for description of closed-boundary region features are one of the most widely used region-based 

shape descriptors. The use of moments for shape description was introduced by Hu [145] in 1962, 

who derived his seven moments invariants to in-plane rotation of 2-D objects. Two dimensional 

Cartesian moments  𝑚𝑝𝑞of order 𝑝 + 𝑞 of the function f(x, y) is defined as: 

 

𝑚𝑝𝑞 =∑∑𝑥𝑝𝑦𝑞𝑓(𝑥, 𝑦)

𝑦𝑥
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52 

 

The central moments are defined as: 

 

𝜇𝑝𝑞 =∑∑(𝑥 − �̅�)𝑝(𝑦 − �̅�)𝑞𝑓(𝑥, 𝑦)

𝑦𝑥

 
2-9 

Numerous work have been devoted to improving and generalising of Hu's moment invariants. 

Dudani [146] used Hu's moment invariants in automatic aircraft identification algorithms. This 

method in template matching, however, requires that the feature elements in the vectors of Hu's 

moment invariants be of the same scale. Goshtaby [147] employed normalised moment invariants 

within circular shape search window in template matching on satellite images. Teague [148] 

derived the Zernike moments from Zernike polynomial to simplify higher order moment 

invariants. Wang [149] proposed Zernike moments for the illumination and geometry invariant 

classification of multispectral texture. In [150], it was demonstrated that scale invariance in Hu's 

moment was less robust in comparison to Zernike moments. However, the kernel of Zernike 

moments is complex to compute, and the shape must be normalised into a unit disk before deriving 

the moment features. To simplify the computation of Zernike moments, Flusser [151] used edge 

detection and contour tracing to extract closed-boundary regions and affine moment invariants 

from edge in registration of satellite images. In [152], Flusser used complex moments for deriving 

invariants which were particularly suitable for man-made objects and natural shapes objects 

having N-fold rotation symmetry.  

 

A number of methods have been developed for integrating colour and spatial information for 

matching. By extracting colour descriptors from regions, feature matching can accommodate 

matching of rotated or flipped images. Akcay et al. [153] extracted Colour Angular Radial 

Transform (CRT) descriptor from local regions to match regions. Jacobs et al. extracted color 

descriptors from wavelet-transformed images and matched them based on locations of colour 
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[154]. Liapis and Tziritas [155] combined texture and color features for image retrieval. In [155] 

two-dimensional or one-dimensional histograms of the CIE Lab chromaticity coordinates were 

used as color features along with extracted texture features. 

 

A few color descriptors taken from the well-established MPEG-7 standard [156], are selected to 

capture the representation of the visual content and region matching [157]: scalable color 

descriptor (SCD), color layout descriptor (CLD), Color Structure Descriptor (CSD) and dominant 

color descriptor (DCD). SCD is a histogram derived descriptor, uniformly quantized into 255 bins 

in hue-saturation-value (HSV) color space and encoded by the Haar transform. CLD descriptor 

captures the spatial layout of the representative colors in an arbitrarily shaped region. CSD 

characterises the relative frequency of a 8 × 8 structuring element that contains a pixel with a 

particular colour. CSD can distinguish between two regions in which a given colour is present in 

identical amounts but where the structure of the groups of pixels having that colour is different in 

two regions. In [158], CSD is applied for shot boundary detection in video sequences. Kim et. al. 

[159] used CSD to identify humans across different cameras and under varying environmental 

conditions. DCD gives an effective, compact, and intuitive description of the representative colors 

of an image or a region of interesting [160]. In [161], a quadratic-like measure of histogram 

distance was proposed for DCD dissimilarity measure. In [162], improvements on the efficiency 

of computation for dominant color extraction, and the accuracy of perceptive similarity by 

choosing different dissimilarity measure were discussed. Jang et. al. [163] used DCD to identify 

humans across different cameras in video surveillance systems. 

 

2.1.5 Deep Learned Features 

 

With the recent success of Deep-learning-based methods in many areas of computer vision, the 
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trend of Deep-learning descriptors directly from the data itself instead of manually handcrafting 

them has become apparent in the vision community. The idea behind this is to learn complex 

features extracted from data with minimum external contribution using deep neural networks. The 

assumption is that utilizing neural networks with many hidden layers can discover multiple levels 

of representation so that higher level features can represent the semantics of the data. Motivated 

by this, this section outlines the common Deep-learning-based feature extraction methods used in 

image registration. 

 

Deep Learned Edges 

Prior to the success in deep learning, sketch tokens and Structured Edges method [164] and are 

representation of semantic edge detection techniques. Both methods are trained in a supervised 

fashion using a random forest classifier and a large number of manually designed features. Sketch 

tokens [165] cast edge detection as a multi-class classification problem and predicts a label for 

each of the pixels individually. Structured edges [164], on the other hand, attempt to predict the 

labels of multiple pixels simultaneously. 

 

A recent wave of work uses Convolutional Neural Networks (CNNs) for edge prediction, where 

near human-level performance has been achieved. DeepEdge [166] first extracts Canny candidate 

contour points and then classifies these candidates by feeding patches around each candidate to 

the first five convolutional layers of KNet [167] and two separately-trained and fully-connected 

classification and regression network branches. It is a top-down approach where object-level cues 

derived from pre-trained KNet convolutional layers inform the low-level contour detection 

process in classification and regression network branches. Compared with DeepEdge [166] which 

has to process input patches for every Canny  candidate point, another top-down High-for-Low 

[168] feeds the input image into the network once to save some computation load. The architecture 
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in [168] identifies the candidate points using Structured edges [164] initially, then concatenates 

features computed by the 16 pre-trained convolutional layers of VGG net [169].  Hwang et al. 

[170] used DenseNet [171] to extract a feature vector for each pixel, and then classify each pixel 

into the edge or non-edge class using SVM classier. Xie et al. [172] leveraged deeply supervised 

nets to build a fully convolutional network for image-to-image prediction. Their deep model, 

known as Holistically-Nested Edge Detection, fuses the information from the bottom and top conv 

layers. 

 

Deep Learned Interest Points 

For interest point detection, a much richer set of interest points traditionally calculated for the full 

image can be detected using fully CNNs. The output channels of a CNN can be interpreted as the 

coefficients of a descriptor. Yi et al. [173] trained a Convolutional Neural Network to assign a 

canonical orientation to feature points given an image patch centered on the feature point. Learned 

Invariant Feature Transform (LIFT) [174] contains the Detector, the Orientation Estimator, and 

the Descriptor to imitate steps in SIFT. Each one is based on CNNs. But the architecture requires 

additionally supervision from a Structure-from-Motion (SFM) algorithm. In contrast, SuperPoint 

[175] only contains an interest point detector and a feature descriptor network, both of which are 

sharing several VGG-style [176] encoder layers. It is first pre-trained on labeled synthetic images, 

then fine-tuned with homographic adaptation to create a large dataset of pseudo-ground truth 

interest point locations in warped real images. Hartmann et al. [177] proposed to learn to predict 

which descriptors will have a high chance of finding a match. They collect matchable key-points 

by observing which keypoints are retained throughout the SFM pipeline and learn these keypoints. 

Although their method shows significant speed-up, they remain limited by the quality of the initial 

keypoint detector. Temporally Invariant Learned Detector (TILDE) [178] used a piece-wise 

regressor to extract feature points. It learns from pre-aligned images of the same scene under 

drastic illumination changes causes by changes in weather, season, and time of day. TILDE stacks 
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all the aligned images and collects key-points at the positions where the SIFT detector provides 

high confidence in most of the images and uses the key-points for training. Since it also collects 

points missed by SIFT, it performs better than SIFT on the evaluated datasets. 

 

Deep Learned Segmentation 

Long et al. [179] proposed the state-of-the-art deep learning techniques, the Fully Convolutional 

Network (FCN), for semantic segmentation. The insight of that approach was to take advantage 

of existing CNNs as powerful visual models that can learn hierarchies of features maps and decode 

those feature maps to pixel-wise predictions. They transformed those existing and well-known 

classification models – AlexNet [167], VGG (16-layer net) [169], GoogLeNet [180], and ResNet 

[181] – into fully convolutional ones by replacing the fully connected layers with convolutional 

ones to accommodate any input size. The encoder network produces low resolution feature map(s) 

using models pre-trained on the large ImageNet object classification dataset [182]. Each decoder 

learns to up-sample its input feature map(s) and combines them with the corresponding encoder 

feature map to produce the up-sampled input to the next decoder. 

 

The critical limitations of Semantic segmentation based on FCNs include that object substantially 

larger or smaller than the receptive field may be fragmented or mislabeled duo to its a predefined 

fixed-size receptive field adopted in the network; the detailed structures of an object are often lost 

or smoothed because the feature map, input to the deconvolutional layer, is too coarse and the 

poor performance of up-sampling using bilinear interpolation. To boost the performance of 

segmentation, Deconvolutional Network [183] and its semi-supervised variant the Decoupled 

network [184] mitigates the limitations by integrating deep deconvolution network and proposal-

wise prediction. In [185], the decoder uses pooling indices computed in the max-pooling step of 

the corresponding encoder to perform non-linear up-sampling. 
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Despite the success of deep CNNs for feature extraction, the disadvantage of the deep learning 

method is that it requires a large amount of training data. Meanwhile, more computing resources 

are required during the training process. In addition, the learning of the model lacks theoretical 

guidance, and the learned model is difficult to interpret. Compared with deep learning methods, 

handcrafted method does not require a large amount of training data and does not require a 

complicated training process. At the same time, handcrafted method is very simple and 

interpretable. 

 

2.2 Feature Matching 

 

Once features and their descriptors are extracted from two or more images, the next step is to 

establish some preliminary feature matches between these images: a correspondence mechanism 

is required between two feature sets. This correspondence mechanism fulfils the requirement of 

pairing the feature of reference image with its correspondent one in the sensed image. The 

literature of feature correspondence is quite extensive. The review here focuses on those that are 

relevant to the development of the proposed matching method in chapter 4. 

 

2.2.1 Matching via Feature Descriptor 

 

Common feature descriptor matching schemes involve two general steps: (1) feature extraction, 

and (2) similarity measuring. Barrow et al. [186] proposed Chamfer matching to find the best 

alignment between two edge maps. It attempts to find the best fit for the edge points from the two 

images by minimising a generalised distance between them. The disadvantages of chamfer 

matching are the requirement of good a priori knowledge of the parametric transformations, and 
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heavily dependence on edge detection results. Borgefors [187] proposed a hierarchical chamfer 

matching at different image resolutions to reduce the computation load. You et al. [188] used 

interesting points to replace edge points in distance transform for the chamfer matching. Liu and 

Srinath [189] employed curvature points as a basis for feature primitives in Chamfer matching. 

 

Huttenlocher et al. proposed Hausdorff distance [190] to measure the extent to which each 

boundary point of a shape lies near some boundary point of another shape and vice versa. Given 

two set of points 𝐴 = {𝑎1, . . , 𝑎𝑝} and 𝐵 = {𝑏1, . . , 𝑏𝑞}, Hausdorff distance determines the degree 

of mismatch between two sets by measuring the distance from the point 𝑎 ∈ 𝐴 that is the furthest 

from any point of B and vice versa. The advantage of shape matching using Hausdorff distance is 

that shapes can be matched partially. However, the Hausdorff distance is not translation, scale and 

rotation invariant. To match a model shape with a shape in the image, the model shape has to be 

overlapped on the image in different positions, different orientations and different scales. As the 

result, the matching is prohibitively expensive. Rucklidge [191] extended Hausdorff distance 

matching into affine invariant matching. Goshtasby  [192] proposed a refinement algorithm which 

can achieve sub pixel accuracy between detected regions in sensed image and matched regions in 

reference image. It involves a process of visiting the sensed image and taking a window around a 

given region and iteratively segmenting the window until the region closet to its corresponding 

region in the reference image is obtained.  

 

Most commonly, the Iterative Closest Point (ICP) algorithm [193] is employed for aligning two 

clouds of points in many applications, including robot navigation, surface reconstruction, and 

shape matching. It alternates between closest point computations to establish correspondences 

between two data sets. The goal is to find the transformation parameters, for which the error 

between the transformed data shape points and the closest points of the model shape gets minimal. 
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The major difficulty for this approach is that it is sensitive to outliers. Many variants of ICP 

algorithms are reviewed and compared in [194] [195].  

 

2.2.2 Matching via clustering 

 

Clustering algorithms group a set of feature descriptors into subsets or clusters. The idea is that 

clusters can be formed such that feature descriptors in the same cluster are more similar to each 

other than to feature descriptors in other clusters. Traditionally clustering techniques are broadly 

divided into partitioning, hierarchical based and density-based. 

 

Partition clustering attempts to directly decompose a data set into k-disjoint classes without the 

any explicit structure that would relate clusters to each other. Data points in a cluster after 

partitioning are nearer to one another than the data points in other clusters. K-means clustering 

[196], is one of the well-known geometric partitioning clustering methods of which aims to 

partition data points that lie in a multi-dimensional space into k clusters. It is initialised randomly 

by selecting k seed points for the clusters. Each point is then assigned to the center closest to it, 

and the k centers are recomputed as the means of associated data points. This process is repeated 

until all cluster centers stabilise. In [197], K-means algorithm is used to cluster the fuzzy feature 

vectors into several classes where every class corresponds to one of the regions in the segmented 

image. Luo et. al [198] proposed to cluster the person-specific SIFT features in K-Means method 

and then used a simple non-statistical matching strategy combined with local and global similarity 

on key-points clusters to solve the face recognition problem. 

 

Several disadvantages of K-means have been addressed in [199]. The first disadvantage of K-

means clustering is its high computation load. In d-dimensional space, the upper bound for running 

http://en.wikipedia.org/wiki/Partition_of_a_set
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time is O(nkdl) when clustering n data points of d dimensions with k centers and l iterations. The 

second disadvantage is that random initialisation in K-means may result in different clustering 

solution from run to run. The third disadvantage is that the iteratively optimal procedure of K-

means cannot guarantee convergence to a global optimum. Besides K-means is sensitive to 

outliers and noise. Even if a data point is quite far away from the cluster centroid, it is still forced 

into a cluster and, thus, distorts the cluster shapes. Many variants of K-means have been proposed 

to overcome these obstacles. ISODATA, developed by Ball and Hall [200] dynamically estimates 

the number of clusters by merging and splitting clusters according to some predefined thresholds. 

PAM [201] utilizes real data points (medoids) as the cluster prototypes and avoids the effect of 

outliers. Expectation-Maximization (EM) [202] [203], a generalization of K-means is proposed to 

find the maximum-likelihood estimate of the parameters from a given data set iteratively.   

 

Unlike partitioning-based clustering, hierarchical clustering organises a data set into a hierarchical 

structure according to a proximity matrix. It can be further subdivided into agglomerative-based 

and divisive based.  

 

An agglomerative clustering treats each data point as a singleton cluster initially and then 

successively merges pairs of clusters until all clusters have been merged into a single cluster. The 

main representatives of the algorithms are the single-link, the complete-link, and the average-link 

algorithms [199]. Hu et. al [204] used the complete linkage as cluster distance measure in 

document clustering. Mikolajczyk [205] used average-link agglomerative clustering to compare 

the performance of local detectors and descriptors in the context of object class recognition. Cho 

et. al [206] formulated the object-based image matching as an unsupervised agglomerative 

clustering problem and proposed a robust k-nearest neighbours algorithm (KNN) linkage model, 

which uses the average of k-minimum dissimilarity among all possible dissimilarities of SIFT 
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pairs between the two clusters. 

 

Instead of merging clusters bottom up recursively, a divisive clustering starts with all data points 

in one cluster and recursively splits the most appropriate cluster until a stopping criterion, such as 

the predefined number of clusters, k, is satisfied. The appropriateness of a cluster for 

merging/splitting depends on the similarity or dissimilarity of cluster elements. Sorzanoet. al. 

[207] introduced corr-entropy as the similarity metric in divisive clustering and modified criterion 

for the definition of the clusters. It especially suits for cases in which the signal-to-noise ratio of 

the differences between classes is low. Divisive clustering is typically a fastest tree-built strategy 

and easier to parallelise in comparison to agglomerative clustering.  

 

The disadvantages in hierarchical clustering include that uncertainty of termination criteria, poor 

performance on data with outliers or with clusters of different sizes or non-globular shapes [208]. 

Another disadvantage is that most hierarchical algorithms do not revisit once clusters constructed, 

which means that they are not capable of correcting possible previous misclassification.  

 

Density-based clustering algorithms [209] [210] classify a dataset into groups based on the 

crowdedness of points in the multi-dimensional space. Clusters are considered as high-density 

areas in the data space separated by areas of low point density. Clusters of arbitrary shape are 

detected, and outliers present in a dataset are handled.  The priori knowledge about the number of 

clusters is not required in density-based clustering, as the number of clusters evolve with the 

progress of the algorithm. Density-based spatial clustering of Applications with Noise (DBSCAN) 

[211] is the most widely used density-based algorithm. It uses the concept of density 

reachability and density connectivity. In DBSCAN, the density associated with a point is obtained 

http://www.ncbi.nlm.nih.gov/pubmed?term=%22Sorzano%20CO%22%5BAuthor%5D
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by counting the number of points in a region of specified radius, Eps, around the point. Points 

with a density above a specified threshold, MinPts, are classified as core points, while points that 

don’t have a core point within the specified radius are discarded as noise points. Non-noise, non-

core points, are assigned to the clusters associated with any core point within their radius. If two 

core points are within a radius of Eps of each other, then their clusters are joined. While DBSCAN 

can find clusters of arbitrary shapes, it cannot handle data containing clusters of varying densities 

and does not work well with high dimensional data. 

 

2.2.3 Matching via voting 

 

The last group of feature matching is by voting. In [212], for each possible pair of matching 

features, the affine transformation parameters, which map the points on each other are computed 

first. Then they parameterised the computed 2D transformations by horizontal and vertical 

translations, log scale and rotation into four-dimensional transform space. Correct matches tend 

to make a cluster while mismatches randomly fill the parameter space. The parameter values 

corresponding to the densest cluster center are taken as the transformation parameters to match 

two sets of points. Brown and Lowe [213] matched SIFT features with a k-d tree to provide a set 

of 2D transformations and rejected most of the false matches in the affine transformation space. 

Tolias and Avrithis [214] offered a variant of Hough transform for multi-object matching. They 

ranked the correspondences by adopting the mechanism of pyramid match. Their method evenly 

quantizes the transformation space for fast matching. However, the transformations of correct 

correspondences often distribute irregularly. It may result in accuracy degradation. Chen et al, 

[215] used Hough transform and inverted Hough transform alternately to establish robust feature 

correspondences. Following Hough transform clustering, Random Sample Consensus (RANSAC) 

is used in [213] [216] to eliminate false positive matches between local features. RANSAC works 

by selecting a random subset of matches with minimum size required to fit a model first. Then, 

the model is tested against all the other correspondences in the putative match list. 
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Correspondences that fit the model are considered as hypothetical inliers. Those that do not fit are 

considered as hypothetical outliers. This process is repeated until a solution with a large fraction 

of inliers is found. As a result, with a lot of false matches outliers are present, RANSAC may 

require many iterations before it can find a correct hypothesis.  

 

There have been a number of recent efforts aimed at increasing the efficiency of the basic 

RANSAC algorithm [217]. Nister [218] described the preemptive RANSAC framework, where 

the best solution is found from a restricted set of hypotheses in a parallel, multi-stage setting. One 

of the primary limitations of preemptive RANSAC is its inherent non-adaptiveness to the data. 

Progressive Sample Consensus SAC (PROSAC) [219] uses the prior knowledge more deeply. It 

sorts correspondences using the prior knowledge such as matching score and subsequently 

thresholds to obtain a set of tentative correspondences. Based on the assumption that a hypothesis 

is generated among the top-ranked data, not whole data. PROSAC progressively tries less ranked 

data, whose extreme case is the whole dataset. A similar approach to PROSAC was proposed 

earlier by Tordoff and Murray in [220], where the Maximum Likelihood Estimation Sample 

Consensus (MLESAC) algorithm was combined with non-uniform sampling of correspondences. 

MLESAC algorithm is a generalization of RANSAC, which adopts the same sampling strategy 

but attempts to maximise the likelihood of the solution, as opposed to the number of inliers.  

 

 

2.3 Image Transformation 

 

After feature matching, a transformation must be found so that each feature in one image can be 

mapped to another feature in the second. This mapping should be as close as possible after the 

image transformation is employed in the mapping function design. This task consists of two steps: 
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(1) choosing a mapping function type and its parameter estimation, and (2) mapping of one image 

to the other using the transformation model estimated in the previous step. 

 

2.3.1 Transform Model Estimation 

 

In the first step, models of mapping function can be divided into local and global mapping category 

according to the amount of supported image data.  

 

Methods in global mapping category use all control points for estimating the parameters. 

Examples are the affine, projective, perspective and polynomial transformation. The most 

common transformation used for multi-view registration is the affine transformation. An affine 

transformation model is defined by three non-collinear control points (CPs): 

𝑢 = 𝑎0 + 𝑎1𝑥 + 𝑎2𝑦, 𝑣 = 𝑏0 + 𝑏1𝑥 + 𝑏2𝑦 2-10 

It is a global transformation which is rigid since the overall geometric relationships between points 

do not change, i.e., a triangle in one image maps into a similar triangle in the second image.  

 

If the condition on the distance of the camera from the scene is not satisfied, the perspective 

projection model is used: 

𝑢 =
𝑎0 + 𝑎1𝑥 + 𝑎2𝑦

1 + 𝑐1𝑥 + 𝑐2𝑦
, 𝑣 =

𝑏0 + 𝑏1𝑥 + 𝑏2𝑦

1 + 𝑐1𝑥 + 𝑐2𝑦
 

2-11 
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This projective distortion causes an imagery to appear smaller the farther it is from the camera 

and more compressed the more it is inclined away from the camera. This model has eight degrees 

of freedom and maps a general quadrangle onto a square while preserving straight lines. The eight 

coefficients can be determined by four independent CPs.  

 

If these transformations do not account for the distortions in the scene or not enough information 

is known about the camera geometry, a global alignment can be determined using a polynomial 

transformation. Bi-variate polynomial transformations are typically used when the precise form 

of the mapping function is unknown, and a general transformation is needed. They can be 

expressed as two spatial mappings between (𝑥, 𝑦)  in the reference image, and (𝑢, 𝑣)  in the 

transformed image. 

𝑢 = ∑ ∑ 𝑎𝑖𝑗𝑥
𝑖𝑚−𝑖

𝑗=0
𝑚
𝑖=0 𝑦𝑗, 𝑣 = ∑ ∑ 𝑏𝑖𝑗𝑥

𝑖𝑚−𝑖
𝑗=0

𝑚
𝑖=0 𝑦𝑗  2-12 

where 𝑎𝑖𝑗  and 𝑏𝑖𝑗 are the constant polynomial coefficients. The order of the polynomial, m 

depends on the trade-off between accuracy and speed needed for the specific problem.  

 

Since global transformations impose a single mapping function upon the whole image, they do 

not account for local geometric distortions. On the other hand, local mapping functions treat an 

image as a composition of patches and locally “warp” one patch into correspondence with another. 

The mapping function parameters depend on the location of their support in the image. Goshtasby 

[221] divided images into triangular regions and then tuned a linear mapping function to register 

each pair of corresponding triangular regions in the images. Goshtasby also [222] used a weighted 

least-squares method as the global transformation and a local mean method as local area 

registration. The formal uses the information about all control points to establish correspondence 

between local areas in the images; nearby control points are, however, given higher weights to 
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make the process locally sensitive. The latter uses the information about local control points only 

to register local areas in the images. Rueckert, et al [48] proposed a non-rigid registration of 

contrast-enhanced breast MRI. The motion of the breast is globally registered by an affine 

transformation using an iterative multiresolution search strategy first, then the local breast motion 

is described by a free-form deformation (FFD) based on B-splines. Although local methods are 

more attractive than global methods, the computation load is much higher. Consequently, much 

work has been done to speed up the computation using various architectures. Jiang et al. [223] 

used a FPGA-based implementation. Rohlfing et al. [224] reduced computation time by more than 

50 times using 64 CPUs of a shared-memory supercomputer. More recently, Modat, et al [225] 

proposed the use of graphics processing units (GPUs) as a cost-effective high-performance 

solution. Another group of transformation methods use radial basis functions (RBF) [226] [227], 

whose parameters control their locality. Common choices for the basis function include Multi-

quadrics, reciprocal multi-quadrics, Gaussians, Wendland’s functions, and thin-plate splines. RBF 

registrations give good results, but the computation can be very time consuming, namely if the 

number of CPs is large.  

 

2.3.2 Image Resampling and Transformation 

 

In the second step, the mapping usually iterates over every pixel of the output image and uses 

the inverse transformation estimated in the previous step to determine its position in the input 

image from which a value must be sampled. In this case, the determined positions also may not 

lie within the bounds of the input image and may not be integers but there are no holes in the 

output image. In this backward mapping, if an output image pixel does not align neatly on the 

input image coordinate, it is necessary to use an interpolation technique to compute the exact 

intensity value to be placed at new location on the output image plane. 
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Lakshman, Haricharan, et al. [228]  categorised 2D image interpolation methods into two kinds 

approaches: linear and nonlinear ones. Linear approaches, such as the pixel replication and bilinear 

interpolation [229] are the most frequently used ones due to their time simplicity. In pixel 

replication, each output pixel simply obtains the value of the closest input pixel. In bilinear 

interpolation, the basis function is piecewise linear which means that each output pixel may be 

computed as a linear combination of up to four input pixels. However, such linear interpolation 

methods have not considered specific local information on edges. Thus, they may bring up 

artifacts, such as the checkerboard effect or image blur. 

 

Nonlinear interpolation methods, such as bi-cubic spline interpolation and sinc approximation-

based [230] remove the checkerboard effect in image resampling. Bicubic spline interpolation can 

be accomplished using either Lagrange polynomials, cubic splines where each piece is a third-

degree polynomial. Sinc approximation methods are based on the sampling theory that the Sinc 

function is the ideal interpolation kernel which allows reconstruction of the image without loss of 

information. The most frequently used window functions [231] are: Hann and Hamming, 

Blackman, Kaiser, Lanczos and Gaussian. However, both bi-cubic spline interpolation and sinc 

approximation require a considerable amount of computation to specify the interpolating function 

and tend to smooth edges, thus, providing blurred images. 

 

Other nonlinear interpolation methods have been suggested to improve the quality of up-sampled 

images while preserving the edges. Edge-directed interpolations have been attempted to overcome 

such shortcomings by applying a variety of operators according to the edge directions [232] [233] 

[234]. The main disadvantages of this category are the need of an extra processing step for the 

edge extraction and their ability to identify edges only at certain angles. 
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If two images are not in perfect alignment before subtraction, their difference image will contain 

errors caused by incomplete cancellation of the unchanged background objects. These errors are 

referred to as “registration noise” and lead to small displacements of the pixels. These 

displacements are usually smaller than one-pixel distance, but along strong edges, they may 

introduce large values in the difference image. The simplest way to reduce registration noise is to 

smooth the difference image until noise disappears. This is done by moving an average filter or a 

median filter over the difference image and replacing the center pixel of the corresponding pixel 

neighbourhood with the filtering result [235]. They are effective when more than half the pixel 

neighbourhood contain consistent pixels. Knoll and Delp [236] proposed an adaptive gray-scale 

mapping method to reduce registration noise, which assumes that registration error is locally 

uniform and can be estimated and compensated for by analysing the spatial brightness gradients. 

It uses each pixel’s local brightness to estimate whether the pixel is part of true difference or part 

of registration noise. A non-linear gray scale map is computed for each pixel, based on the amount 

of “brightness” and “darkness” in a neighborhood around that pixel. Each pixel is then passed 

through its own map to produce the filtered difference image. Shum and Szeliski [237] applied a 

global alignment to the whole sequence of images first, which results in an optimally registered 

image mosaic. To compensate for small amounts of motion parallax introduced by translations of 

the camera and other un-modeled distortions, a local alignment technique is applied which warps 

each image based on the results of pairwise local image registrations. The problem with smoothing 

filtering and adaptive gray-scale mapping is that those methods only work for the difference image 

created from background subtraction and fail to preserve the details of moving object contours in 

temporal difference images. 

 

2.4 Video Object Segmentation 

 

After camera motion compensation, frames are registered distortion-free and motion-based 

segmentation divides a video into different regions based on detected salient motion. Detecting 
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salient motion, which is defined in [238] as motion from a typical surveillance target (a person or 

a vehicle) in image sequences, is one of the main tasks in some promising applications, such as 

video surveillance, traffic monitoring, industry security, or sign language recognition, etc. 

However, it is still in its early developmental stage and needs to improve its robustness depending 

on the specific scene conditions. Some of the most challenging problems are those in which 

motion is being exhibited not just by the objects of interest, but also by other non-salient objects 

such as varying illumination, dynamic backgrounds, crowded scenes and occlusions. In the case 

where the camera is non-stationary, detecting moving objects become even more challenging 

since the background is not static and background subtraction methods cannot be employed 

anymore. 

 

As surveyed in [239],  there are very few presented moving object segmentation methods, 

constraint to a mono-camera with affine-camera motions, nearly all of them have focused on the 

case of a fixed camera, where background image pixels maintain their position in the 

corresponding frames throughout a video sequence or on stereo cameras, or on deep learning 

methods which require a large amount of training data and a complicated training process. The 

recent method proposed in [240] requires computationally expensive background modeling for a 

general 3D scene. Recent technique proposed by Arvanitidou, M.G, et al. [241] is similar to local 

adaptive thresholding used by Aach et al. [242] after motion compensation. Hu, Wu-Chih, et al 

[243] segmented moving objects out based on the motion history of the continuous motion 

contours obtained from three motion compensated consecutive frames, which is similar to 

accumulated frame differences in Leng [244].  

 

Therefore, two representative categories, differencing, and optical flow, covered in in [41] [245] 

are reviewed next for moving object detection constraint to a mono-camera with affine-camera 
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motions. Techniques in both categories are applicable for moving object detection after motion 

compensation. Some representative techniques in each category are also implemented as 

competing methods for our proposed method in Chapter six. 

 

2.4.1 Temporal Differencing 

 

Most motion-based computation methods are computationally complex and very sensitive to noise 

and cannot be applied to video streams in real time without specialised hardware. Temporal 

differencing is the simplest method to detect moving objects by thresholding the difference frame. 

In the absence of a priori knowledge about the moving objects' speed and motion trajectory, and 

background, moving objects in the scene are detected by subtracting the current frame Fk(x, y) 

from its previous frame Fk−1(x, y) in a pixel by pixel fashion. The decision on when to label a 

spatial position as a changed or an unchanged image part, is based on the evaluation of the frame 

difference, Dk,k−1(x, y). 

Dk,k−1(x, y) = Fk(x, y) − Fk−1(x, y)   2-13 

 

Consequently, a binary image can be obtained by thresholding the difference frame as 

Zk,k−1(x, y) = {
1 if|Zk,k−1(x, y) > T|

0 otherwise
 

2-14 

where T is an appropriate threshold. Here, Zk,k−1(x, y) is a generated binary change mask.  
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However, the global threshold is often chosen empirically. Too low threshold value will detect 

spurious changes, while high value will suppress significant changes. Many existing change 

detection methods work well when the images to be thresholded satisfy their assumptions about 

the distribution of the gray-level values over the image. The decision rule in the threshold selection 

problem is then cast as a statistical hypothesis test.  

 

Sezgin [126] categorised six automatic thresholding methods according to the information they 

are exploiting. Bradley [246] presented a real-time adaptive thresholding using the integral image 

of the input. Rosin [247] approximated the camera noise as a normal distribution 𝑁(�̂�, �̂�) using 

simple robust statistics method and chose global threshold t as �̂� + c�̂�, where c is a constant. Su 

and Amer [248] divided each captured image into regions with low and high motion activities 

such that a threshold is obtained for each described area. 

 

Aach et al. [249] [250] performed a significance test on the difference image to assess how well 

the null hypothesis describes the observations, and this hypothesis is correspondingly accepted or 

rejected. The test is carried out as below 

S(Q) = p(Q|H0)

H0
>
<
H1

τ 

2-15 

Under the assumption of H0 , the intensity difference is modeled as a zero mean Gaussian 

distribution N(0, σ0) with variance σ0
2, that is, 

p(Q|H0) =
1

√2πσ0
2
exp {−

Q2

2σ0
2} 

2-16 
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The unknown parameter σ0
2 can be estimated recursively from unchanged regions in an image 

sequence or offline from the camera system used. The block-based formulation of equation 2-17 

make it more reliable by using a small window surrounding the current pixel.  

p(Q̂|H0 ) = (
1

√2πσ0
2
)Nexp {−

∑ Qi
2

i∈w

2σ0
2 }=(

1

√2πσ0
2
)Nexp {−

G(Q)

2
} 

2-17 

Here G(Q) = (∑ Qi
2

i∈w )/σ0
2, obeys a Chi-distribution which has as many degrees of freedom as 

the number of pixels, N, inside the window, w.  

 

The same approach is presented by Rosin [251] in the case of motion detection but using edge 

images. The expected standard deviation of the noise, σ0, is calculated by applying Least Median 

of Squares (LMS) on the difference image histogram. 

σ0 =
LMS

0.33724
 

2-18 

 

Bruzzone et al. [252] [253] formulated the problem of the analysis of the difference image for 

change detection in terms of the Bayesian decision theory. The probability density function p(Q) 

computed on the pixel values in the difference image D  is modeled as a mixture density 

distribution consisting of two density components associated with two competing hypotheses H0 

and  H1, corresponding to no change and change decisions respectively, i.e., 

p(Q) = p(Q|H0)p(H0) + p(Q|H1)p(H1) 2-19 
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The classification of each pixel Q in the difference image D is considered as maximising the 

posterior conditional probability for each hypothesis Hi , i.e, 

Hi = arg{p(Hi|Q)} , i ∊ {0,1} 2-20 

 

The optimum threshold Ti  is estimated by solving the equation 2-20 with parameters of the 

mixture distribution, p(Q|H0) , p(H0) , p(Q|H1)  and p(H1) , which can be obtained from 

expectation-maximization (EM) algorithm. The initial values of the estimates of those parameters 

in EM are determined by a change vector analysis technique.  

 

In several change detection scenarios (e.g. surveillance), intensity variations in images caused by 

changes in the strength or position of light sources in the scene are considered unimportant. 

Several techniques attempted to pre-compensate for illumination variations between images. Chan 

[254] normalised both images to have zero mean and unit variance, which allows the use of 

decision thresholds that are independent of the original intensity values of the images. In [255], 

authors demonstrated the superiority of motion detection based on ratio images to motion 

detection based on difference images. For gray-scale images, if 𝐼1(𝑥, 𝑦) and 𝐼2(𝑥, 𝑦) denote the 

value scalars of the pixel at coordinates (𝑥, 𝑦) for image frame 1 and frame 2 respectively, then 

the pixel value for ratio image is defined as follows: 

𝐼𝑟(𝑥, 𝑦) =
max (𝐼1(𝑥, 𝑦), 𝐼2(𝑥, 𝑦))

min (𝐼1(𝑥, 𝑦), 𝐼2(𝑥, 𝑦))
 

2-21 

In this way, effects of illumination changes are smoothed out because static pixels change their 

value in a similar way, while the presence of a foreground object alters this uniformity in the ratio 

image. Then the problem of the threshold selection related to the difference image, now is shifted 

onto the ratio image. 
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The frame differencing methods tend to include some noise pixels and exclude regions with low 

motion or low texture. Jain [256] made extensive studies on change detection using difference 

frame accumulation. A counter for each pixel location in the accumulative frame is incremented 

every time if the difference between the reference frame and the next frame in the sequence at that 

pixel location is higher than the threshold. Thus, pixels with higher counter values are more likely 

to correspond to actual moving regions. Leng and Dai [244] accumulated frame differences of the 

past N frames based on the level of motion activity locally. However, such accumulation expands 

the actual changed region when objects move fast.  

 

Usually, the results of segmentation algorithms based on temporal differencing are rough. Change 

detectors on difference images, mark occlusion areas as changed, while the objects themselves are 

unchanged unless they contain sufficient texture. This makes exact boundary detection difficult 

and produces small holes inside the object and small regions outside the object. In the case of 

motion detection with a non-stationary camera, camera motion is compensated first by estimating 

the transformation between two images from feature points. Any error caused by inter-frame 

registration in the background can be easily classified as the foreground by temporal difference. 

Although segmentation based on temporal differencing has several drawbacks, it has the 

advantage of its low computation cost. Therefore, it is mainly preferred in automatic segmentation.  

 

2.4.2 Optical Flow Based Segmentation 

 

Rather than temporal differencing, another strategy to find moving objects from consequent video 

frames is by using the motion cues. Moving objects are often characterised by coherent motion 

that is distinct from that of the background. This makes motion a very useful feature for 
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segmenting video sequences. It can complement other features such as color, intensity, or edges 

that are commonly used for segmentation of still images. The most widely used motion 

segmentation algorithm is by using the optical flow of the frames. Optical flow is the motion of 

the apparent movement of brightness patterns in an image. It assumes that the observed brightness 

of any object point remains constant over time and nearby pixels, assuming they share the same 

velocity.  

𝐼(�̅�, 𝑡) = 𝐼(�̅� + �̅�, 𝑡 + 1) 2-22 

 

where 𝐼(�̅�, 𝑡)  is the image intensity as a function of space �̅� = (𝑥, 𝑦)𝑇  and time t, and 

�̅� = (𝑢𝑥, 𝑢𝑦)
𝑇 is the 2D velocity.  

 

Horn and Schunck [257] used a global regularisation method to calculate an optical flow. They 

assumed that images consist of objects undergoing rigid motion, and so over relatively large areas 

the brightness function changes smoothly. They then minimised the square of the magnitude of 

the gradient of optical flow iteratively. Sand and Teller [258] used a set of particles to represent a 

dense set of long term motion trajectories from dense optical flow, which is rather slow. In [259], 

a large displacement optical flow based on GPU implementation is used to create dense point 

trajectories with a high performance. 

 

Motivated by improving the runtime performance, Lucas and Kanade [260] used a local least 

squares calculation to provide constraints by minimising in the neighborhood surrounding the 

pixel. Senst et al. [261] used integral images to speed up the computation of sparse optical flow 

based on the modification of the Lucas-Kanade energy function. In [262], Robust Local Optical 

Flow (RLOF) is presented to compute accurate sparse motion fields based on a modified Hampel 
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estimator. Local methods in optical flow computation are fast but less accurate compared to 

globally optimized methods. 

 

Hierarchical graph-based methods use appearance and flow to group voxels [263]. Jain and 

Grauman used [264] optical flow in the formulation of pairwise potentials that ensure that the 

output segmentation is smooth in both space and time. However, the estimated optical flow 

performs poorly in areas of low texture, and around object occlusion boundaries due to large 

displacements. Much work have been tried to improve boundary detection by combining optical 

flow with object boundaries e.g. edges or contours are extracted to preserve motion details around 

object boundaries [265] [266] [267]. Tsai et al. [268] considered video segmentation and optical 

flow estimation simultaneously to obtain accurate object boundaries across time. Layered optical 

flows offer an elegant solution to detection of occlusion boundaries in motion segmentation. 

Representing a typical scene consisting of moving objects at different layers explicitly models the 

occlusion relationships of objects between layers. In [269] [270] [271] [272], a scene is 

decomposed into overlapping layers, and ordered in depth along with associated maps defining 

their motions, opacities, and intensities. One key issue is that the layer-structure inference problem 

is difficult to optimize. Most methods adopt an expectation maximization (EM) style algorithm 

that is susceptible to local optima. 

 

To separate flow vectors which represent the movement of objects from those of background, 

classification processes are needed [273] [274] [275]. The assumption behind the classification 

processes is that the optical flow caused by the independent motion of a moving object has a 

different pattern compared to the flow caused by the camera motion. Other optical flow methods 

avoid the flow vector classification process by compensating the camera motion first and then 

detecting the moving object between the previous frame and the compensated current frame [41] 



 

77 

 

[276] [277]. Any pixel whose magnitude of the optical flow vector is greater than threshold, T, is 

classified as a moving pixel. Tian [278] detected salient motion in complex environments by 

combining temporal difference imaging and temporal filtered optical flow if objects move in a 

consistent direction for a period of time. 

 

Several aspects make optical flow based methods particularly challenging: (1) Computationally 

intensive per pixel typically grows with image size, which makes it very difficult to be applied in 

a real-time system, (2) Occlusions: Points can appear or disappear between two frames, (3) 

Aperture problem: There is very little motion information in the small windows used for optical 

flow computation, resulting in inaccuracies at motion boundaries, within uniform regions, and in 

the presence of noise, (4) Choosing threshold, T to distinguish flows from object motion with flow 

from camera motion, remains a difficult problem. (5) Flow bleeding problem: flow “bleeds” 

across occluding contours to the background because background pixels mimic the motion of the 

nearby foreground. 

 

In the case where sub-pixel optical flow is not required and inter-frame motions encountered may 

well span several pixels, block matching (BM)-based motion detection should be sufficient for 

reasonable object detection. BM-based motion detection algorithm divides compensated current 

frame into a matrix of macro blocks then each macro block is compared with the block at the same 

position and its adjacent neighbours in the previous frame. It aims for the best matching block 

within a search window from the previous frame, while minimising a certain matching metric, 

such as Mean Absolute Difference (MAD) or Mean Squared Error (MSE). BM algorithm based 

on exhaustive search is computationally more economical compared to the pixel-level-based 

optical flow technique [279] for motion estimation and compensation. Closely efficient 

modifications of the search algorithm have been introduced in [280] [281] which are practically 
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feasible with real time systems but with some trade off in quality. Hariyono et al. [274] reduced 

the computation by dividing two consecutive frames into 14 × 14 blocks and then estimating 

camera motion with optical flows from matched blocks. The final regions of moving objects are 

detected from compensated frame difference. In practice, an object is defined by a contiguous set 

of pixels not a rectangular window. Block-based motion detector can mark coarsely where an 

object can be expected, but it lacks the power to exactly localize the object: the entire pixels inside 

the best match block are classified as foreground. Besides, block-matching algorithms are unable 

to cope with rotations and deformations. Nevertheless, their simplicity and relative robustness 

make it a popular technique. 

 

 

 

2.4.3 Shadow Detection 

 

Due to environmental conditions like illumination changes, shadows tend to be classified as part 

of the foreground. This happens because shadows share the same movement patterns and have a 

similar magnitude of intensity change as that of the foreground objects. Since cast shadows can 

be as big as the actual objects, producing undesirable consequences. For example, shadows can 

connect different people walking in a group, generating a single object as output of background 

subtraction. In such cases, tracking each person in the group is more difficult. As such, removing 

shadows has become an unavoidable step in the implementation of robust tracking systems. 

Shadow detection techniques can be divided into four categories: chromacity-based, statistic-

based methods, geometry-based and textures-based [282]. 
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Chromacity-based based methods attempt to describe the color feature change of shadow pixels. 

It assumes that intensity in regions under shadow becomes darker but the chromacity remains 

constant. Cucchiara et al. [28] detected and suppressed shadows in the HSV color space. Schreer 

et al. [283] adopted the YUV color space and detected the shadow regions from the foreground 

regions based on the observation that the pixel value of shadows in YUV color space is lower than 

the linear pixels. Salvador et al. [284] identified an initial set of shadow pixels basing on RGB 

color space, according to the fact that shadow regions darken the surface. Chromacity-based 

methods cannot detect moving shadows well if moving objects have similar color with moving 

shadows. Furthermore, they are sensitive to strong illumination changes and fail with strong 

shadows. Chromacity-based methods are often used as a first stage to reject non-shadow regions. 

 

Texture-based methods assume that the texture of shadow region remains same as that of the 

background, while the texture of a moving object is different with that of the background. Leone 

and Distante [30] correlated textures using Gabor functions as they provide optimal joint 

localisation in the spatial/frequency domains. The method first creates a mask with the potential 

shadow pixels using a photometric gain measure. Then the texture analysis is performed by 

projecting a neighbourhood of pixels onto a set of Gabor functions with various bandwidths, 

orientations and phases. At last, the matching between the current frame and background is found 

by using Euclidean distance. If the textures of a small region centered at each pixel are correlated 

to the background reference, the pixels are classified as shadow.  

 

Geometry-based methods work directly in the input frame using the proper knowledge of the 

illumination source, object shape and the ground plane. Hsieh et al. [285] separated the pedestrians 

objects from shadows based on the assumption that pedestrians and their shadows have different 

orientations. However, methods that use geometry features are limited to specific object types, 
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typically pedestrians, or vehicles, requiring objects and shadows to have different orientations, 

and assuming a unique light source or a flat background surface. 

 

Statistical approaches are also used to build pixel-based statistical models in detecting cast 

shadows. In [286], a shadow region is taken as the scaled version of corresponding background 

region and normalized cross-correlation (NCC) is used to identify scaled versions of the same 

signal. The closer the NCC value between two signals is 1, the more similar the two signals are. 

Texture in shadow region is close to the one in background region. Statistical learning techniques 

are used to capture the surface appearance under cast shadows, employing Gaussian mixture 

models (GMM). Zivkovic et al. [287] built a GMM to identify the distribution of moving objects 

and shadows and modified the learning rates of the distributions. Choi et al. [288] proposed an 

adaptive shadow estimator to detect and eliminate the shadow of a moving object while 

automatically adapting to the variation in illumination and environment. It discriminates between 

shadows and moving objects by cascading three estimators which use the properties of 

chromaticity, brightness, and local intensity ratio. The statistic-based methods reduce false hits of 

property descriptions of shadow but cannot eliminate them. 

  

The recent review of shadow detection techniques was done in 2012 by Sanin et al. [289]. A 

selection of prominent methods in each class is compared in terms of quantitative performance 

measures (shadow detection and discrimination rates, colour de-saturation) as well as qualitative 

observations. The main conclusion was that each shadow detector has individual strength and 

weaknesses. Therefore, there is no single robust shadow detection technique available which 

works for all the cases and it is better for each application to develop its own technique according 

to the nature of the scene. 
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2.5 Video Object Segmentation Evaluation Methodology 

 

Despite extensive publications available on video object segmentation in recent years, very few 

comparative results of segmentation algorithms have been conducted. Currently, there are no 

standard, or commonly accepted, methodologies available for evaluation of image or video 

segmentation quality. In [290], evaluation methods are divided into two major categories: 

subjective evaluation and objective evaluation. Subjective evaluation involves a representative 

group of human viewers examining the segmented images [291] [292]. A set of general guidelines 

for segmentation quality assessment have been proposed in [293]. These guidelines concern only 

how the typical display configuration should look like, but they do not specify how the test should 

be carried out.  One of the disadvantages of such methods is that visual or qualitative evaluation 

is inherently subjective: evaluation scores may vary significantly from one human evaluator to 

another. The other disadvantage is that it is a time consuming and expensive process. To overcome 

these limitations, the solution is to mimic, using an automatic procedure, the results that a 

subjective evaluation would produce — the most reliable evaluation results.  

 

Depending on the availability, or not, of a reference segmentation (the so-called ground truth), 

objective evaluation can be divided into two categories [291]: standalone evaluation and relative 

evaluation. In the first category, standalone evaluation methods directly examine and assess the 

segmentation algorithms themselves by analysing their results. They have the advantage of no 

requirement of manual annotations, allowing to rank algorithms over large datasets and being 

suitable for automatic control of online segmentation.  

 

Most standalone evaluation methods rely on inspecting the properties of the internal and external 

regions defined by the boundary of the segmented object. Correia and Pereira [294] proposed 
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metrics based on the several spatial features such as circularity, elongation and compactness of 

the objects, expected homogeneity of each object’s features (intra-object features), as well as the 

observed differences of some key features against those of the neighbors (inter-object features). 

Erdem et al. [295] proposed metrics based on the color and motion differences along the boundary 

of the estimated video object plane and the color histogram differences between the current object 

plane and its temporal neighbors. The main disadvantage of such an approach is that the goodness 

metrics are at best heuristic and may exhibit strong bias toward the algorithm. [296] [297] [298] 

proposed to use object classification to detect expected foreground objects (people, non-people 

and illumination changes) and to estimate accuracy of segmentation masks. [299] [300] 

automatically built an approximation of the ground-truth information by using a region-based 

segmentation algorithm and matched the boundary of segmented foreground objects.  

 

In the second category of objective evaluation, the performance of each segmentation algorithm 

requires the availability of the video object segmentation dataset. Many video datasets designed 

to benchmark video object segmentation algorithms typically focus on surveillance scenarios with 

static cameras and usually contain multiple instances of similar objects, e.g. a crowd of people or 

moving vehicles. A good video object segmentation dataset should consist of a large number of 

diverse sequences with the diversity spanning across different aspects. Proper datasets are 

essential for evaluating and comparing video object segmentation algorithms. In the following, 

the most important datasets used for (semantic) video object segmentation are presented. 

 

2.5.1 Video Object Segmentation Datasets 

 

SegTrack [301] is the most widely adopted dataset composed of densely annotated videos of 

humans and animals. It is designed to be challenging with respect to background-foreground color 
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similarity, fast motion and complex shape deformation. Although it has been extensively used by 

several approaches, it only contains six low-resolution videos.  

 

VIRAT Video Dataset [302] is a new large-scale surveillance video dataset designed to assess the 

performance of event recognition algorithms in realistic scenes. The dataset includes videos 

collected from both stationary ground cameras and moving aerial vehicles. However, its 

annotation is typically provided only in the form of axis-aligned bounding boxes, instead of pixel-

accurate segmentation masks, which is necessary to accurately evaluate video object 

segmentation.  

 

The Freiburg-Berkeley Motion Segmentation dataset (FBMS-59) [303] is a popular dataset for 

motion segmentation. It consists of 59 unconstrained videos such as fast motion, motion blur, 

occlusions, and object appearance changes. Segmentation in FBMS-59 is only provided on a 

sparse subset of the frames, and the content is not sufficiently diverse to provide a balanced 

distribution of challenging situations such as fast motion and occlusions.  

 

The Berkeley Video Segmentation Dataset (BVSD) [304] comprises a total 100, higher resolution 

sequences.  It includes 40 training sequences and 60 test sequences with 11-15 frames per training 

sequence and 3-8 frames per test sequence.  It was originally meant to evaluate occlusions 

boundary detection and later extended to motion-segmentation tasks.  

 

To address the application of on-board stationary multi sensor surveillance for protection of 

mobile critical assets, the International Workshop on Performance Evaluation of Tracking and 
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Surveillance (PETS) [305] workshops provides two evaluation datasets and metrics that allow an 

accurate assessment and comparison of such methodologies: (1) a multi-sensor dataset (the 

ARENA Dataset) which addresses protection of trucks; and (2) P5 a new dataset - addressing the 

protection of a nuclear power plant. The datasets cover a variety of tasks involving low-level video 

analysis (detection, tracking), mid-level analysis (simple event detection) and high-level analysis 

(complex ‘threat’ event detection).  

 

Although those datasets, are available for the evaluation of object detection tasks, none of them is 

suitable for video object segmentation under non-stationary camera with affine camera motions, 

which is crucial to realistically evaluate the actual performance of the proposed methods. 

Meanwhile, a few ground truths are available for databases for moving camera [239]. Therefore, 

customized datasets with ground-truth must be provided to evaluate quantitatively in this work. 

 

In [290] [306], the objective evaluation metrics for segmentation quality against segmented 

ground truth mask are classified into two major classes: Spatial accuracy — is estimated through 

the amount of error pixels in the object mask (both false positive and false negative pixels) in the 

resulting mask deviating from the ground-truth mask. Temporal accuracy— is estimated by the 

difference of the spatial accuracy of the mask between frames.  

 

In the first category, measurement of spatial deviations from the ground-truth detection map can 

be divided into the following classes: True positives (TP) is the number of the pixels which are 

correctly segmented as foreground. False positives (FP) is the number of pixels incorrectly flagged 

as foreground pixels. True negatives (TN) is the number of pixels correctly detected as 

background. False negatives (FN) is the number of pixels wrongly classified as background pixels. 
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Based on these values, precision (or true positive rate), recall (or sensitivity) and specificity (or 

true negative rate) are calculated as:  

Precision =
TP

TP + FP
 

2-23 

Recall = TP/(TP + FN) 2-24 

Specificity = TN/(TN + FP) 2-25 

 

To find a compromise between Precision, Recall and Specificity, three most commonly used 

metrics in measuring the performance of a binary classification, 𝐹1measure, Jaccard coefficient 

(JC), and the percentage of correct classification (PCC) are calculated for all image sequences 

[307]. 

𝐹1 = 2(Precision ∗ Recall)/(Precision + Recall)  2-26 

𝑃𝐶𝐶 = (TP + TN)/(TP + FP + TN + FN) 2-27 

𝐽𝐶 = TP/(TP + FP + FN) 2-28 

 

In the Berkeley segmentation dataset benchmark [304], the amount of spatial deviation from 

ground-truth segmentation boundary map is measured in precision, recall, and 𝐹1 metrics. The 

limitation of the metrics is that temporal consistency of the segmentation is not considered. 

Galasso, et al. [308] improved the precision-recall in framework of spatio-temporal volumes.  
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Other metrics [290] measure the correctness of the segmentation results by comparing the number 

of objects in the estimated and reference segmentations, the similarities of the geometrical features 

related to size, position, a combination of elongation and compactness, texture content, and colour 

content between the reference and estimated objects,  

 

In [307], the measurement of temporal accuracy is cast as the task of matching contours of 

segmented regions in time. The Shape Context Descriptor is used to describe the contour of 

segmented region and the minimum cost of Dynamic Time Warping between Shape Context 

Descriptor in consecutive frames is used as the measure of accuracy. 
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2.6 Conclusion 

 

Following the basic steps of feature-based image registration procedure, an overview of the most 

widely adopted image registration methods in spatial domain, with a discussion of their respective 

strengths and weaknesses is covered first in this chapter. In comparison to edge and point-based 

matching, region-based machining can be extremely fast and robust due to far less number of 

feature descriptors are compared. This advantage is very attractive for real-time video application 

where objects undergo only rigid transformation or deform slowly between two consecutive 

frames. The other advantage is that segmented regions can be reused in moving object detection 

and tracking. However, the use of regional descriptors in matching remains challenging due to the 

difficulty in obtaining segmentation consistency across frames. Given the advantages of region-

based matching identified in the literature review, Chapter three presents a set of new region-based 

descriptors which depict the features in segmented regions and Chapter four presents an original 

two stage feature-based matching algorithm for global motion estimation (GME) in video 

sequences, tree-based clustering followed by improved RANSC. 

Each motion-based object segmentation method reviewed in section 2.4 has its own advantages 

and disadvantages. A single motion-based segmentation algorithm is sensitive to illumination 

changes, compression artifacts, a noisy environment, or camera displacement. Therefore, in 

Chapter five, a hybrid algorithm of a local adaptive temporal differencing method and an adaptive 

block-matching-based Kalman filter is proposed to find salient motions. Chapter six combines the 

results from the hybrid motion detection algorithm and an efficient colour image segmentation 

algorithm to localise moving regions. Finally, a comprehensive analysis of several state-of-the-art 

datasets and objective evaluation of relative segmentation quality for video object segmentation 

approaches is presented as well. 
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Chapter 3 Feature Extraction 

 

The methodology in proposed video object segmentation algorithm is divided into two phases, 

image registration, and moving object segmentation. The implementations and outcomes of 

techniques used in each phase are discussed separately from chapter three to chapter six. This 

chapter begins an overview of the proposed feature extraction first and then details the proposed 

techniques in each step. The aim of this chapter is to develop a region-based feature descriptor 

which is robust to noise and camera transformation. The steps to achieve this aim is illustrated in 

Figure 3-1. 

 

To increase the segmentation consistency across frames, ℎ(𝑖), the histogram of current frame 

𝐹(𝑖), is dynamical-time warped against, ℎ(𝑖 − 1), the histogram of its previous frame 𝐹(𝑖 − 1) 

first. Given any frame and its gray-level histogram, descriptor extraction process applies an 

efficient multi-level histogram thresholding to reduce the computation complexity of image 

segmentation. The final output is a set of radius-based Fourier descriptors which are robust to 

noise and camera transformation. The descriptor extraction process is further illustrated in Figure 

3-2.  
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Figure 3-1 Block Diagram for Steps in Feature Extraction 

 

Figure 3-2 Block Diagram for Steps in Feature Descriptor Extraction 
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The descriptor extraction process in Figure 3-2 starts with a simple multi-level thresholding 

method. Then Fourier descriptors derived from proposed radius-based shape signature and other 

statistical descriptors are extracted from segmented regions. 

 

In this chapter, the process of extracting a set of new region descriptors is discussed and organized 

as following: In 3.1, an efficient histogram-based image segmentation is proposed to provide 

higher correlation between images and creates increased segmentation consistency. In section 

3.1.1, the histogram of the current frame is aligned against the histogram in the previous frame 

using dynamic time warping operation first. Then a simple multi-level thresholding method is 

proposed to create initial regions in section 3.1.2. After that, in section 3.2, Fourier descriptors 

and other statistical descriptors derived from proposed centroid-distance shape signature are 

presented and their stability are compared with others.   

 

 

3.1 Proposed Image Segmentation with Histogram Warping 

 

Numerous feature point-based algorithms for global motion estimation (GME) have been 

surveyed in [309] [310]. In comparison, the use of extracting regional descriptors from image 

segmentation as a step in GME for video sequences has been little explored. This is due to the 

difficulty in obtaining segmentation consistency across frames and the computational 

requirements. In contrast, histogram-based segmentation methods provide high correlation of 

regions across frames in video segmentation which typically have limited differences between 

consecutive frames. The other advantage is that histogram-based segmentation methods require 

only one pass through the pixels in the image to perform segmentation. In [311], the histogram-
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based image segmentation used for satellite image registration is limited to moderate translation 

and rotation. It cannot handle cases where histogram changes significantly, such as image scaling. 

In this section, a novel image segmentation method that combines both dynamic time warping 

(DTW) methods and histogram thresholding techniques is presented to solve this problem.  

 

3.1.1 Histogram Warping 

 

In the proposed method, the histogram of the second image is warped first to create the 

approximation of the histogram of the first image before histogram thresholding. Two efficient 

DTW algorithms are proposed here to align the histogram sequences. The direct consequence is 

that each gray level in the second histogram is mapped to its correspondent in the first histogram. 

Then histogram thresholding techniques are used to find optimal thresholds for the first histogram. 

After that, the same thresholds with a lookup table created during the warping are applied on the 

second histogram. Finally, regions in both images are found by thresholding. The significance of 

proposed histogram warping operation is that more consistent regions are found, which reduces 

the number of outliers in image registration and improves the registration accuracy.  

 

3.1.1.1 Dynamic Time Warping in Histogram Alignment 

 

DTW is a technique that finds the optimal alignment between two time-series if one time-series is 

warped non-linearly by stretching or shrinking it along its time axis. Since inputs in this work is 

histograms rather than simple time series, the objective of warping operation is to find 

corresponding regions between the two histogram sequences. The DTW problem in histogram 

warping is expressed as follows: 
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Given two histogram sequences,G = g(i), i = 0,… 255 and F = f(j), j = 0,255, construct a warp 

path:W = w0, w1, . . , wk, …wn−1, where n is the length of the warp path and the kth element of the 

warp path is: wk = (i, j). 

 

The warp path starts at the beginning of each histogram sequence at w0 = (0,0), and finishes at 

the end of both sequence at wn = (255,255). An example of warping histogram F to another 

histogram G is shown in Figure 3-3. If both histograms are identical, the warp path is a straight 

line joining w0  and wn . There is a constraint on the warp path that forces i and j to be 

monotonically increasing in the warp path: 

wk = (i, j), wk+1 = (i′, j′), i ≤ i′ ≤ i + 1, j ≤ j′ ≤ j + 1 3-1 

 

The minimum distance path, W, between F and G is defined as: 

Dis(W) = min (∑Dist(Wki ,Wkj

k−n

k=0

) 
3-2 

where ∑ Dist(Wki,Wkj
k−n
k=0 ) can be any distance metric between two data point indexes (one from 

F and another from G) in the kth element of the warp path.  

 

3.1.1.1.1 Dynamic Programming Based DTW 

 

A direct solution to find the optimal warp path in equation 3-2 is using dynamic programming 

(DP). A 256x256 two-dimension cost function matrix D in Figure 3-3, is constructed first where 

each element, denoted as D(i, j). Each D(i, j) is the sum of the distance d(i, j) found in the current 

cell and the minimum of the adjacent elements.  
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D(i, j) = {
min [D(i, j − 1), D(i − 1, j), D(i − 1, j − 1) + d(i, j) if(i > 0 ∧ 𝑗 > 0)

d(i, j), else
 

3-3 

where d(i, j) = |f(i) − g(j)|. 

 

After the cost matrix D is filled, backtracking along the minimum cost index pairs (i, j) starting 

from (255,255) to (0,0) yields a DTW warping path W. A greedy search is performed that visits 

cells to the left, up, and diagonally to the top-left. Figure 3.3 below shows an example of a cost 

matrix and minimum-distance warp path traced through it from D(0,0) to D(255,255). If the warp 

path passes through a cell D(i, j) in the cost matrix, it means that ith point in histogram F is warped 

to the jth point in another histogram G.  

 

Figure 3-3 Illustration of a Warping Path between Histogram F and G. 

 

The major disadvantage of the DP-based DTW is that it requires high complexity of 𝑂(𝑁2). A 

number of complexity reduction methods [312] have been proposed to speed up by a large constant 

factor. But those methods still run in 𝑂(𝑁2)  time. To avoid the brute-force dynamic 
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programming, a fast approximation of the optimal solution is proposed in next section which 

directly aligns two histogram sequences in 𝑂(𝑁) time. 

 

3.1.1.1.2 Integration Based DTW 

 

In this approach, the histogram warping problem is described as follows: each gray level i of the 

second histogram sequence, G = g(i), is mapped into a new gray level j in the first histogram 

sequence, F = f(j), such that the quantity: 

  

|∑ f(k) −∑g(k)

i

k=0

j

k=0

|  is minimised 

3-4 

∑f(k) = (∑f(k

j−1

k=0

)

j

k=0

) + f(j),∑g(k) = (∑g(k

i−1

k=0

)

j

k=0

) + g(i) 

3-5 

 

The mapping table can be constructed by a linear algorithm at complexity 𝑂(𝑁),  which integrates 

both histogram sequences simultaneously. For each gray level i in histogram G, histogram F is 

integrated until a j is reached such that the condition 3-4 is satisfied. The integration process 

exploits the simple recurrence relations as i increases from one to the other. Thus, the overall cost 

in constructing the mapping table is linear in time. 

 

The C code of warping histogram sequence G with reference to F is essentially a few lines of 

code: 
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void warp(int cF[], int cG[], int lookupTbl[]) 

{   int i,j=0; 

for(i=0; i<256; i++) 

 { 

          while( cF[j]< cG[i] && j<256) j++  

           if( j == 0 )   lookupTbl[i] = 0; 

          else if( j>255)  

 lookupTbl[i] = 255; 

         else   // find which one is closer to cG[i] 

           lookupTbl[i] = (cF[j] - cG[i]) > (cG[i] - cF[j-1])  ? j-1: j; 

 }//End for 

} 

 

Table 3-1 compares the average running time between DP-warped method and integration-warped 

method. Both algorithms were tested with a 600x400 image sequence on a PC with 3.00GHZ Intel 

Pentium 4 CPU and 1G Memory. 

 

Table 3-1 Running Time Comparison between Integration-Based DTW and DP-Based DTW 

 comp. time (ms) 

Integration- based DTW  0.0287 

DP-based DTW 12.5309 
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In the above experiment, the integration-based method is 430 times faster than the DP-based DTW 

method as shown in Table 3-1 since integration-based method runs in 𝑂(𝑁) while the DP-based 

DTW runs in 𝑂(𝑁2) time. 

 

3.1.2 Histogram Thresholding 

 

After the mapping of gray levels in both histograms is established, a multi-level threshold selection 

algorithm is required to select optimal levels for the histogram in the first image. The problem of 

multi-level histogram thresholding can be stated as following:   

 

It assumes that there are M-1 thresholds, {t1, t2, … , tM−1 }, which divide the original histogram 

into M classes: c0  for [0, … t1], c1  for [t1 + 1,… t2], … , ci  for [ti + 1,… t2] …, and cM−1  for 

[tM−1 + 1,…255], the optimal thresholds {t1
∗ , t2

∗ , … , tM−1
∗  } are selected by maximising inter-class 

variance, σB
2  as follows: 

 

{t1
∗ , t2

∗ , … , tM−1
∗  } = Arg Max{σB

2 (t1, t2, … , tM−1)}  3-6 

σB
2 =∑ωk

M

k=1

μk
2 

3-7 
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3.1.2.1 Proposed Clustering-Based Thresholding 

 

The proposed histogram thresholding method is an extension of OTSU's thresholding method 

[132]. In this section, the Otsu’s method for bi-level image thresholding is reviewed at first. Then 

a modification of Otsu’s thresholding for 1D multi-level thresholding is proposed. Following that, 

a fast 1D multi-level thresholding algorithm based on the recursive forms of parameters, ωk, and 

μk is described in detail.  At last, experiment results on complexity analysis are presented. 

 

3.1.2.1.1 Otsu’s Method for Bi-level Image Thresholding 

 

A grayscale image of N pixels with gray levels from 0 to 255 can be represented as an intensity 

function. The number of pixels with gray level i is denoted as fi, giving a probability of gray level 

i in an image of pi = fi/N. 

In the case of bi-level thresholding of an image, pixels are divided into two classes: 𝐶1 with gray 

levels [0,…t] and 𝐶2 with gray levels [t+1, …, 255]. The probabilities or weights, ωi=1,2(t) , the 

means, μi=1,2(t)  and the intra-variances, σi=1,2
2  of the two classes, which is separated by a 

threshold t are defined as: 

 ω1(t) = ∑ pi
t
i=0 , ω2(t) = ∑ pi

255
i=t+1 ,  3-8 

μ1(t) = ∑ ipi/ω1(t)
t
i=0  , μ2(t) = ∑ ipi/ω2(t)

255
i=t+1  3-9 

σ1
2 = ∑ (i − μ1)

2/ω1(t)
t
i=0 , σ2

2 = ∑ (i − μ2)
2/ω2(t)

255
t=t+1  3-10 

 

The total intra-class variance, σw
2   is calculated as: 
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 σw
2 = ω1σ1

2 +ω2σ2
2 3-11 

 

An exhaustive search for the threshold, t, that minimises the total intra-class variance, σw
2 , is 

computationally intensive. Using discriminant analysis, the threshold t with the minimum intra-

class variance, σw
2 , also has the maximum inter-class variance, σb

2.   

 σb
2 = σT

2 − σw
2 = ω1(μ1 − μT)

2 + ω2(μ2 − μT)
2 = ω1ω2(μ1 − μ2)

2 3-12 

where μT is the mean intensity for the whole image.  

 

An exhaustive search for the threshold that maximises the inter-class variance is described in the 

procedure below: 

 

1. Compute histogram and probabilities of each intensity level i 

2. Set up initial ω0 and  μ0 

3. Step through all possible thresholds t=1..,255.  

a. Update ωi and μi. 

b. Compute σb
2 

4. Desired threshold, t, corresponds to the maximum σb
2 
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3.1.2.1.2 Proposed Method for Multi-Level Image Thresholding 

 

Otsu’s method uses an exhaustive search to find an optimal threshold that maximises the inter-

class variance. As the number of classes increases, Otsu’s global optimisation method involves 

(255 − M)M+1  possible combinations for M classes, which is impractical for multi-level 

thresholds selection. 

 

In this work, local optimisation instead is used to reduce the processing time to search for the 

optimal multi-level thresholds. It starts with a single class and recursively splits the class into two 

classes, based on the gray level, i, in which the inter-class variance, σck,b
2 , is maximised. The 

process iterates with the class that has the largest total variance, σck,t
2 , among all classes until the 

predetermined number of classes, M is reached, M classes: c1 for [0, … , t1] , c2  for [t1 +

1,… , t2],..., ci for [ti−1 + 1,… , ti],..., and cM for [tM−1 + 1,… ,255].  

 

The optimal threshold t in any class ck for intensity level interval [ti−1 + 1,… , ti] is the intensity 

level where inter-class variance, σck,b
2 is maximised. 

 t = Arg Max{σck,b
2 (t)},  ti−1 + 1 ≤ t < ti 3-13 

 

The intra-variance, σck,t
2 , and inter-class variance, σck,b

2  for class, ck, is defined as following: 

 σck,b
2 = ω1ω1(μ1 − μ2)

2, ωck = ∑ pii∈ck
, μck = ∑ ipi/i∈ck

ωck ,  3-14 
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σck,t
2 = ∑(i − μk)

2pi/

i∈ck

ωck =
∑ (i2pi) + μk

2∑ pii∈cki∈ck
+ 2∑ 𝑖pii∈ck

ωck
 

3-15 

 

where pi is probability at intensity level i, ωck is cumulative probabilities, and μck is mean, for 

each class, ck. 

 

 

This algorithm can be described as following: 

 

1. Start with a single class C0 which has all intensity levels t=0… 255 and add to a list C with count 

m =0. 

2. Compute intra-class variance σc0,t
2  in class C0 and the optimal threshold t which maximises 

between-class variance, σc0,b
2   .  

3. Search each candidate class Ci in list C and use find the class Cs, which has the largest intra-class 

variance 𝜎𝑐𝑠,𝑡
2  and the optimal threshold ts.  

4. Split the class Cs into two new classes Cm, and Cn. at the optimal threshold ts, then compute intra-

class variance, and the optimal threshold for each new class. 

5. If any new created class Cj=m,n has satisfied following criteria, 𝜎𝑐𝑗,𝑡
2 < 𝜎𝑚𝑖𝑛 

2 ⋁𝑠𝑖𝑧𝑒(𝑐𝑗) <

𝑚𝑖𝑛 _𝑠𝑖𝑧𝑒 , classify this class as a none-divisible class. Otherwise this class is assigned as a 

candidate class.  

6. Remove Cs from list C and add two split classes Cm and Cn to list C. Increment m by 1. 

7. If the number of classes including all none-divisible classes and candidate classes has reached 

maximum threshold M or the largest intra-class variance in list C is below some threshold, then 

stop, else go back to step 3. 

 

Figure 3-4 shows that comparing to valley-based thresholding, proposed clustering method can 

force splitting an over-smoothed histogram and separate the foreground objects from background. 
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(a) Original image  (b) Valley Based Thresholding  (c) Clustering Based Thresholding 

Figure 3-4 Comparison between Valley-based and Clustering-based Thresholding 

 

 

 

3.1.2.1.2.1 Fast Calculation of Optimum Threshold with Lookup-Tables 

 

To reduce the repetitive computations in calculating the total variance, σck,t
2 , and between-class 

variance, σck,b
2   for each class, three 2-D Lookup tables are proposed to store all the ∑ pii∈ck

, 

∑ ipii∈ck
 , ∑ (i2p

i
)i∈ck
 , from u to v interval as shown in Table 3.2, 3.3, 3.4 respectively. 

 

The computation of each element is dependent as the threshold changes from one to another. the 

simple recurrence relations can be used as threshold t increases from one to the other. The values 

in the first rows of the tables are determined by using equations below: 

 

The u-v interval zeroth-order moment, 𝑃(𝑢, 𝑣), the u-v interval first-order moment, 𝑆(𝑢, 𝑣), and the u-v 

interval second-order moment, 𝑇(𝑢, 𝑣), in three 2-D tables are defined as: 

 𝑃(𝑢, 𝑣) = ∑ 𝑝𝑖
𝑣
𝑖=𝑢  3-16 
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𝑆(𝑢, 𝑣) = ∑ 𝑖𝑝𝑖
𝑣
𝑖=𝑢 , 3-17 

𝑇(𝑢, 𝑣) = ∑𝑖2𝑝𝑖

𝑣

𝑖=𝑢

 
3-18 

 

For index u=0, equations 3-16 to 18 can be re-written as 

 𝑃(0, 𝑣 + 1) = 𝑃(0, 𝑣) + 𝑃𝑣+1, 𝑃(0,0) = 𝑃0 3-19 

𝑆(0, 𝑣 + 1) = 𝑆(0, 𝑣) + (𝑣 + 1)𝑃𝑣+1, 𝑆(0,0) = 0 3-20 

𝑇(0, 𝑣 + 1) = 𝑇(0, 𝑣) + (𝑣 + 1)2𝑃𝑣+1, 𝑇(0,0) = 0 3-21 

where 𝑃𝑣+1 is the probability of the gray level being v+1. 

 

The values in other rows are computed as the following equations: 

𝑃(𝑢, 𝑣) = 𝑃(0, 𝑣) − 𝑃(0, 𝑢 − 1) 3-22 

𝑆(𝑢, 𝑣) = 𝑆(0, 𝑣) − 𝑆(0, 𝑢 − 1) 3-23 

𝑇(𝑢, 𝑣) = 𝑇(0, 𝑣) − 𝑇(0, 𝑢 − 1) 3-24 
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Table 3-2:The u-v interval for ∑ pi
v
i=u  

U V 0 1 … i … 255 

0 P(0,0) P(0,1) … P(0,i) … P(0,255) 

1 0 P(1,1) … P(1,i) … P(1,255) 

… 0 0 … … … … 

I 0 0 … P(i,i) … P(i, 255) 

… 0 0 0 0 … … 

255 0 0 0 0 0 P(255,255) 

 

Table 3-3:The u-v interval for ∑ ipi
v
i=u  

U V 0 1 … i … 255 

0 S(0,0) S(0,1) … S(0,i) … S(0,255) 

1 0 S(1,1) … S(1,i) … S(1,255) 

… 0 0 … … … … 

i 0 0 … S(i,i) … S(i, 255) 

… 0 0 0 0 … … 

255 0 0 0 0 0 S(255,255) 
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Table 3-4:The u-v interval for ∑ i2pi
v
i=u  

U V 0 1 … i … 255 

0 T(0,0) T(0,1) … T(0,i) … T(0,255) 

1 0 T(1,1) … T(1,i) … T(1,255) 

… 0 0 … … … … 

I 0 0 … T(i,i) … T(i, 255) 

… 0 0 0 0 … … 

255 0 0 0 0 0 T(255,255) 

 

The cumulative probabilities, ωck,  mean, μck and total intra-class variance,  σck,t
2   in class ck, in 

which intensity ranges from tk to  tk+1,  can be obtained directly through the use of look-up tables. 

 

 ωck = P(tk, tk+1),  3-25 

μck = S(tk, tk+1)/ωck  3-26 

σck,t
2 =

T(tk, tk+1)

ωck
+
S(tk, tk+1)

2P(tk, tk+1)

ωck
3

+
2S(tk, tk+1)

ωck
 

3-27 

 

 

3.1.2.1.2.2 Complexity Experiment Results of Using Look-up Table 

 

To demonstrate the performance of the proposed fast threshold calculation method, three 

commonly used test images (House, Pepper, and Lena) from the USC-SIPI Image Database [313] 

at size of 256 x 256 are chosen from as shown in Figure 3-5. Figure 3-6 shows their respective 

histograms. The selected thresholds and computation time for the tested images are listed in Table 

3-5. Because the time is measured in millisecond, computation time for each proposed method at 
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different thresholding level is indistinguishable. Both methods can achieve low computation 

requirement at less than a few milliseconds. However, for the proposed method, using look-up 

tables reduces the processing time by at least 30% versus the method without using look-up tables. 

The hardware configuration available for the experiment is a PC with Intel(R) Core(TM)i7 CPU 

Q 720@1.6GHz and 8G Memory. 

 

 

(a) House   (b) Pepper  (c) Lena 

Figure 3-5 Testing Images for Complexity of Thresholds Selection 

 

Figure 3-6 Histograms of Testing images for Complexity of Thresholds Selection 
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Table 3-5: Thresholds and computation times for the test images. 

 

Computation Time in ms 

Images Without Lookup Table With Lookup Tables 

 

Number of Thresholds Number of Thresholds 

 

2 3 4 5 2 3 4 5 

lena 11 12 13 14 7 8 8 9 

house 10 10 12 13 7 7 9 10 

pepper 11 13 13 15 8 8 9 10 

 

3.1.3 Image Labeling 

 

After thresholding, m-level thresholds are selected to separate histogram F into m+1 intervals, 𝐿 =
{𝑙0,(0,𝑡0−1), 𝑙1,(𝑡0,𝑡1−1), … 𝑙𝑗,(𝑡𝑗−1,𝑡𝑗−1 ), … 𝑙𝑚(𝑡𝑚−1,𝑡𝑚−1 )}, every gray level, i, is labeled as one of the 

following:  

𝐿𝐹(𝑖) = 𝑙𝑗,(𝑡𝑗−1,𝑡𝑗−1 ), 𝑡𝑗−1 ≤ 𝑖 ≤ 𝑡𝑗 − 1 3-28 

where 𝐿𝐹(𝑖) represents the jth label value which gray level, i, is assigned to and i is within the gray 

level interval  [𝑡𝑗−1, 𝑡𝑗 − 1].  

 

The process of assigning labels to gray levels in the second histogram, G, is a simple lookup 

operation, described as follows: 

 𝐿𝐺(𝑖) = 𝐿𝐹(𝑙𝑜𝑜𝑘𝑢𝑝𝑇𝑏𝑙[𝑗]) 3-29 
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where 𝑙𝑜𝑜𝑘𝑢𝑝𝑇𝑏𝑙[𝑗] represents mapping of ith gray level in histogram G to jth gray level in 

histogram F.  

 

Labeling each pixel in an image is another lookup operation which retrieves a label value through 

its gray level directly. Finally, a connected component analysis is performed on both labeled 

images to extract regions where pixels have been assigned to the same value.  

 

3.1.4 Segmentation Consistency Comparison  

 

To demonstrate that warped methods outperform non-warped methods in terms matching 

accuracy, all the experiments are tested on image sequences from the own dataset [314], which 

presents a wide range of edges, textures and details and are shown in Figure 3-7. Each image 

sequence includes scaling camera ratio up to 1.4, rotation angle up to 12 degrees, and translation 

up to 15% of the image width. Figure 3-8 shows Hall image sequence captured by maneuvering 

pan-and-tilt head and adjusting camera zooming ratio.  

    

(a) Hall  (b) Lounge   (c) Ladies   (d) Stairs 

Figure 3-7 Testing Image Sequence for Segmentation Consistency 
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 (a) 

 (b) 

  (c) 

Hall Sequence with different (a) rotation up to 12 (b) scaling ratio up to 1.4 (c) translation up to 15% of 

image width 

 Figure 3-8 Hall Sequence with different Camera Transformation 

 

In the following section, the ground truth matches are simulated first. Then the warping method 

is applied on various thresholding algorithms to demonstrate its efficiency in matching. 

 

3.1.4.1 Ground Truth Match Simulation 

 

To evaluate algorithms on images taken with a moving camera, ground truth information is 

needed, specifying which region 𝑥𝑗 in frame j corresponds to region 𝑥𝑖 in frame i. Since manually 

segmenting images and matching segmented regions are impractical for image sequences, 

exhaustive RANSAC method is used to simulate the ground truth matches between region 
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centroids. RANSAC is a non-deterministic algorithm for estimating a transformation model from 

observed data. It is essentially composed of two steps that are repeated iteratively. 

 

Hypothesize:  A sample of size m among the N data points is randomly selected. The model 

parameters are computed from this sample. m is the minimum cardinality to determine the model 

parameters. 

 

Test: The hypothesis is verified against the rest of the data by counting the points consistent with 

the estimated model parameterisation. 

 

These two steps are repeated until the iteration finishes.  

  

A 2D affine transformation can be modeled as composite matrix operation of scaling, rotation, 

and translation, which maps a point 𝑝 = (𝑥𝑖, 𝑦𝑖) T to a point 𝑞 = (𝑢𝑖, 𝑣𝑖) T as follows: 

 

[
ui
vi
1
] = [

1 0 tx
0 1 ty
0 0 1

] ∗ [
cosθ −sinθ 0
sinθ cosθ 0
0 0 1

] ∗ [
s 0 0
0 s 0
0 0 1

] ∗ [
xi
yi
1
]  =   [

cosθ ∗ s −sinθ ∗ s tx
sinθ ∗ s cosθ ∗ s ty
0 0 1

] ∗ [
xi
yi
1
] 

3-30 

 

The affine matrix [
cosθ ∗ s −sinθ ∗ s tx
sinθ ∗ s cosθ ∗ s ty
0 0 1

], in equation 3-30 can be simplified as M = [
a −b c
b a d
0 0 1

] 

and the unknown parameters in the simplified matrix can be solved by the pseudo-inverse solution. 
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Therefore, the smallest sufficient cardinality to determine the model parameters in RASAC is two 

in this case. 

 

Given a set of points and its correspondences in the form U = WA. 

[
 
 
 
 
u1
…
un
v1…
vn]
 
 
 
 

=

[
 
 
 
 
 
x1 y1 1 0 0 0
… … … 0 0 0
𝑥𝑛 𝑦n 1 0 0 0
0 0 0 x1 y1 1
0 0 0 … … …

0 0 0 𝑥n 𝑥n 1]
 
 
 
 
 

*[

a
b
c
d

] 

3-31 

The pseudo-inverse solution A = (WTW)−1WTU  is computed to solve for the four affine 

coefficients.  

 

U and M are then used for calculating the re-projection error 𝑒 of the remaining pairs of 

correspondence. Re-projection error is defined as the Euclidean distance between the transformed 

point of point p in the previous frame according to the model M and the original correspondence 

of q in the current frame: 

e = |[
xi
′

yi
′

1

] − M [
xi
yi
1
]| 

3-32 

The re-projection error threshold Tthres is determined such that among all the initial matches, only 

those pairs with e < 𝑇thres will be kept as inliers. In the experiment, Tthres is set to 2 empirically. 

The process is repeated for different subsets, resulting in different transformations, with the 

number of inliers recorded for each transformation. The transformation supported by the highest 

number of inliers among all the iterations is selected to be the winning transformation. In the final 

step, all inliers from the winning transformation are considered to be the ground truth matches. 
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3.1.4.2 Comparison Histogram Thresholding Algorithms 

 

Besides the proposed multi-level thresholding method, two competing methods, entropy-based 

and peak-seeking-based thresholding, have been implemented. The segmentation consistency 

between the warped and the non-warped histogram thresholding method is compared. 

 

The implemented entropy-based thresholding algorithm is another modification of [133] where the 

selection of optimal threshold in any class Ci for [ti−1 + 1,… , ti], is defined as the maximum inter-

class entropy: 

 𝑒𝐵 = −{(∑ (𝑝𝑗/ω1) ∗ log2(𝑝𝑗/ω1)
𝑡
𝑗=ti−1

) + (∑ (𝑝𝑗/ω2) ∗ log2(𝑝𝑗/ω2)
ti
𝑗=t+1 )}, 3-33 

where ω1 = ∑ 𝑝𝑗
𝑡
𝑗=ti−1

, ω2 = ∑ 𝑝𝑗
ti
𝑗=t+1   

 

The selection of thresholds in Peak-Seeking-based thresholding [315] is to seek most significant 

peaks through several stages of peak detections and is described as the following steps: 

 

1. Find all peaks.  

2. Find significant peaks. 

3. Remove any small peaks. 

4. If two peaks are close, the peak with larger value is chosen. 

5. Remove a peak if the valley between two peaks is not obvious. 

6. The minimum values between any adjacent peaks are selected as the thresholds.  
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3.1.4.3 Results Analysis 

 

In test cases of rotation, and translation, it is found that both proposed warped method and non-

warped methods were able to provide similar number of matched regions because the change of 

the histogram is limited. Figure 3-8 shows number of ground truth matches found in segmented 

regions using integrated-warped method, and non-warped method for image Hall_r200 and 

Hall_r400 under 10’s degree rotation respectively. 

 

 

(a) Hall_r200  (b) Hall_r400 

 

(c) segmented Hall_r200(d) segmented Hall_r400 with warping(e) segmented Hall_r400 without warping  

Figure 3-9 Comparison of Segmentation Results with Warping and without Warping in Rotation   

 

In test cases of scaling, test images with zooming ratio up to 1.4 are selected. Table 3.6 shows a 

number of matched regions for Hall sequence under 1.3 and 1.4 scaling. The warping methods 

perform better than non-warped histogram-based methods 95% of the time. And the warping 

methods find more matches on average 40% higher than those non-warped methods. In these 

experiments, the DP-based DTW performed only 6% better than the integration-based method as 

shown in Table 3.6. Experimental results in figure 3-9 show matched regions using DP-warped 
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method, integration warped method, and non-warped method for image Hall_1 and Hall_4 with 

1.4 scaling respectively.  

 

(a)segmented  Hall_1 (b) segmented Hall_4 without warping (c) segmented Hall_4 with dp-warping (d) segmented Hall_4 with 

integ-warping 

Figure 3-10 Comparison of Segmentation Results with Warping and without Warping in Scaling   
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Table 3-6: Number of Matches Region for Scaling 

 

 

Ladies Lounge 

integ dp 

non-

warped integ dp non-warped 

scaling ratio 1.3 

Peak-Seeking-Based 21 24 20 17 20 10 

Entropy-Based 28 30 22 18 21 9 

Clustering-Based 30 31 24 15 23 13 

scaling ratio 1.4 

Peak-Seeking-Based 19 23 12 15 20 6 

Entropy-Based 29 28 15 17 18 10 

Clustering-Based 27 28 25 17 20 13 

 Hall Stair 

scaling ratio 1.3 

Peak-Seeking-Based 21 20 12 12 12 7 

Entropy-Based 17 16 17 10 13 10 

Clustering-Based 20 19 16 10 7 10 

scaling ratio 1.4 

Peak-Seeking-Based 18 19 9 11 10 4 

Entropy-Based 17 16 15 10 11 10 

Clustering-Based 18 20 11 10 7 11 

 

 



 

115 

 

3.2 Region Descriptor Extractions 

 

After image segmentation, low-level feature descriptors are extracted to capture a description of 

their content. The most successful approaches combine cues from inside the object boundary 

(local features) with cues from outside the object (contextual cues) [316]. However, those feature 

extraction methods generally require high computation complexity. To speed up the image 

registration process, the following proposed statistical and geometrical region descriptors due to 

the low computation cost are presented in section 3.2.1. The stability of these region-based 

descriptors is quantitatively compared with existing ones in section 3.2.2.   

 

3.2.1 Proposed Region Descriptors 

 

Shape is an important descriptor in feature matching. Among the various shape representations 

and matching methods reviewed in chapter 2, FD based methods achieve both good representation 

and transformation robustness. In this research, FD derived from an improved centroid-distance 

shape signature is proposed for initial matching. Other low computation cost descriptors, such as 

the regional mean, and radius-area based compactness are also used. 

 

In this section, the following definitions related to shape descriptors are introduced first.  

Region Centroid: Given n points {(x0, y0), (x1, y1), … , (xn−1, yn−1)}  in a region, R, the x, y 

coordinate of the centroid, (Cx̅̅ ̅, Cy̅̅ ̅) , is given by: 

 Cx̅̅ ̅ = ∑ xi
n−1
i=0 , Cy̅̅ ̅ = ∑ yi

n−1
i=0  3-34 
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Centroid Distance Function: The centroid distance function expresses the distance of a boundary 

point (xi, yi) to the centroid (Cx̅̅ ̅, Cy̅̅ ̅) of a shape. Each distance, f(k), or radius, is given by the 

following formula: 

 f(k) = √(xi − Cx̅̅ ̅)
2 + (yi − Cy̅̅ ̅)

2
 

3-35 

where boundary point (xi, yi) is sampled in steps of 5.625 degrees.  

 

To make descriptors invariant to the rotation and scaling of shapes, the Fourier coefficients Fu is 

normalised as in equation 2-7. 

In the experiment, the first eight normalized FD features, {𝑁𝐹1, 𝑁𝐹2, …𝑁𝐹8} are used. In addition, 

the low-cost descriptors, the mean, and compactness of regions are also used to improve matching 

accuracy. 

 

Mean of Gray Levels: The mean of gray levels in a region is defined as: 

 M = ∑ p(xi, yi)
n−1
i=0  3-36 

where p(xi, yi) is the gray level of a region pixel. 

 

Radius-Area Based Compactness (RABC): a radius-area based compactness descriptor instead 

of perimeter-area based compactness is proposed. Perimeter-area based compactness (PABC) 

defined in [317] is sensitive to small deviations in the boundary caused by the noise.  
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PC =
(L)2

A
𝑚 

3-37 

where L is the perimeter of the boundary. Radius-area based compactness, on the other hand, is 

more robust to noise to its smoothing operation. Proposed radius-based compactness averages 64 

radii defined in Equation 3-33 as follows: 

f̅ = 1/64∑f(k)

63

k=0

 

3-38 

Then the radius-based compactness of a region, RC is defined as:  

 RC =
(f̅)

2

A
 

3-39 

where, A, is the area of a region, defined by:A = ∑ 1n−1
i=0 .   

 

Entropy (ENT):  entropy is an important texture descriptor, which measures the randomness of 

intensity distribution. Given a region, local Shannon entropy is defined as:  

E = −∑ P(i)logP(i)255
i=0 , P(i) =

ni

A
 3-40 

where P(i) is the probability of the pixel value i in a region, ni is the frequency of pixel value i, 

and A is the total number of pixels in a region.  

 

Average Bending Energy (ABE):  This descriptor is obtained by integrating the squared 

directional vector relatively to the distance along the entire contour. The basic idea is to 

pick n boundary points sampled using equation 3-41. For each point p on the shape, consider 

the n − 1 vectors obtained by connecting pi to the next boundary point, pi+1.  
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 E = −1/n∑ P(i)2n−1
i=0 , 3-41 

where P(i) is a directional vector joining pi and pi+1. 

 

3.2.2 Stability Comparison of Proposed Region Detectors  

 

Since the repeatability and robustness properties of the underlying region descriptors identified in 

section 2.1.1 can directly impact the performance of the matching algorithm, the question remains 

as to which specific features work best for a particular domain. In this section, the stability of 

different feature descriptors given a set of ground truth matches is quantitatively compared. The 

ground truth data is obtained using the exhaustive RANSAC method, as described in section 

3.1.4.1. 

 

3.2.2.1 Error Metrics in Stability Evaluation 

 

Given a set of ground truth matches, the L1 distance metric between each ground match in kth 

dimension, 𝑥𝑘
𝑖 ,  is defined as: 

𝑥𝑘
𝑖 = |𝑃𝑘

𝑙 − 𝑄𝑘
𝑚| 3-42 

where 𝑃𝑘
𝑙  is the value of lth feature vector in kth dimension extracted from first segmented image, 

and 𝑄𝑘
𝑚 is the value of matched feature vector indexed at position m at kth dimension extracted 

from second segmented image. 
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The stability of L1 distance in kth dimension, 𝑥𝑘
𝑖 , is represented by its variance, 𝜎𝑘

2 . Since the 

range of the L1 distance value in each dimension varies widely, each 𝑥𝑘
𝑖  is normalised by dividing 

the mean in each dimension first. 

 𝑦𝑘
𝑖 =

𝑥𝑘
𝑖

𝜇𝑥𝑘
,  𝜎𝑘

2 = ∑ (𝑦𝑘
𝑖 − 𝜇𝑦𝑘)

2𝑛−1
𝑖=0  

3-43 

3.2.2.2 Analysis of Stability Comparison Results 

 

Image sequences carpark, hospital, lounge, and entry in Figure 3.1 are used in the stability 

comparison experiment. Each type has been further tested under zooming ratio up to 1.3, rotation 

angle up to 10 degrees, and translation up to 11% of the frame width. To analyse repeatability and 

robustness properties of the underlying descriptors in the simplest form, the stability performances 

of different features for different image sequences are listed tabularly, from table 3-7 to 3-9. The 

vector-based average bending energy (ABE) performs best among all the features under different 

type of transformations. Entropy (ENT) has low variance in scaling but relatively high variance 

in both translation and rotation. Radius-area based compactness (RABC) shows reasonable 

stability under different type of transformations but sub-optimal to ABE and ENT. While 

perimeter-area based compactness (PABC) has the worst performance due to its sensitivity to the 

noise. In this work, a 12-dimensional feature vector including eight normalised FD features, Mean, 

RABC, ABE, and ENT, is extracted from each segmented region. 
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Table 3-7: Stability Results for Scaling 

Scaling Mean PABC RABC ABE  ENT NF1 NF2 NF3 NF3 NF4 NF5 NF6 NF7 NF8 

carpark   

1.1 0.38 1.88 0.83 0.79 0.54 1.6 1.65 1.23 1.78 1.12 2.11 1.06 1.48 1.17 

1.2 0.6 2.35 1.04 0.71 0.73 0.67 0.77 0.87 2.12 1.3 1.08 1.3 1.56 1.49 

1.3 0.78 2.05 0.83 0.49 0.73 0.92 0.96 0.83 1.35 1.27 0.7 1.65 0.5 0.91 

hospital   

1.1 1.55 1.69 0.77 0.56 0.75 0.9 0.77 0.7 1.03 0.92 0.95 0.89 1.03 0.74 

1.2 0.75 1.61 0.64 0.57 0.6 0.83 0.94 0.91 1.14 0.62 1.16 0.87 1.34 0.75 

1.3 1.08 2.4 0.34 0.42 0.56 1.23 1.38 0.93 0.73 1.02 0.8 0.86 0.81 0.78 

lounge    

1.1 0.07 1.91 0.79 0.62 0.52 1.07 1.29 1.03 1.85 0.76 2.19 0.93 1.65 1.29 

1.2 0.07 2.56 0.5 0.64 0.48 0.74 1.03 0.66 0.77 1.03 0.76 0.82 0.69 0.72 

1.3 0.06 0.96 0.56 0.51 0.52 0.82 1.36 1.06 1.27 1.89 0.88 1.09 0.87 1.44 

entry   

1.1 3.39 2.06 1.14 0.44 1.34 0.73 1.37 0.93 1.08 1.11 0.78 1.23 0.78 1.37 

1.2 1.64 2.05 0.73 0.46 0.5 0.57 1.29 1.04 1.18 0.84 0.85 0.98 1.24 1.2 

1.3 0.63 1.77 0.65 0.7 0.66 0.75 0.91 1.12 1.24 1.15 1.22 1.47 0.79 1.39 

average 1.20 1.98 0.77 0.57 0.71 0.91 1.12 0.95 1.29 1.04 1.07 1.15 1.06 1.09 
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Table 3-8: Stability Results for Translation 

Translation Mean PABC RABC ABE  ENT NF1 NF2 NF3 NF3 NF4 NF5 NF6 NF7 NF8 

carpark   

5% 1.44 2.08 1.31 0.59 0.92 0.83 2.16 1.1 1.36 1.05 0.84 1.53 0.91 1.52 

7% 0.85 0.98 0.92 0.62 0.71 1.44 1.9 1.43 1.27 0.72 1.05 1.29 0.92 1.86 

11% 0.95 1.22 1.54 0.61 0.75 0.62 1.59 1.07 1.26 1.08 0.73 1.09 0.59 1.2 

hospital   

5% 0.99 1.94 0.69 0.57 0.97 0.82 1.05 0.96 1.37 1.14 1.17 0.84 1.2 0.74 

7% 0.86 1.49 0.87 0.46 0.6 0.98 1.14 0.76 0.89 1.08 0.79 0.99 1.94 0.73 

11% 0.66 1.37 1.04 0.3 0.89 0.95 0.86 1.07 0.85 0.85 1.26 0.7 1.36 0.84 

lounge   

5% 0.85 1.73 1.43 0.55 0.89 1.46 1.12 1.48 1.01 1.58 1.26 1.64 1.22 1.64 

7% 0.74 3.39 2.21 0.66 0.93 1.44 1.55 1.68 0.66 2.03 1.7 1.36 1.28 1.48 

11% 0.56 2.88 1.51 0.56 0.68 1.99 0.9 1.42 0.78 0.94 1.85 1.2 1.69 1.14 

entry   

5% 0.96 1.18 1.18 0.47 0.97 0.77 1.02 0.97 0.88 0.83 0.72 1.36 1.11 1.49 

7% 1.33 1.39 0.96 0.52 0.78 0.83 1.13 1.21 0.98 1.37 0.67 1.08 1.03 0.95 

11% 0.95 1.31 0.76 0.67 0.86 0.9 1.1 0.7 0.84 0.78 0.87 0.86 0.65 1.18 

average 1.00 1.44 1.03 0.53 0.83 0.90 1.33 1.03 1.08 0.99 0.90 1.08 1.08 1.17 
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Table 3-9: Stability Results with Rotation 

Rotation Mean PABC RABC ABE  ENT NF1 NF2 NF3 NF3 NF4 NF5 NF6 NF7 NF8 

carpark   

2° 1.49 1.12 1.15 0.48 0.84 0.91 1.28 1.46 1.01 1.12 1.25 0.76 0.55 1.49 

6° 1.74 1.04 1.53 0.63 1.01 1.13 1.17 1.1 1.04 1 0.76 1.04 0.91 1.14 

10° 2.66 1.63 1.54 0.59 0.53 1.01 1.09 0.69 1.25 0.77 1.21 0.89 1.02 1.08 

hospital   

2° 1.43 1.73 0.67 0.45 0.66 0.99 1.25 0.74 0.82 0.71 1.03 0.79 0.69 0.72 

6° 1.66 1.58 1.25 0.44 0.66 0.85 0.8 0.79 1.03 1.09 1.02 0.95 0.95 1.06 

10° 0.9 2.63 0.85 0.34 0.57 0.73 0.98 0.88 1.1 0.72 0.88 0.77 0.63 0.79 

lounge    

2° 1.31 1.64 1.1 0.64 0.91 0.9 1.21 0.86 1.26 1.36 1.26 1.17 1.06 0.87 

6° 1.14 1.28 1.08 0.65 1.09 0.78 1.43 0.78 1.01 1.14 1.32 1.11 1.03 1.51 

10° 1.47 1.31 1.14 0.71 0.76 0.94 0.9 0.95 0.85 0.9 0.74 0.93 0.86 0.75 

arch   

2° 1.08 1.52 0.76 0.49 1.07 0.93 1.08 0.58 1.29 0.8 1.13 0.65 1.09 0.79 

6° 1.31 1.09 1.02 0.63 0.93 1.15 1.05 0.89 1.46 0.94 1.71 0.88 2.05 1.2 

10° 1.04 1.22 0.83 0.5 0.94 1.32 1.37 1.01 0.88 0.73 0.79 0.9 0.75 1.02 

average 1.48 1.51 1.07 0.51 0.80 1.00 1.12 0.90 1.10 0.88 1.09 0.85 0.96 1.03 

 

3.3 Conclusion 

 

In this chapter, a radius-based Fourier Descriptor which is robust to noise and camera 

transformation is developed. The flow of this development includes that using integration-based 

DTW to warps image histograms first.  Then proposed variance-based multi-level histogram 

thresholding is applied on frames to acquire segmentations. Experiments demonstrate the 

feasibility of the proposed thresholding algorithm achieves high correlation between frames and 

segmentation consistency in presence of noise and camera transformation. Finally, a set of high 

stability, but low computation cost feature descriptors are identified. The usage of those feature 

descriptors in matching is discussed in the next chapter. 
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Chapter 4 Feature Matching 

 

Given two sets of extracted feature descriptors, establishing reliable matches is next required. The 

matching problem in global motion estimation is ill-posed and is typically regularised by imposing 

two types of constraints: (i) a descriptor similarity constraint, which requires that a feature vector 

from the first set can only match similar ones in the second set, and (ii) geometric constraint, 

which requires that the matches must satisfy an underlying geometrical transformation. The 

difficulty of the matching problem is typically made harder by the presence of unmatched feature 

vectors in the two sets (due to inconsistent segmentation or failures of the feature detectors).  Even 

after regularisation, there remain an exponential number of possible matches between the two sets. 

Therefore, efficient algorithms are required to obtain the best solution by removing the false 

matches.  

 

The aim of this chapter is to reduce time complexity of feature matching. As illustrated in Figure 

4-1, the feature matching process is divided into five different sub-processes. At first, a set of 

putative correspondences between FD-based feature descriptors, 𝑀  are created by using a 

variance-cut KD-tree algorithm at low time complexity. Next, a set of constraints based on the 

properties of regional feature descriptors and camera shooting are applied to pre-filter out large 

number of incorrect outliers in the initial putative correspondence set. Then given that 

correspondences with high similarity are more likely to be inliers than correspondences with low 

similarity, the improved RANSAC identifies the largest inlier support, 𝑀′′, from the pre-filtered 

data matches 𝑀′ . Consequently, the time complexity of matching algorithm can be further 

reduced. The camera motion parameters P can be estimated from the support subsequently. At 

last, the compensated frame 𝐹^(𝑖) is created by applying inverse transformation matrix of P on 

an input frame, 𝐹(𝑖). 
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Figure 4-1 Block Diagram for Steps in Feature Matching. 

 

 

4.1 Initial Tree-based Matching of Regional Descriptors 

 

Given two sets of extracted features descriptors, preliminary matches are initially established. A 

variance-cut KD tree-based matching method is proposed to match feature vectors in the similarity 

space. The proposed KD-tree is an improved variant of Median-cut KD tree [318]. Median-cut 

KD tree repeatedly subdivides a space into smaller and smaller rectangular spaces based on the 

median value of its dimension. It does not behave optimally when a space contains two unequal 

feature vector groups as it tends to cut through the cluster with more feature vectors, so the feature 

vectors after the split are not located at the right places [319]. In contrast, the proposed method in 

a space attempts to minimise the total variance of sub-spaces so that the similar feature vectors 

are grouped as much as possible.  

 

4.1.1 Construction of the Variance-cut KD Tree:  

 

Given a set of N feature descriptors, X = {x0, x1, … , xn−1} in k dimensional feature space Ek and 

each xi is a k-dimensional vector, the entire data set in n by k matrix format is:  
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 ⌈

x0,0
x1,0

x0,1
x1,0

…
…

x0,k−1
x1,k−1

…
xn−1,0

…
xn−1,j

…
…

…
xn−1,k−1

⌉  

4-1 

 

A k-d tree is a hierarchal space-partitioning data structure for organizing a multi-dimensional data 

set. It partitions the data set recursively along the dimension of maximum spread. At each iteration 

the variance of each dimension is computed, and the space is split into two sub spaces on the 

dimension exhibiting the maximum variance. In the simplest k-d tree implementation, a k-d tree 

node contains four elements, a pointer is either null or points to a space E, two pointers which are either 

null or point to another node in the k-d tree, the splitting dimension and the splitting value. 

 

It is desirable for a k-d tree to be reasonably balanced and for the shapes of the hyper-spaces 

corresponding to leaf nodes to be equally proportioned because a badly unbalanced tree would 

perhaps have accessing behaviour 𝑂(𝑁) instead of 𝑂(𝑙𝑜𝑔𝑁). Constructing a balanced KD-tree 

depends on two factors: decision on which dimension to split and selecting the pivot point to split. 

 

 

4.1.1.1 Decision on Which Dimension to Split 

 

In the proposed method, which dimension to be split depends on how well feature descriptors are 

spread at that dimension. The purpose is to minimise the total spread of sub-spaces, denoted by 

Varmax  so that the similar feature vectors are grouped as much as possible. Several statistics 

which characterise the amount of spread and have been used in the experiment are listed below. 
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Range:  The range of a k-dimensional feature vector space is very sensitive to outliers and is 

defined as the largest difference between maximum minus the minimum across all dimensions. 

 Varmax = Arg Max (Max(xj,i) − Min(xj,i)), i ∈ [0, k − 1], j ∈ [0, n − 1] 
4-2 

 

Median Absolute Deviation (MAD): The median absolute deviation of a k-dimensional feature 

vector space is more resilient to outliers in a data set than the standard deviation and is defined as 

following: 

 Varmax = Arg Max(|xj,i −Median(xj,i)|), i ∈ [0, k − 1], j ∈ [0, n − 1]  4-3 

 

Inter-quartile Range (IQR): The inter-quartile range of a k-dimensional feature vector space is 

the largest difference between the third quartile and first quartile across k dimensions: 

 Varmax = Arg Max(Q3(xj,i) − Q1(xj,i)), i ∈ [0, k − 1], j ∈ [0, n − 1]  4-4 

 

Variance: The variance of a k-dimensional feature vector space is the largest variance across k 

dimensions: 

Varmax = Arg Max ((xj,i − μ(xj,i))
2
) , μ(xj,i) =

∑ xj,i
n−1
j=0

n
 , i ∈ [0, k − 1], j ∈ [0, n − 1] 

4-5 

 

 

4.1.1.2 Pivot Point Selection 

 

Once the split dimension is determined, the next step in building a k-d tree is to find a pivot point. 

Three pivoting strategies are investigated here: 
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Mean-Cut:  Mean-cut uses the mean as the pivot. It tends to perform reasonably well for normal 

distributions but poorer for skewed distributions and is very sensitive to outliers. 

 

Median-Cut:  Median-cut uses the median as the pivot, which is less sensitive to outliers. Like 

median-cut, it tends to perform reasonably well for normal distributions but poorer for badly 

skewed distributions. 

 

Variance-Cut:  a variance-cut method in a space attempts to minimise the total variance of sub-

spaces so that the similar feature vectors are grouped as much as possible. Similar to the optimal 

threshold selection a cut is made at the position, t, where between-space variance is maximised. 

 

 t = Arg Max{σb
2(t)},  ti−1 + 1 ≤ t < ti 4-6 

It steps through all possible partitions, t = 0,1, … ,m − 1, and finds the partition where the 

between-space partition, σb
2(t), is maximised. 

 

The complete construction of variance-cut KD tree can be described as following: 

 

1 Start adding space 𝐸0 which includes all the feature vectors 𝐸0 = {𝑥0, 𝑥1, … , 𝑥𝑛−1} to an empty list 
D, create node, n0, and insert node n0 to k-d tree as root node. 

2 Search each space 𝐸𝑖 in list D and find the space 𝐸𝑚𝑎𝑥, that has the greatest spread, 𝑉𝑎𝑟𝑚𝑎𝑥 at lth 

dimension. 

3 Exhaustively search for an optimal partition, t, in space 𝐸𝑚𝑎𝑥 at lth dimension as following: 
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a. Sort all feature vectors 𝑋 in space E in ascending order of value at lth dimension 

b. An internal node is created to store dimension index, l, and cut point value cut(𝑡).  

4 Split space 𝐸0  into two subspaces Eu and Ev, by comparing each feature vector element at lth 

dimension with cut point value cut(𝑡), 𝐸𝑢 = {𝑥𝑖|𝑥𝑖,𝑙 ≤ 𝑐𝑢𝑡(𝑡)}, 𝐸𝑣 = {𝑥𝑖|𝑥𝑖,𝑙 > 𝑐𝑢𝑡(𝑡)} 

a. Create a node n1 including 𝐸𝑢, insert n1 to left branch of k-d tree. 

b. Create a node n2 including 𝐸𝑣, insert n2 to right branch of k-d tree 

c. Calculate low bounds and upper bounds of each subspace.  

5 Remove 𝐸0 from the list D and add two split spaces 𝐸𝑢 and 𝐸𝑣 to the list D. increment number of 
spaces m by one. 

6 If any of the following criteria is satisfied, stop iteration. 

 Varmax < 𝑇min _var ∨ sizeOf(x
′) < Tmin _sz 4-7 

where 𝑠𝑖𝑧𝑒𝑂𝑓(𝑥′) is the number of feature vectors in current space and 𝑇min _𝑠𝑧 is the minimum 

required number of feature vectors in any space. 

7 Else, go back to step 2. 

 

This creates a balanced tree with depth d = |log2N| at complexity O(kNlogN). 

 

 

 

4.1.2 Improved Search Algorithms:  

 

Search methods, such as Nearest Neighbor Search (NNS) in KD-tree [320] move down a KD tree 

recursively and the search direction at each level depends on whether the feature vector is less 

than or greater than the cut point stored at current node in the split dimension. Given a query 

feature vector, a descent down a KD tree requires log2N comparisons and leads to its nearest 

match. It then backtracks the near nodes in the order of their distances to the query feature vector. 

The search terminates when there are no more nodes within the distance defined by the best match 

found so far or if the m nearest neighbors have been found. 
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The performance of a tree-based search algorithm relies on two things. The first is how the tree 

subdivides the space. Improved variance-cut partitioning leads to searching fewer nodes to find 

good matches. The second is how to make branching decisions. Three representative search 

algorithms are discussed here.   

 

Minimum and Maximum Search (MMS): Wald, Ingo, et al. [321] proposed to store the 

minimum and maximum of a data set in a space c, at the splitting dimension, l, for each k-d tree 

node. Given some space of a data set and its minimal and maximal scalar values, 𝑚𝑖𝑛𝑥𝑐,𝑙, 𝑚𝑎𝑥𝑐,𝑙,  

a k-dimensional query data, X, only exists inside that space if 𝑚𝑖𝑛𝑐,𝑙 < 𝑥(𝑙) < 𝑚𝑎𝑥𝑐,𝑙.  Since 

𝑚𝑖𝑛𝑐,𝑙, and 𝑚𝑎𝑥𝑐,𝑙 are known for each visited inner node, a node will only be further traversed if 

the query data X falls into that range. One of the disadvantages of Wald, Ingo's method is that 

minimal and maximal values are highly sensitive to outliers. It is therefore a very non-robust 

statistic since a single observation can change the query result arbitrarily.  

 

Box-plot Search (BPS): Instead of using minimal and maximal values, a more robust and non-

parametric statistical method, box-plot [322] is applied to handle outliers. A box plot is a graphical 

representation of dispersion of the data. A lower quartile, Q1, is the 25th percentile, and the upper 

quartile, Q3, is the 75th percentile. The upper and lower fences usually are set at a fixed distance 

from the inter-quartile range (Q3 – Q1). Figure 4-2 shows the upper and lower fences to be set at 

1.5 times the inter-quartile range. Any observation outside these fences is considered as a potential 

outlier. A box plot is more robust to skewed data because it depends on the median and not the 

mean of the data. 
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Figure 4-2 Dispersion of a Box Plot 

 

Multi-Dimensional Probability Search (MDPS): Comparing a k-dimensional feature vector 

with a single key value at a single dimension may lead to the incorrect branch due to noise. K-

comparisons at non-leaf node can improve the probability of success with the following criteria:  

 (∑ p(qi)
k−1
i=0 ) > Threshp p(qi) = {

1/k if li ≤ qi ≤ ui 
0 else

 
4-8 

where p(xi) is the assigned probability if query vector, qi is within the lower range, li, and upper 

range, ui , of a child node at 𝑖𝑡ℎ dimension. Threshp, the minimum probability of branching to 

the child node, is 0.5 in the experiment.  

 

The search in variance-cut KD tree for a query feature vector, qi, can be described as following: 

1 (Initialisation) Let 𝑛0 be the current node, n, to be inspected. 

2 Let 𝑛𝑙 be the left child node of n and let 𝑛𝑟 be the right child node of n; 

3 If n is a leaf node, then add all feature vectors in current space to a list D. 

4 Otherwise 

a. If the probability of the query feature vector falls into left branch meets the criteria 
defined in equation 4.9, then go the left branch. 

b. If the probability of the query feature vector falls into right branch meets the criteria 
defined in equation 4.9, then go the right branch. 

c. Else return. 
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5 Sort all the feature vectors in list D in ascending order of their weighted Euclidean distance to 
the query feature vector. 

 

4.1.3 Tree-Based Matching Parameters Selection 

 

Given all the possible parameters of the proposed KD-tree algorithm listed in table 4-1, the task 

here is to optimise those parameters so the recall rate can be maximised.  A parameter optimisation 

process based on the experiment results is demonstrated step-by-step in this section. 

Recall rate defined in Equation 2-24 in this context is defined as the number of detected true 

matches divided by the total number of ground-truth matches.  

Table 4-1: Tree-Based Matching Parameters 

PIVOT POINT SELECTION DIMENSION SELECTION SEARCH 

Mean-Cut IQR BPS 

Median-Cut RANGE MMS 

Variance-Cut VAR MDPS 

  MAD   

 

Since the recall rate is determined by three factors, pivot point selection, dimension selection and 

search algorithm, the first step of the optimization process is to find out which factor contributes 

most to the recall rate. The combination of three pivot point selection algorithms, four dimension-

selection algorithms and three search algorithms are evaluated using twelve image pairs extracted 

from image sequences in Figure 4.1. Table 4-2 to 4.4 summarise the average recall rate for 

algorithms for each factor.  It is found that search factor contributes most in the performance of 

recovering relevant matches since it presents the largest spread among three tables. Therefore, the 

first step is to find which search algorithm performs the best in terms of the recall. Among three 
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search algorithms listed in table 4-4, the MDPS search algorithm achieves the highest recall rate 

at 96.35%. 

Table 4-2: Average Recall Results Using Different Pivot Point Selection Algorithms  

PIVOT POINT SELECTION Avg Recall 

Mean-cut 61.79% 

Median-cut 62.93% 

Variance-cut 64.11% 

min 61.79% 

max 64.11% 

spread 2.33% 

 

Table 4-3: Average Recall Results Using Different Dimension Selection Algorithms 

Dimension Selection  Avg Recall 

IQR 66.96% 

RANGE 58.17% 

VAR 61.92% 

MAD 64.71% 

min 58.17% 

max 66.96% 

spread 8.79% 
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Table 4-4: Average Recall Results Using Different Search Algorithms  

Search Avg Recall 

BPS 65.98% 

MMS 26.50% 

MDPS 96.35% 

min 26.50% 

max 96.35% 

spread 69.85% 

 

Once the best algorithm in the most significant factor is found, the same process is repeated on 

the second most significant factor. Table 4-5 to 4.6 summarise the average recall rate for different 

pivot selection and dimension selection algorithms using MDPS.  In comparison to pivot selection, 

dimension selection factor is identified as the second most significant factor as it has marginally 

higher recall spread. Among four dimension-selection algorithms, IQR stands out to be the best 

performer, achieving the recall rate at 96.93% as shown in table 4.6. 

Table 4-5: Average Recall Results Using Different Pivot Point Selection Algorithm and MDPS  

PIVOT SELECTION Avg Recall 

Mean-cut 96.18% 

Median-cut 95.65% 

Variance-cut 97.20% 

min 95.65% 

max 97.20% 

spread 1.55% 
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Table 4-6: Average Recall Results Using Different Dimension Selection Algorithms and MDPS  

Dimension Selection  Avg Recall 

IQR 96.93% 

RANGE 95.34% 

VAR 96.90% 

MAD 96.21% 

min 95.34% 

max 96.93% 

spread 1.60% 

 

Once the best search algorithm and the best dimension selection algorithm are identified, the last 

step is to find out which pivot point selection algorithm performs best. Table 4-7 summarises the 

average recall rate for different pivot point selection algorithms using MDPS search algorithm and 

IQR dimension selection algorithm. Variance-cut performs better than other two pivot point 

selection algorithms, achieving the recall rate at 98.20%. 

 

Table 4-7: Average Recall Results Using Different Pivot Point Selection and MDPS and IQR 

PIVOT SELECTION Avg Recall 

Mean-cut 97.57% 

Median-cut 95.03% 

Variance-cut 98.20% 
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Overall, the combination of IQR, Variance-cut and MDPS presents the best performance in terms 

of recall rate. 

 

The output of this KD tree matching with optimised parameters is a list of one-to-many matches, 

T= {(b0, A0)… , (bi, Ai), … (bm−1, Am−1)}, where each (bi, Ai) represents a single feature vector, 

bi, from the second segmented frame and its candidate matches, Ai from first segmented frame.   

 

4.1.4 Pre-filtering Outliers 

 

To further reduce the number of false matches in global motion estimation, constraints may be 

applied to the camera transformation. Due to the high frame rates in videos, it is unlikely to have 

large translation and scaling between frames within the 0.04 second interval. The motion would 

have to be extremely fast resulting in motion blur if otherwise.  Another set of constraints are 

based on the regional feature descriptors discussed in 3.2, which are invariant to camera 

transformations. In the experiment, the difference between average intensity (Mean), radius-based 

compactness (RABC), average bending energy (ABE) and entropy (ENT) from two regions are 

selected to filter out false matches. 

 

Taking these factors into consideration, the filtered candidate matches, Ai
′ , for each bi  in one-

many-matches (bi, Ai) can be defined as:  
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Ai
′ =

{
 
 
 
 

 
 
 
 

ai ∈ Ai

|

|

|

Difftx(ai, bi) < Ttx ∧ 

Diffty(ai, bi) < Tty ∧

DiffA(ai, bi) < TA ∧

DiffI(ai, bi) < Ti ∧

Diffc(ai, bi) < Tc ∧

Diffb(ai, bi) < Tb ∧

Diffe(ai, bi) < T𝑒 }
 
 
 
 

 
 
 
 

, 

4-9 

where Difftx(ai, bi), and Diffty(ai, bi) are the translation difference between two gravity centroids 

in both X and Y directions,  DiffA(ai, bi) is the difference in region size, DiffI(ai, bi) is the 

intensity difference, Diffc(ai, bi) is the difference in radius based compactness, Diffb(ai, bi) is the 

difference in bending energy and Diffe(ai, bi) is the difference in entropy between any match 

(ai, bi). 

 

 

4.1.4.1 Results of Pre-filtering 

 

To measure the effectiveness of each regional descriptor filter, image sequences hall, lounge, 

ladies, and stairs in Figure 4.1 are used in experiments. Each type has been further tested 1.4 

zooming ratio, 12- degree rotation angle, and 11% of the frame width translation respectively.  

Table 4.8 lists a number of false matches in percentage removed by each regional descriptor-based 

filter. It shows that each regional filter can remove at least 90% of false matches. Among four of 

them, mean-based filter has the best performance, where 94.64% of false matches on average can 

be detected.  
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Table 4-8: Percentage of False Matches Removed by each Regional Descriptor Based Filter 

Image Pair Mean ABE ENT RABC 

Rotation Angle 12°          

carpark004 - carpark019 94.98% 89.58% 90.04% 90.59% 

hos004 - hos019 92.93% 90.08% 91.15% 90.21% 

lounge004 - lounge019 94.46% 87.86% 88.64% 88.67% 

arch004 - arch019 94.39% 90.93% 91.52% 91.86% 

Scaling Ratio 1.4         

carparkS1_8Bit - carparkS5_8Bit 96.29% 92.17% 91.90% 92.52% 

hosS1_8Bit - hosS5_8Bit 93.98% 91.02% 90.07% 90.84% 

loungeS1_8Bit - loungeS5_8Bit 94.93% 91.15% 91.04% 91.33% 

archS1_8Bit - archS5_8Bit 95.40% 93.15% 93.90% 93.07% 

Translation 11% of Frame Width         

carpark009 - carpark049 95.02% 90.48% 90.38% 90.74% 

hos009 - hos049 94.38% 90.63% 91.59% 91.67% 

lounge009 - lounge049 93.87% 91.80% 92.89% 90.93% 

arch009 - arch049 95.03% 92.03% 93.42% 92.48% 

Average False Matches Removed % 94.64% 90.91% 91.38% 91.24% 

 

 

The output of this step is an updated list of one-to-many matches, T′ =

{(b0, A0
′ )… , (bi, Ai

′),… (bm−1, Am−1
′ )}, where each (bi, Ai

′)  represents a single feature vector,  bi, 

from the second segmented frame and its filtered candidate matches, Ai
′  from first segmented 

frames. 
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4.2 Establishing Matching Using RANSAC 

 

This putative correspondence set resulting from KD-tree based matching typically includes most 

of the true matches, the inliers, but also many false matches, or outliers, due to ambiguities in the 

similarity constraints (particularly if the images contain repetitive patterns). Therefore, it would 

be useful to have a way to remove the outliers and estimate the inliers and the geometric 

parameters. Robust statistical methods are usually used to refine global feature matching results. 

Among these methods, RANSAC [323] is the most popular one. RANSAC is a non-deterministic 

algorithm for the estimation of a mathematical model from observed data that contains outliers.  

 

A disadvantage of RANSAC is that its performance degrades badly if the proportion of outliers 

in the putative correspondence set becomes large. The number of iterations increases very fast in 

proportion to the size of the input feature sets, the outlier ratio and the model complexity, which 

is impractical for many real time applications. Reducing the number of features to be matched and 

removing as many obvious outliers before RANSAC is applied is necessary to reduce computation 

time. Many well-known probability-dependent RASAC methods, that try to reduce processing 

time, such as MLESAC, PROSAC, or Guided Sampling for MLESAC [324], perform poorly 

when the percent of inliers falls much below 50%. Exhaustive RANSAC algorithm tends to 

perform better but suffers from high number of iterations. A computationally efficient algorithm 

is presented next to solve this problem. 

 

4.2.1 Using Matching Similarity to Improve RANSAC 

 

To further reduce the number of iterations, a similarity function is evaluated over a number of 

correspondences, and subsequently thresholded to obtain a set of tentative correspondences. The 
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assumption behind that is correspondences with high similarity are more likely to be inliers than 

correspondences with low similarity. Therefore, it may be possible to generate better hypotheses 

by sampling from a reduced set of correspondences with high similarity scores. 

 

Consider a sequence of samples of 2, drawn by exhaustive RANSAC from the set of all N 

correspondences, the number of iterations in exhaustive Ransac is (
N
2
). Let  Un denote a subset of 

samples containing n points with the highest quality and if the samples are only selected from, Un 

then the number of iterations can be reduced to  (
n
2
), saving  1 − (

n
2
) / (

N
2
) computation. The 

selection of n is estimated by the experiment observations. After selection, a list of 

correspondences from 1-M matches is built up first. Then the correspondences are sorted based 

on the chosen similarity function.   

 

Given two k-dimensional vectors, denoted by 𝑥 = {x0, x1… , xi, . . xk−1}  and 𝑞 =

{q0, q1… , qi, . . qk−1} , the distance between any two vectors is measured by the weighted 

Euclidean distance. In the equation 4-10, the weight attached to each dimension in distance metric 

should be treated differently since the lower FD terms determine the global shape and higher FD 

terms account for fine detail.  

dx,q = (∑wi(xi − qi)
2

k−1

i=0

)

1/2

, 

4-10 

where both x and q are k-dimensional vector, wi is the value of the weight attached to the ith 

measure. wi can be derived in the following:  

wi = (
1 − rk

1 − r
) ri,  

4-11 
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where 0 < 𝑤i < 1,  ∑ wi
k−1
i=0 = 1 wi = wi−1r, r is the diminishing rate between weight wi and 

wi−1. 

 

As shown in Figure 4.3, at least 50% of inliers can be found at the top 30% of the sorted N 

correspondences. 

 

 

Figure 4-3 Percent of Inliers 

 

In the experiments, the number of iterations required can be reduced by 66% compared with the 

exhaustive RANSAC sampling, with better performance than other sampling algorithms that are 

based on estimated prior probabilities.  

 

The resulting list of matches between the centroids of each region in two frames permits the final 

camera transformation using equation 3-29. 
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4.3 Experiment Results of Registration 

 

4.3.1 Experiment Setup 

 

Given the two criteria identified for the registration algorithm inter-comparison defined in section 

2.1: invariant to the assumed image degradations, such as image distortions, illumination changes, 

and computational requirements, the experiment setup is described as following. 

Various image sequences in Figure 4.4 are used in different experiments. Each one has been 

further tested by varying amount of scaling, rotation, and translation camera transformations. To 

test transformation robustness over a range of images, the performance of the matching is 

evaluated over fixed transformation intervals. The first frame is used as a reference frame and the 

matching performance between the chosen reference frame and successive frames is evaluated. 

The registration algorithm is implemented in Java with the Apache Commons Mathematics 

Library [325]. 

 

The implementation of the proposed registration algorithm is summarised as follows: 

1. Initial matching of regional descriptors with proposed variance-cut KD Tree.  

2. Pre-filtering outliers with camera transformation constraints and region descriptors.  

3. Establishing Matching using improved RANSAC.  

4. Calculating the final camera transformation using matches. 

 

(a) car-park (b) entry  (c) lounge  (d) court 
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(e) hospital (f) hall  (g) ladies  (h) stairs 

Figure 4-4 Testing Image Sequences for Registration 

 

4.3.2 Evaluation of Matching Performance 

 

Testing images for rotation tests were selected given 4-degree intervals. The maximum rotation 

between the first frame and the last frame in test sequence is 12 degrees which is reasonable in 

video sequence. Figure 4-5 shows an image registration pair, resampled image, and mosaiced 

image for "court" sequence under rotation.  

 

   

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

 (a-b) original "court” pair under rotation, (c) resampled image given image pair (a) and (b), (d) mosaiced 

images given (a) and resampled image (c) 

Figure 4-5 Registration Results for "court" Sequence under Rotation 

 

The horizontal translation in tests was measured as the percentage of amount of translation over 

the image width. Images in translation tests were selected every 4% image width interval. The 

amount of horizontal translation in selected images is increased by 4% of the image width each 
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time until the maximum translation range, 15%, is reached. Figure 4.6 shows an image registration 

pair, resampled image, and mosaiced image for "carpark" sequence under translation. 

 

 

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

 (a-b) original "carpark” pair under translation, (c) resampled image given image pair (a) and (b), (d) 

mosaiced images given (a) and resampled image (c) 

Figure 4-6 Registration Results for "carpark" Sequence under Translation 

 

Incrementing the scaling ratio by 0.1 each time, test images are selected with the scaling ratio up 

to 1.4 that covers the range of expected scaling ratios in typical image sequences.  The resampled 

images for "entry" sequence under scaling are shown in Figure 4.7(e-g). The resampled image 

was then mosaiced with the reference image, as shown in Figure 4.7 (h-j). 
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(a)   (b)   (c)   (d) 

 

(e)   (f)    (g)    (h) 

 

(i)  (j) 

 (a-d) original "entry” sequence (e-g) resampled image given (a) and successive images (h-j) mosaiced 

images given (a) and resampled images 

Figure 4-7 Registration Results for "entry" Sequence under Scaling 

 

To obtain ground-truth data, the gravity centre points of each region from two segmented images 

are extracted first. Then the exhaustive RANSAC method is used to simulate the ground truth 

matches between region centroids as described in section 3.1.4.1. Given ground-truth pairs, the 

recall rate calculated for each pair is shown in Table 4.9. It shows that proposed method was able 

to recover at least 86% of ground truth pairs in scaling case, 80% of ground truth pairs in 

translation case, and 88% of ground truth pairs in scaling case. 
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Table 4-9: Number of Matches between Image Pairs 

image seqs entry carpark vendor court hospital  lounge 

Scaling  Recall 

1.1 96 93 93 95 98  94 

1.2 94 95 95 98 93  96 

1.3 100 100 91 91 90  100 

1.4 100 100 100 86 89  91 

Translation   Recall 

3% 97 95 88 93 89  95 

7% 100 89 80 91 92  88 

11% 94 96 90 95 81  86 

15% 100 94 86 89 86  80 

Rotation  Recall 

2° 100 96 96 95 95  96 

6° 95 92 98 94 94  96 

10° 95 88 98 93 93  94 

14° 92 96 94 93 94  96 

16° 88 89 93 96 96  98 

 

The registration accuracy was estimated averaging all the pixels differences of gravity centre 

points between first image and each of its transformed successive images. As shown in Table 4-
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10, the average registration error measured in city-block distance for “entry” sequence in Figure 

4.3 is below 0.6 pixel in both X and Y directions.   

 

Table 4-10: Average City-Block Error at Control Points (In Pixels) 

 Image Pair: (a)-(b) (a)-(c) (a)-(d) 

Registration Error in X direction 0.368 0.458 0.558 

Registration Error in Y direction 0.265 0.278 0.349 

 

4.3.3 Computation Time Test on Matching 

 

Given the hardware configuration available for the experiment is a PC with Intel(R) Core(TM)i7 

CPU Q 720@1.6GHz and 8G Memory, matching using the proposed FD-based method runs much 

faster than SIFT on. Table 4-11 shows that the running time for the proposed method is 5 times 

faster than SIFT matching. 

 

Table 4-11: Matching Complexity Comparison 

Video Sequence Average Computation Time (ms) 

 Proposed Method SIFT 

Car-park 195 2140 

Entry 244 1932 

Lounge 170 360 

Court 340 851 

Hospital 219 1773 
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4.4 Conclusion 

 

To reduce time complexity of feature matching for global motion estimation in video sequences, 

an original two stage feature-based matching algorithm is presented in this chapter. In the first 

stage, a set of putative correspondences between FD-based feature descriptors are created by using 

a variance-cut KD-tree algorithm and MDPS search algorithm. In addition, a sequential filtering 

based on geometric and statistical feature descriptors is applied to remove large number of 

incorrect outliers in the initial putative correspondence set.  In the second stage, sampling from a 

reduced set of correspondences with high similarity scores speeds up the convergence of 

RANSAC algorithm. Experiments with different image sequences are used to demonstrate the 

performance of the proposed matching algorithm at different stages. After global motion 

compensation, the details of segmenting moving video objects out will be discussed in the next 

two chapters. 
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Chapter 5 Salient Motion Detection with Non-Stationary Camera 

 

5.1 Introduction  

 

A motion detection algorithm needs to satisfy the two qualities: simplicity and robustness. 

Simplicity implies that the algorithm is easy to implement and requires a minimum number of 

parameters. Robustness implies the ability of the algorithm to detect objects under different 

conditions which include: severe occlusions, lighting changes, object orientation changing, 

background clutter, a moving camera, non-uniform motion of surveillance targets, e.g. slow 

moving or stopped, abrupt acceleration.  

The aim of this chapter is to detect salient motion for image sequences with mixed rapid, moderate, 

and slow motion content. No single motion detection algorithm works for image sequences with 

mixed rapid, moderate, and slow motion content. As illustrated in Figure 5-1, the objective here 

is to form a workflow of salient motion detection by combining existing methods. After camera 

motion compensation, two motion detection-based methods are proposed to accurately segment 

moving objects out. At first, a simple local adaptive temporal differencing method is proposed to 

detect moving objects boundaries and partial interiors. At second, an adaptive Kalman filter is 

applied to distinguish salient motion blocks from other distracting motions.  

 



 

149 

 

  

Figure 5-1 Block Diagram for Steps in Salient Motion Detection 

 

 

As shown in Figure 5.2, temporal differencing starts with frame subtraction between the inverse 

transformed current frame, 𝐹^(𝑖)  and its previous frame, 𝐹(𝑖 − 1).  Next, a simple local adaptive 

thresholding method is applied to remove camera noise. The observation under the null hypothesis 

is modeled as a Gaussian random variable with zero mean and variance. The unknown parameters 

are approximated using a simple robust statistics method. Then a bi-level difference magnitude 

thresholding is applied to incorporate spatial context into the thresholding decision, and 

effectively enables small isolated regions to be eliminated without fragmenting larger regions.  
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Figure 5-2 Block Diagram for Steps in Temporal Differencing 

 

To improve the detection of the motion, a two-step block-based KF motion tracking solution is 

provided in Figure 5-3. A Bottom-up Variable Block Size (BVBS)-based block matching method 

is employed to identify the existence of possible moving object blocks first. Then an adaptive 

Kalman filters is proposed to track motion trajectory of a target so that one can verify the 

correctness and refine the object location estimates, and even re-initialise tracking in the case 

where the target is lost. 
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Figure 5-3 Block Diagram for Steps in KF-based Motion Detection 

 

In the following section, a simple local adaptive temporal differencing method is introduced in 

section 5.2. The steps of block-based KF motion tracking are discussed in section 5.3.1 and 5.3.2 

respectively. The detailed implementation of moving region recovery process is discussed in 

chapter 6. 
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5.2 Temporal Differencing 

 

A difference image, 𝑑(𝑥), is usually binarised by thresholding it at some pre-determined value to 

obtain a change/no-change classification. That is, the change mask 𝐵(𝑥) is generated according 

to the following decision rule:  

𝐵(𝑥) = {
1  𝑖𝑓|𝑑(𝑥)| > t
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
5-1 

 

However, the threshold value, t, is critical, since too low a value will swamp the difference image 

with spurious changes, while too high a value will suppress significant changes.  Therefore, a 

simple local adaptive thresholding method is proposed next. 

 

5.2.1 Local Adaptive Thresholding  

 

In this section, Rosin’s method [247] is used to approximate the camera noise distribution 

N(μ, σ2)  first. It starts by computing the grey level difference image d(p)  between the two 

consecutive frames. The index p denotes the pixel locations on the difference image grid. If less 

than half the gray level difference image, d(p) is in motion, the camera noise can be modelled by 

a normal distribution N(μ, σ2). The population mean μ and standard deviation σ can be estimated 

using a simple robust statistics method, median of all absolute deviations from the median, which 

does not require any distribution assumptions and its breakdown value is 50%. 

MAD =  median(|d(𝑝) − 𝑚𝑒𝑑𝑖𝑎𝑛(𝑑(𝑝))|), 5-2 

�̂� = 𝑚𝑒𝑑𝑖𝑎𝑛(d(𝑝))|), and �̂� = 1.4826 ×  MAD 5-3 

where 1.4826 is a normalisation factor wrt. a normal distribution as defined in [247]. 
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Then the normalised squared difference, nw(p) is used to decide whether pixel at location p is 

changed or not inside a small decision window W . At first, each pixel in a window, W  is 

normalised as follows: 

 nw(p) = (|dw(p) − μ̂|/σ̂)
2 5-4 

where �̂� and �̂�2  are the estimated mean and the estimated variance of the camera noise from 

equations 5-2 and 5-3. 

 

If there is no change occurred at position p, the normalised squared difference, nw(p) is typically 

assumed to be independent and identically distributed. Thus, the local sum ts = ∑ |dk(p) −p∈W

μ̂|2/σ̂2 inside W obeys the chi-squared distribution with as many degrees of freedom as there are 

pixels inside W . Given an acceptable significance level, α , interpreted as the probability of 

rejecting H0 although it is true, and N degrees of freedom, its corresponding threshold tα can be 

computed from the χ2  distribution table. The chi-squared statistic ts is now tested with tα at each 

location p  on the difference image. The change mask, Bx∈W(p) of pixel at location p  inside 

window W  is marked as changed whenever it exceeds tα, otherwise as unchanged.  

𝐵𝑥∈𝑊(𝑝) = {
1  𝑖𝑓 𝑡𝑠 > 𝑡𝛼
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
5-5 

 

5.2.2 Thresholding with Hysteresis 

 

To incorporate spatial context into the thresholding decision and effectively enable small isolated 

(noisy) regions to be eliminated without fragmenting larger regions, a bi-level magnitude 

thresholding from Canny [62] is applied. Initially, it produces three classes of elements. All 

elements above the high threshold are retained (class H) as changing pixel, and all elements below 
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the low threshold are rejected (class L) as un-changed pixels. The remaining pixels (class M) are 

retained only if they are adjacent to class H elements or are connected to class H elements via 

other class M elements.  

M(x, y) = {
0 if  |D(x, y)| < Tl
1 if  |D(x, y)| > Th,
−1 otherwise

 

5-6 

 

where |D(x, y)| is the absolute value of pixel difference at location (x, y).  

The connectivity of pixel is determined by iteratively checking its 8-pixel neighbourhood 

connectivity in high threshold image and performing a logical AND with the low threshold image. 

Canny experimentally determined that a ratio, 𝑅, of 2:1 between upper and lower threshold values 

produced good results.  

𝑅 = √
𝑙𝑛2

ln ((1 + 2𝑃) /(1 + 𝑃))
 

5-7 

 

where P is the probability of an edge. In this context of typical edge maps, P is set to 0.23. Rosin 

[326] determined the range of the threshold ratio 𝑅=[8.39,3.86] by choosing P between [0.01, 

0.05] and applied it to the difference image. Since experiment sequences tend to only have small 

areas of motion, P is also chosen between [0.01, 0.05]. 

 

Figure 5.4 compares the thresholding results of difference images before hysteresis and after, 

given pedestrians image sequence. It can be shown that after hysteresis, most part of the pedestrian 

is detected with less mis-registered background pixels and isolated noise. 
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(a) 

(b) 

(c) 

 (a) difference frames 13, 14-16 (b) thresholding before hysteresis (c) thresholding after 

hysteresis 

Figure 5-4: Comparison of Thresholding Results with and without Hysteresis 

 

Ideally, the current frame is aligned distortion-free with the previous frame and the foreground 

can be detected pixel by pixel. In practice, due to the lack of perfect matching, the existence of 

non-corresponding objects and environment effect such as light changes, registration errors for 

real images still exist even after thresholding.  

 

5.3 Motion Detection 

 

The major problem with a single motion detection method such as temporal differencing is that 

non-uniform motion of typical surveillance targets, e.g. slow moving or stopped, abrupt 

acceleration, and uniform motion makes a single salient motion detection algorithm unsuitable for 

accurate tracking. In this section, a block-based motion tracking solution is provided to solve this 

problem. First, a Bottom-up Variable Block Size block matching method is proposed to identify 
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the existence of possible moving object blocks in initial compensated frames. Then an adaptive 

Kalman filter is proposed to track motion trajectory of the target so that one can verify the 

correctness and refine the object location estimates, and even re-initialise a tracker in the case of 

target loss. 

 

5.3.1 Bottom-up Variable Block Size Motion Detection  

 

In block matching (BM), the current compensated frame is divided into non-overlapping N𝑥𝑁  

blocks of pixels. For each reference block in the current frame, BM searches for the best matched 

block within a search window of size, (2𝑊 + 𝑁) ∗ (2𝑊 + 𝑁) in the previous frame, where 𝑊 

stands for the maximum allowed displacement. Then the motion vector that represents the 

movement of a macro block between the reference block and its best matched block in the previous 

frame is created. If the magnitude for the motion vector is greater than some threshold, then a 

foreground mask of the moving blocks is generated. Otherwise, it is classified as a block 

containing only noise pixels. BM adds the additional information of block motion, making block 

matching attractive for tracking applications. 

 

A nonnegative cost function is defined over all the positions to be searched 

𝐷𝑝(𝑑𝑥, 𝑑𝑦) =
∑ ∑ |𝑓𝑡(𝑙,𝑘)−𝑓𝑡−1(𝑙+𝑑𝑥+𝑖,𝑘+𝑑𝑦+𝑗)|

𝑝𝑁−1
𝑑𝑦=0

𝑁−1
𝑑𝑥=0

𝑁×𝑁
,𝑝 = 1 𝑜𝑟 2 𝑎𝑛𝑑 −𝑊 ≤ 𝑖, 𝑗 ≤ 𝑊 

5-8 

where 𝑓𝑡(𝑙, 𝑘) is the reference block of its upper left pixel at the coordinate in the current frame, 

and 𝑓𝑡−1(𝑙 + 𝑖, 𝑘 + 𝑗) is a candidate block of its upper left pixel at the coordinate (𝑙 + 𝑑𝑥, 𝑘 + 𝑑𝑦) 

in the previous frame. The estimation of the motion vector is taken to be the value of (𝑑𝑥, 𝑑𝑦) 

which minimises the cost function. That is, 
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𝐷𝑝∗(𝑑𝑥∗, 𝑑𝑦∗) = 𝑎𝑟𝑔 min
𝑑𝑥,𝑑𝑦

𝐷𝑝(𝑑𝑥, 𝑑𝑦)  5-9 

The block size in BM is critical for the performance of the motion estimation. High motion details 

can be detected by using small block size because pixels in a small block are more likely to share 

the same motion vector. But the resulting motion estimate is very sensitive to inter-frame noise. 

On the other hand, a large block size is less sensitive to noise, but detects less motion detail. A 

large search area can detect fast motion, but also requires much more computation time, and is 

also sensitive to noise. When the estimated motion is not the true physical motion, the best 

matching can create false trajectory.  

 

To solve those problems, BUVBM is proposed. A small-size block is chosen at the beginning to 

detect a greater number of motion blocks, first. Then the blocks size is doubled in each dimension. 

A set of blocks {Bi , i = 1,2,3,4} at smaller size which share the same parent block Sb at larger size 

are defined as follows: 

Sb = B1 ∪ B2 ∪ B3 ∪ B4,  where Bi,1≤i≤4 5-10 

where 1,2,3 and 4 correspond to the top left, top right, bottom left, bottom right children block of 

parent block Sb respectively. 

 

BM is applied on Sb only if at least one child block, Bi is detected as motion block at smaller size 

from the previous step. This BM process can be repeated as many times as desired or until the 

block size reaches the predefined maximum size. In such way, more false motion blocks can be 

discarded at larger block size while the true motion details found at smaller block size are kept.    
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To minimise the effect of noise, zero-motion biasing is incorporated into all block matching 

techniques. All searches begin with comparing the current block with the block at the same 

location in the reference frame. If zero-motion is within a threshold, the search is terminated, 

resulting in a motion vector with no motion. Otherwise one of the search methods proceeds. The 

zero-motion bias threshold measured in MAD is also dependent upon block size. As the block size 

gets larger, the error measured in MAD is also likely to get smaller because not all the pixels in 

the background block are likely to experience the false motion. Consequently, the zero-noise 

threshold needs to be smaller. In this work, the choice of zero-motion bias threshold is determined 

empirically. As shown in Figure 5.5, zero-motion biasing reduces false motion; it also reduces the 

processing time by eliminating number of erroneous searches. 

 

.  

(a) frame 11 (b) Compensated frame 12 (c) No biasing (d) Zero-motion biasing 

Figure 5-5: Comparison of Motion Detection Results with and without Zero-motion Biasing  

 

An example of reduced noise and false motion using zero-motion biasing is demonstrated in figure 

5-5. The extracted frame 11 and its compensated frame are shown in (a) and (b) respectively. The 

frame (c) contains motion blocks from BM using the full search with 16x16 block size and mean 

absolute difference matching criteria. The frame in (d) is the same BM matching method with 

zero-motion biasing, the zero-motion bias threshold is set to 5. 
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To evaluate the performance of the proposed algorithm, a pedestrian image sequence as shown in 

Figure 5-6 is tested with the proposed BUVBM and its detection result is compared with the fixed 

block size BM at 8 × 8, 16 × 16, and 32 × 32 respectively. The maximum allowed displacement for 

search window is 15, and the zero-motion bias threshold is 5. For BUVBM, the same set of 

parameters are used at different level of block size. 

 

(a) 

(b) 

(c) 

(d) 

(e) 

 (a) original frames 13, 14, 15 (b) 8x8 BM (c) 16x16 BM (d) 32x32 (e) BUVBM 

Figure 5-6: Comparison of Motion Detection Results using BUVBM and Fixed Block Sizes. 
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5.3.2 Object Block Tracking with Adaptive Kalman filter 

 

The idea for Kalman filtering in object block tracking is motivated by the fact that BM itself may 

not detect the “genuine” motion rather the position of a good match. Typical causes in false motion 

detection are: Blocks which are inside the objects do not appear as moving because all of the 

blocks around them have the same colour. BM algorithms only work well for detecting regular 

objects with linear motion and performs poorly for irregular object movements, such as rotation 

and deformation. No single motion detection algorithm works for image sequences with mixed 

rapid, moderate, and slow motion content. There are occlusions among the objects, as well as 

disappearing of objects and appearing of new ones. A small amount of error in camera motion 

transformation generates false motion for many image pixels. A simple BM between the 

compensated current frame and the previous frame contains both false-positives and false-

negatives. The noise at a certain position exists more than one or two frames due to global motion 

transformation error. To solve this problem, an adaptive Kalman filtering is proposed to add 

robustness to the moving object detection by improving the reliability of correctly detected objects 

while reducing the noise presence at the same time. 

  

5.3.2.1 Review of Kalman filter  

 

The Kalman filter provides a recursive solution to predict a process’s state and uses measurements 

to correct these predictions. To illustrate the process, the following notations will be used. 
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𝒛𝒌 measurement vector at time k. 

𝒙𝒌 state vector at time k. 

�̅�𝒌 a prior state estimate vector at time k. 

�̂�𝒌 a posteriori state estimate vector at time k. 

𝑨𝒌 state transition matrix at time k. 

𝑩𝒌 input control transition matrix at time k. 

𝒖𝒌 input control vector at time k. 

𝒘𝒌  process noise vector at time k. 

𝑯𝒌 output transition matrix at time k. 

𝒗𝒌 additive measurement noise vector at time k. 

𝑸𝒌 process noise covariance matrix at time k. 

𝑹𝒌 measurement noise covariance matrix at time k. 

�̅�𝒌 a prior error covariance estimate at time k. 

�̂�𝒌 a posteriori error covariance estimate at time k.  

𝑲𝒌 Kalman gain at time k. 

 

Kalman filter models a linear, discrete-time dynamical system as the state transition equation, 

𝒙𝒌 = 𝐴𝑘𝒙𝒌−𝟏 + 𝐵𝑘𝑢𝑘 + 𝑤𝑘 , 5-11 

where 𝒙𝒌−𝟏  is 𝑛 × 1 state vector at time k-1, 𝐴𝑘  is the 𝑛 × 𝑛  state transition matrix which is 

applied to the previous state 𝒙𝒌−𝟏, 𝐵𝑘 is the 𝑛 × 𝑙 input control transition matrix, 𝑢𝑘 is an 𝑙 × 1 
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input control vector, and 𝑤𝑘 is 𝑛 × 1 process noise vector. And the measurement, 𝒛𝒌, of the state 

𝒙𝒌 can be represented by a linear equation of the form: 

𝒛𝒌 = 𝐻𝑘𝒙𝒌 + 𝑣𝑘 5-12 

where 𝒛𝒌  is the 𝑚 × 1 measurement made at time k, 𝑯𝒌  is the 𝑚× 𝑛 output transition matrix 

which relates the state 𝒙𝒌 to the measurement 𝑧𝑘 and 𝒗𝒌 is the 𝑚 × 1 additive measurement noise 

vector. The process and measurement noise 𝑤𝑘 and 𝑣𝑘 are uncorrelated, zero-mean white-noise 

processes with known covariance matrices, 𝑄𝑘 and 𝑅𝑘 respectively: 

𝐸[𝑤𝑘𝑤𝑙
𝑇] = {

𝑄𝑘  𝑘 = 𝑙
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
5-13 

𝐸[𝑣𝑘𝑣𝑙
𝑇] = {

𝑅𝑘  𝑘 = 𝑙
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
5-14 

𝐸[𝑤𝑘𝑣𝑙
𝑇] = 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑘, 𝑙 5-15 

 

The Kalman filter consists of two consecutive stages: time update and measurement update. At 

the time update stage, the filter projects forward (in time) the previous estimate state �̂�𝒌−𝟏 and 

previous error covariance estimate, �̂�𝑘−1  to obtain a prior state estimate, �̅�𝑘  and a prior error 

covariance estimate �̅�𝑘 for the current time step. The specific equations for the time updates are 

presented below: 

�̅�𝑘 = 𝐴𝑘�̂�𝒌−𝟏 + 𝐵𝑘𝑢𝑘 5-16 

�̅�𝑘 = 𝐴𝑘�̂�𝑘−1𝐴𝑘
𝑇 + 𝑄𝑘 , 5-17 

where 𝑄𝑘  is the process noise covariance matrix. The determination of the process noise 

covariance is generally more difficult as the direct observation of the estimating process is not 

always feasible. There are a number of methods [327] [328] [329] have been proposed to estimate 
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the process noise covariance. But those methods still require tuning the values of the process and 

measurement noise co-variances, and initialise those values correctly such that the filter 

performance is optimised.  

 

After predicting the state �̅�𝑘 and its error covariance �̅�𝑘 at time k during the time update step, the 

first task during the measurement update is to compute the Kalman gain 𝐾𝑘. Then the next task is 

to compute a posteriori state estimate �̂�𝒌 as a linear combination of an a priori estimate �̅�𝑘 and a 

weighted difference between an actual measurement 𝒛𝒌 and a measurement prediction 𝐻𝑘�̅�𝑘. The 

final step is to obtain a posteriori error covariance estimate �̂�𝑘. The specific equations for the 

measurement update are presented below: 

𝐾𝑘 = 
�̅�𝑘𝐻𝑘

𝑇

(𝐻𝑘�̅�𝑘𝐻𝑘
𝑇 + 𝑅𝑘)

, 
5-18 

�̂�𝒌 = �̅�𝑘 + 𝐾𝑘(𝒛𝒌 −𝐻𝑘�̅�𝑘) , 5-19 

�̂�𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘)�̅�𝑘 , 5-20 

where 𝑛 × 𝑚  matrix 𝐾𝑘  in equation 5-18 is chosen to be the gain that represents the relative 

importance of the error difference with respect to the prior estimate, �̅�𝑘. As the measurement error 

covariance, 𝑅 approaches zero, lim
𝑅→0

 
�̅�𝑘𝐻𝑘

𝑇

(𝐻𝑘�̅�𝑘𝐻𝑘
𝑇+𝑅𝑘)

= 𝐻𝑘
−1, Kalman gain weights the residual more 

heavily, meaning that the confidence in these measurements is high and the posterior state 

estimate, �̂�𝒌 depends mostly on the actual measurement 𝑧𝑘. On the other hand, as the a priori 

estimate error covariance, �̅�𝑘 approaches zero, lim
𝑃𝑘
−→0

 
�̅�𝑘𝐻𝑘

𝑇

(𝐻𝑘�̅�𝑘𝐻𝑘
𝑇+𝑅𝑘)

= 0, the Kalman gain weights 

the residual less heavily, meaning that the prior estimate �̅�𝑘, derived from the time update stage is 

accurate and the filter mostly ignores the actual measurements. Intuitively, the performance of KF 

filter in object tracking can be improved if it can decide which one to trust. 
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This process is repeated with posteriori estimates at time k to predict the new priori estimates at 

time k+1. 

 

5.3.2.2 Kalman filter in Block Tracking 

 

Since the motion movement of object block in X and Y coordinate is totally independent of each 

other, Kalman filtering can be applied in X and Y coordinate separately. In this work, a one-

dimensional model from [330] is used for estimating the optimum steady-state position, velocity 

and acceleration of an object block in each coordinate. The dynamics of an object block can be 

described as following equations: 

𝑥𝑘 = 𝑥𝑘−1 + �̇�𝑘−1∆𝑡 + �̈�𝑘−1
∆𝑡2

2
 , 

5-21 

�̇�𝑘 = �̇�𝑘−1 + �̈�𝑘−1∆𝑡 , 5-22 

�̈�𝑘 = �̈�𝑘−1 + 𝑎𝑘 , 5-23 

where 𝑥𝑘, �̇�𝑘, �̈�𝑘, ∆𝑡, are position, velocity, acceleration, the time interval between time 𝑘 and 

𝑘 − 1 and zero mean plant noise, respectively. In the given model, the acceleration �̈�𝑘 is assumed 

to be a constant perturbed by zero mean plant noise 𝑎𝑘.  

As there is no known control inputs, 𝑢𝑘, the vector-matrix form of equations 5-21 to 5-23 can be 

written as:  

𝒙𝒌 = 𝐴𝑘𝒙𝒌−𝟏 + 𝑤𝑘, 5-24 

where 𝒙𝒌 is the state vector in each coordinate and 𝐴𝑘 is the state transition matrix defined as: 

𝒙𝒌 = [𝑥 �̇� �̈�]𝑇, 5-25 
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𝐴𝑘 = [
1 ∆𝑡

∆𝑡2

2
0 1 1
0 0 1

] 

5-26 

 

Given above equations, the complete steps in the proposed algorithm are summarised as follows: 

Input:  

Reference block �̂�𝒌−𝟏 at position �̂�𝒌−𝟏 in the frame 𝒇𝒌−𝟏 at (𝑘 − 1)𝑡ℎ time step 

state vector 𝒙𝒌−𝟏, of the reference block 𝑇 at (𝑘 − 1)𝑡ℎ time step. 

• Step 1: Time update:  

o Compute prior state estimates: �̅�𝑘, �̅�𝑘.  
o Predict the target’s position 𝑧�̅� in 𝑘𝑡ℎ compensated frame, as product of 𝐻𝑘�̂�𝒌.   

• Step 2: Measurement update: 

o Use block matching method to compute measurement vector 𝒛𝒌. 
o Update posteriori state estimates: �̂�𝒌, �̂�𝑘, 𝐾𝑘. 

o Compute the parameters error covariance parameters 𝑄𝑘 and 𝑅𝑘. 

• Step 3: Update the reference block �̂�𝒌 by using previous reference block �̂�𝒌−𝟏  

The process is repeated until current KF fails to track the target block. 

Next, each step is explained in detail. 

5.3.2.2.1 Time Update in Block Tracking 

 

Given the dynamics equation 5-24, the updated prior state estimate: �̅�𝑘,  can readily be specified 

in terms of as following: 

[

𝑥𝑘
�̇�𝑘
�̈�
] = [

1 ∆𝑡
∆𝑡2

2
0 1 1
0 0 1

] [

𝑥𝑘−1
�̇�𝑘−1
�̈�𝑘−1

] , 

5-27 
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The acceleration �̈�𝑘 in equation 5-27 is modelled as a piecewise constant Wiener process [331], 

i.e., acceleration remains constant for the duration of each time period, but differs for each time 

period, and process noise is initialised as. 

𝑄0 = 𝑞 [

∆𝑡5/20 ∆𝑡4/8 ∆𝑡3/6

∆𝑡4/8 ∆𝑡3/3 ∆𝑡2/2

∆𝑡3/6 ∆𝑡2/2 ∆𝑡

]  

 5-28 

where 𝑞 is the power spectral density, of the continuous-time white noise. 

 

The updated prior error covariance estimate is then defined as: 

�̅�𝑘 = [

1 0 0
∆𝑡 1 0
∆𝑡2

2
1 1

] 𝑃𝑘−1 [

1 0 0
∆𝑡 1 0
∆𝑡2

2
1 1

]

𝑇

+ 𝑄𝑘, 𝑘 > 1 

5-29 

For the simplicity of calculation, the state covariance matrix, 𝑃0 is initialised to be a multiple c of 

the process noise covariance matrix 𝑃0 = c𝑄0 where c is a constant.  

�̅�0 = c𝑄0   5-30 

 

5.3.2.2.2 Measurement Update in Block Tracking 

 

In this work, measurements 𝑧𝑘 are the most likely x and y coordinates of the target object block 

in current compensated frame. Therefore, the observation matrix 𝐻 in either coordinate is defined 

as [1 0 0]. To measure the location of object blocks, the modified three-step-search (TSS) 

block matching algorithm is used due to its simplicity and efficiency. The TSS algorithm is based 

on a coarse-to-fine approach with logarithmically decreasing step size. TSS starts with a search 

location at the center of reference block at initial step size d/2, where d is the maximum motion 
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displacement. At each step, nine checking points are matched and the point with the minimum 

MAD is chosen as the starting centre of the next step. After each step, the step size d is halved. It 

is straightforward to prove that the total number of matches is 9[log2(d +  1)] ∗ 2N
2.  

 

Measurement noise 𝑣𝑘  represents noise characteristics of the sensor and its accuracy is 

represented by the standard deviation of measured from true values. The covariance matrix of 

measurement noise 𝑣𝑘, 𝑅, is a 𝑚 ×𝑚, where m is the number of sensors in each coordinate. Since 

only the coordinate of the target object is measured from block matching, 𝑣𝑘 represents noise 

characteristics of the block matching. Its covariance matrix, 𝑅, is represented by  𝜎𝑧
2, where scalar 

value 𝜎𝑧
2 is determined empirically. The advantage of this representation is that the amount of 

measurement error can be described in terms of 𝜎𝑧
2. 

 

In this work, the similarity function, normalised cross correlation (NCC) coefficient, is used to 

measure the similarity between two blocks, and to adjust the error covariance parameters 𝑅𝑘 

and 𝑄𝑘 of KF. It is defined as follows: 

 

Given a reference block 𝑈  with a candidate block 𝑉  as two vectors of n elements, 

𝑈 = (𝑢0, 𝑢1, … , 𝑢𝑛−1)
𝑇  and 𝑉 = (𝑣0, 𝑣1, … , 𝑣𝑛−1)

𝑇 , the normalised cross-correlation 𝑁𝐶𝐶   of 

two vectors is given by: 

𝝆(𝑈,𝑉) = |
1

𝑛
∑

(𝑢i − �̅�)(𝑣i − �̅�)

𝜎𝑢𝜎𝑣

𝑛−1

𝑖=0

| , 
5-31 

where 𝜎𝑢,𝜎𝑣, �̅� and �̅� are the standard deviations and mean over the vectors 𝑈 and  𝑉 respectively. 
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The normalised NCC coefficient 𝝆 is insensitive to luminance scale and level. However, given 

the fact that BM itself may not detect the “genuine” motion rather the position of a good match, a 

highly correlated NCC from BM alone may not be an accurate measurement of current state. 

Therefore, the pre-defined similarity threshold 𝑻𝝆 , displacement threshold 𝑻𝒅 , the maximum 

number of failures for both detection and prediction, 𝑻𝒇  are used together to determine whether 

the measurement and prediction succeed or not. The update process is described as follows: 

 

At first, after substituting 𝑈, 𝑉 in equation 5-31 with �̂�, 𝒁𝒌, and �̂�, �̅�𝑘 respectively, the similarity 

function 𝝆(�̂�,𝒁𝒌) between the reference block, �̂�, and the detected block, 𝒁𝒌, is defined in equation 

5-32. The similarity function 𝝆(�̂�,𝑍𝑘) between the reference block, �̂�, and the predicted block, �̅�𝑘, 

is defined in equation 5-33.  The displacement 𝒅(�̂�,𝒁𝒌) between a reference block �̂�  and its 

detection 𝒁𝒌 and the displacement 𝒅(�̂�,𝑍𝑘) between �̂� and its prediction �̅�𝑘 are defined in equation 

5-34 and 5-35: 

𝝆(�̂�,𝒁𝒌) = 
1

𝑛
∑

(�̂�i − �̅̂�)(𝒁𝒌i − 𝒁𝒌
̅̅̅̅ )

𝜎𝑢𝜎𝑣

𝑛−1

𝑖=0

 , 
5-32 

𝝆(�̂�,𝑍𝑘) = 
1

𝑛
∑

(�̂�i − �̅̂�)(�̅�𝑘i − �̅�𝑘
̅̅ ̅)

𝜎𝑢𝜎𝑣

𝑛−1

𝑖=0

 , 
5-33 

𝒅(�̂�,𝒁𝒌) = max (|𝒙𝒁𝒌 − 𝒙�̂�|, |𝒚𝒁𝒌 − 𝒚�̂�|) ) , 5-34 

𝒅(�̂�,𝑍𝑘) = max (|𝒙�̅�𝑘 − 𝒙�̂�|, |𝒚𝑍𝑘 − 𝒚�̂�|) ) , 5-35 
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where �̂�, 𝒁𝒌 and �̅�𝑘 are the reference block, the detected block and the predicted block in 𝑘𝑡ℎ 

frame respectively. The counter for the number of both detections and predictions have failed is 

denoted as 𝑐. 

 

Next, given above equations, the following cases are considered to determine the updates of 

posteriori estimates. 

 

If 𝝆(�̂�,𝒁𝒌) > 𝑻𝝆 ∧  𝝆(�̂�,𝑍𝑘) > 𝑻𝝆, ∧  𝒅(�̂�,𝒁𝒌) < 𝑻𝒅  ∧  𝒅(�̂�,�̅�𝑘) < 𝑻𝒅 , then the error covariance 

parameters  𝑄𝑘 and 𝑅𝑘 can be modelled as following: 

𝑄𝑘 = 𝝆(�̂�,𝒁𝒌)𝜎𝑞
2 [

∆𝑡5/20 ∆𝑡4/8 ∆𝑡3/6

∆𝑡4/8 ∆𝑡3/3 ∆𝑡2/2

∆𝑡3/6 ∆𝑡2/2 ∆𝑡

] , if k > 0,  

5-36 

𝑅𝑘 = (1 − |𝝆(�̂�,𝒁𝒌)|))[𝜎𝑧
2] , 5-37 

where 𝝆(�̂�,𝒁𝒌) is used as a weighting factor to adjust the KF noise covariance noise factor.  

In the case where both the prediction, �̅�𝒌,  and the measurement, 𝒁𝒌,  are accurate and the 

movements follow the trajectory, the degree of accuracy depends on 𝝆(�̂�,𝒁𝒌). A large 𝝆(�̂�,𝒁𝒌)means 

that the measurement is more reliable, and more weight should be given. This results in a large 

value of 𝑄𝑘, compared with small value of 𝑅𝑘. In contrast, a small value of  𝝆(�̂�,𝒁𝒌)indicates that 

the measurement is away from optimal location due to slow change in illumination or camera 

noise, registration error. Hence 𝑅𝑘 will increase gradually according to the decrease of 𝝆(�̂�,𝒁𝒌). It 

can be shown that provided that the system is observable and controllable, the error due to poor 

initialisation tends to be zero as 𝑘 → ∞ but it takes longer to stabilise.  
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If 𝝆(�̂�,𝒁𝒌) > 𝑻𝝆 ∧  𝝆(�̂�,𝑍𝑘) < 𝑻𝝆, ∧ 𝒅(�̂�,𝒁𝒌) < 𝑻𝒅  ∧  𝒅(�̂�,𝑍𝑘) > 𝑻𝒅,  𝜎𝑝 = ∞, 𝜎𝑧 = 0   

In the case the model fails to predict the position of the target block, �̅�𝑘 due to abrupt changes of 

acceleration while the measurement is still accurate, 𝜎𝑞
2 is set be infinite and 𝜎𝑧

2 is set to be zero 

respectively. It suggests that entire correction should be taken from the observation and 

transformed back to the update of state estimate �̂�𝒌 = 𝐻
−1𝒛𝒌. 

 

If 𝝆(�̂�,𝒁𝒌) < 𝑻𝝆 ∧  𝝆(�̂�,𝑍𝑘) < 𝑻𝝆, ∧ 𝒅(�̂�,𝒁𝒌) > 𝑻𝒅  ∧  𝒅(�̂�,𝑍𝑘) < 𝑻𝒅 ∧  𝑐 < 𝑻𝒇,  𝜎𝑝 = 0, 𝜎𝑧 = ∞  

In the case the appearances of both predicted and detected blocks have changed due to occlusion, 

the prediction is still considered reliable since the tracked object follows the its motion model 

within a short period of time. It is reasonable to let  𝜎𝑝 be zero and  𝜎𝑧  be infinite, thus the 

estimation relies on the prediction entirely �̂�𝒌 = �̂�𝒌
−, as the Kalman gain 𝐾𝑘 approaches zero. 

 

In the last case where both prediction and measurement fail to follow the motion trajectory and the 

maximum number of failures, 𝑻𝒇, has been exhausted, a new Kalman filter tracker is re-initialised. 

 

One of the issues with KF tracking is that the measurement technique, BM, assumes that the 

appearance of an object block remains constant between two consecutive frames. The assumption 

no longer holds when the object block is required to be tracked across multiple frames. The 

performance of the KF degrades quickly when the global appearance of the block changes with 

time. Pixels in the reference block from the first frame at the start of tracking correlates less and 
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less with the current view of the tracked block over time. Therefore, various reference block 

updating strategies are discussed next. 

 

5.3.2.2.3 Reference Block Updating 

 

Three strategies of updating the reference block were discussed in [332] [333]. Among them, 

single frame strategy updates the reference block every 𝑇𝑠 frames by replacing it with a block at 

the current tracking position. However, choosing the right parameter 𝑇𝑠 is very difficult. When 𝑇𝑠 

is too low, a small change in object appearance is insufficient to cause the tracking position to 

follow the motion, meanwhile the reference block is updated. As a result, the reference block 

gradually drifts from its true position and the target may lose finally. On the other hand, the 

appearance of the object may change too much for a good match to be found and again the tracking 

may be lost if 𝑇𝑠 is too high.  

 

In the multi-frame strategy, the reference block at any time k is defined as a weighted sum of the 

most recent reference blocks. 

𝑦𝑘 =∑𝑎𝑖

𝑛

𝑖=1

𝑥𝑘−𝑖 
5-38 

The weighting coefficient 𝑎𝑖 becomes smaller over time since that older reference blocks count 

less than more recent blocks. This strategy has the advantages of being adaptive to the changing 

target appearance, and robust to noise. The disadvantage is that it requires that memory must be 

provided for the 𝑛 most recent reference blocks.  
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The last strategy uses Kalman filter to solve the problem of estimating each pixel intensity change 

within a reference block.  It is reported as the most robust strategy in [332] and it incurs relatively 

small computation load. Therefore, this strategy of updating a reference using Kalman filter is 

applied in this work to adapt the change of target appearance and illumination.  

 

In KF-based reference block updating strategy, the state is a scalar random constant and every 

entity in equations 5-16, 17-20 is a numeric value only. The state transition matrix 𝐴𝑘 is 1 since 

the state does not vary from step to step. Input control matrix 𝑢𝑘 is zero as there is no control 

input. The time update equations can be simplified as: 

�̅�𝑘 = 𝐴�̂�𝒌−𝟏, 5-39 

�̅�𝑘 = �̂�𝑘−1 + 𝑄𝑘, 5-40 

And the measurement updates equations are simplified as following: 

 

𝐾𝑘 = 
�̅�𝑘

(�̅�𝑘 + 𝑅𝑘)
, 

5-41 

𝒙𝒌 = �̅�𝑘 + 𝐾𝑘(𝒛𝒌 − �̅�𝑘) 5-42 

�̂�𝑘 = (𝐼 − 𝐾𝑘)�̅�𝑘, 5-43 

The process noise covariance matrix 𝑄𝑘 represents the magnitude of the randomness in velocity 

of pixel intensity change. Given that pixels in the reference block gradually change over time, that 

the KF model in estimating pixel intensity will have a significant degree of inaccuracy. On the 

other hand, measurement noise 𝑅𝑘  has only an immediate effect on the BM result between 

reference frame and current frame so it does not continue to affect the BM result between reference 

frame and next frame. Consequently, the magnitude of measurement noise is initially set very low. 
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In [333], the range over of 𝑅𝑘 was tested from 0.001 to 10 pixels and the range over which 𝑄𝑘 

was tested between 0.05 to 500 pixels. 

 

5.4 Conclusion 

 

To detect salient motion for image sequences with mixed rapid, moderate, and slow motion 

content, two original and efficient motion detection algorithms are presented in this chapter. At 

first, a simple local adaptive temporal differencing method is applied to detect moving objects 

boundaries and partial interiors. At second, the existence of possible moving object blocks is 

identified by utilizing BUVBM method. Kalman filtering is employed subsequently to find salient 

motions. In the next chapter, the detected motion results from two algorithms are fused together 

to determine whether a region has been changed or not and its effectiveness is demonstrated for a 

variety of real environments. 
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Chapter 6 Moving Region Recovery 

 

 

Image segmentation aims to partition pixels based on certain characteristics (e.g., color, intensity, 

or texture) in the spatial domain, while motion-based segmentation intends to partition pixels 

based on the motion homogeneity in the temporal domain. Clearly each task facilitates the other 

especially for video object segmentation, and both tasks should be considered in the same 

framework. The aim of this chapter is to recover moving video object masks by re-inspecting 

segmented image regions and motion results from different motion detection algorithms. The steps 

to achieve this aim is illustrated in Figure 6-1. 

 

The recovery process begins by the processing of each individual frame. To represent an image in 

a more compact and perceptually meaningful way, an efficient colour image segmentation 

algorithm is proposed to group pixels in the image into coherent atomic regions at first. Then the 

motion activity within each segmented region can be calculated based on the results of two motion 

detectors respectively. Combining with the measured motion activity, segmented regions are 

separated into static regions and moving regions. At last, following the temporal filtering on 

moving regions, a sequence of low computation shadow detectors are applied to remove candidate 

shadow pixels within detected moving regions. Each step is discussed in detail in this chapter.  
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Figure 6-1 Block Diagram for Steps in Moving Region Recovery 

 

6.1 Proposed Segmentation algorithm 

 

In this section an efficient colour image segmentation algorithm called Binary Centroid Splitting 

(BCS) is proposed and its practical effectiveness in object tracking is empirically demonstrated. 

The main contributions of the section are as follows. Two different histogram segmentation tasks 

are performed separately in the intensity and hue space before they are combined. In intensity 

space, a divisive clustering approach [20] is implemented to find optimal multi-level thresholds 

where images have low contrast.  In hue space, to find a set of high-quality initial seeds at low 

complexity, a novel seeds detection algorithm in hue space is proposed and then selected seeds 

are feed into the traditional K-Means clustering. At region merging stage, the LUV distance metric 

is proposed to overcome discontinuity of colour due to singularity of hue. Experimental results in 

6.1.5 compare the proposed algorithm over the existing algorithms.  
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6.1.1 Feature Extraction in HSV Space 

 

There are many colour spaces like RGB, HSV, YCbCr, YIQ, YUV, etc., used for colour 

segmentation. Among them, the most common one is the RGB space where colours are 

represented by its red, green and blue components in an orthogonal Cartesian space. However, its 

three components are highly correlated, and the luminance component is not separated from the 

chrominance component. Due to this correlation, the value of the R, G and B components will 

change proportionally as intensity changes. Hence, it is difficult to discriminate highlights, 

shadows and shading in the RGB space. In contrast HSV space was developed as a perceptual 

colour space based on the way humans perceive colour, and as such, its three components are 

relatively independent to each other. The other advantage is that conversion between RGB and 

HSV can be easily implemented at low computation cost. The disadvantage of HSV space is that 

a non-removable singularity exists near the axis of the colour cylinder in its hue space, creating 

discontinuities in the representation of colours [334]. Also, hue and saturation play little role in 

distinguishing colours when the saturation is low or the intensity of the colour lies close to white 

or black. 

In this work, the following threshold function is used to determine if a pixel should be represented 

by its hue or its intensity as its dominant feature: 

thsat(v) = 1.0 −
0.8v

255
 

6-1 

Irrespective of what the hue or the saturation value is, all the colours are defined as black at v =

0.  On the other hand, the saturation threshold function decreases as value of the intensity 

increases, which separates the hue dominance from the intensity dominance. 
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After pixel features are classified into the hue or intensity groups, each group of pixels are 

thresholded by variance-cut and BCS techniques respectively. 

 

6.1.2 Histogram Thresholding in Intensity Space 

 

For this work, a divisive clustering approach [21] is used to search for the optimal multi-level 

thresholds. It starts with a single class and recursively splits the class into two classes, based on 

the grey level, i, in which the between-class variance, σb
2 is maximised. The process iterates with 

the class which has the largest total variance, σk
2, among all classes until the predetermined number 

of classes, M is reached, M classes: c1 for [0, … , t1] , c2  for [t1 + 1,… , t2] ,..., ci  for [ti−1 +

1,… , ti] ,..., and cM  for [tM−1 + 1,… ,255] . The total intra-class variance, σk
2 , and inter-class 

variance, σb
2 for class, ck, are defined in equation 3-14, and 3-15. As defined in equation 3-13, the 

optimal threshold t in any class ck for intensity level interval [ti−1 + 1,… , ti] is the intensity level 

where between-class variance, σb
2 is maximised. 

After selection of optimal thresholds, every grey level, i, in histogram is labelled as one of the 

following: 

L(i) = k, k = 0,1, …M, i ∈ ck  6-2 

where L(i) represents the kth label value which gray level, i, is assigned to and given i is within 

the class ck. 
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6.1.3 Histogram Thresholding in Hue Space 

 

Peaks in a histogram of hues ideally correspond to different regions in an image. A proper 

segmentation of the image can be obtained by carefully selecting appropriate thresholds which 

separate the peaks in the histogram. 

K-means algorithm is a simple and fast solution for this problem. Given an integer k and a set of 

n data points in d-dimensional space, X = {x1, x2, … , xn} , xi ∈ R
d, 1 ≤ i ≤ n , k centres, C =

{C1, C2, … , Ck}, are chosen so as to minimise the within-cluster sum of squares: 

argmin∑∑‖x − μi‖
2

x∈Ci

k

i=1

 

6-3 

where μi is the mean of points in each cluster Ci. 

 

Arbitrarily it chooses initial k centres, C = {C1, C2, … , Ck} first. Then the algorithm proceeds by 

alternating between two steps until C no longer changes: 

 

• Assign each data point 𝑥𝑝 in 𝑋, to its closest cluster 𝐶𝑖.  

𝑋𝑖
𝑡 = {𝑥𝑝: ‖𝑥𝑝 − 𝜇𝑖‖

2
 ≤ ‖𝑥𝑝 − 𝜇𝑗‖

2
, 𝑖 ≠ 𝑗, 1 ≤ 𝑗 ≤ 𝑘 } 6-4 

Xi
t  are the set of points in X that are closer to Ci than they are to Cj for all j 

• Update the means of all points in each cluster Ci :  
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𝐶𝑖 =
1

|𝐶𝑖|
∑ 𝑥𝑖

𝑡

𝑥𝑖
𝑡∈𝐶𝑖

 
6-5 

Given the periodic property of the hue, the colour distance between two hue values during the 

clustering is defined as:  

 

θ = {
|h1 − h2|, if|h1 − h2| ≤ 180°,

360° − |h1 − h2|, if|h1 − h2| ≥ 180°
 

6-6 

 

The mean of a cluster centers c in histogram thresholding is calculated as the sum of weighted 

index values falling within the upper, u and lower bound l: 

 

𝐶𝑖 = ∑ di
l≤i≤u

 
6-7 

where di is the weight of each index value. 

 

One of the disadvantages in K-means-based histogram thresholding is, that there is no guarantee 

it will converge to the global optimum and the result may depend on the initial centroids or seeds. 

Therefore, selecting a good set of initial seeds is very important. The quality of initial seeds in 

video object segmentation is evaluated by two criteria: How well initial seeds are distributed to 

capture the entire image while being far away enough to be visually distinguishable from the other. 

How well temporal consistency can be achieved, i.e., the shape of the segmentation and centroid 

location of the segmentation in current frame should be related to segmentation of previous 

frames.  
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David Arthur and Sergei Vassilvitskii [335] proposed k-means++ method as a specific way of 

choosing initial centroids non- deterministically: the first centre C0 is uniformly at random chosen 

from the data points  X . Subsequent cluster centres are randomly chosen with probability 

proportional to its squared distance from the point's closest existing cluster centre. The probability 

function of choosing xi as next centre Ci+1, p(Ci+1) =
‖xj−μi‖

2

∑ ‖xj−μi‖
2

xj∈X

 is high, if Ci+1 is not near any 

of the previously chosen centres {C1, C2, … , Ci}.  Because of the randomness used in the initial 

seed selection, k-means++ fails to provide consistent regions between two segmented images. 

Deterministic initial seeds selection algorithms, such as New Farthest Point Heuristic (NFPH) 

[336] achieve higher consistency in terms of region correspondences. They start with a point C0 

having the highest score. Subsequent cluster centre, Ci+1 is chosen to the point furthest away from 

all centroids picked so far. That is, the maximised distance is defined as: 

Ci+1 = argmaxxi,i=1,..,N{argmincj,j=1,..M  {dis(Cj, xi)} 6-8 

where N is the number of remaining data points, and M is the number of existing centroids. The 

process continues until all k centroids are chosen.  

 

In [337], Khan proposed an initial seed selection algorithm for k-means clustering that draws 

initial cluster boundaries at points in the referenced data where the gap between consecutive 

difference data values is the highest or the data has deepest ‘valleys’. In this way, a measure of 

distance is brought between consecutive cluster centres.  

1. Sort the data points in terms of increasing magnitude {𝑑1, 𝑑2, … , 𝑑𝑛}  such that 𝑑1 has the 

minimum and 𝑑𝑛 has the maximum magnitude. 

2. Calculate the Euclidean distances 𝑑𝑖 between consecutive points 𝑑𝑖  and 𝑑𝑖+1.   

3. Sort D in descending order without changing the index i of each 𝐷𝑖 . Identify k indices 
{𝑖1, 𝑖2, … , 𝑖𝑘}  that correspond to the k highest 𝐷𝑖 values. 
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4. Sort {𝑖1, 𝑖2, … , 𝑖𝑘} in ascending order. The set {𝑖1, 𝑖2, … , 𝑖𝑘} now forms the set of indices of 

data values 𝑑𝑖 , which serve as the upper bounds of clusters 1,…,k.  

5. The corresponding set of indices of data values 𝑑𝑖   which serve as the lower bounds of 

clusters, 1,…,k, would simply be defined as {𝑖0, 𝑖1 + 1,… , 𝑖𝑘−1 + 1} , where 𝑖0 = 𝑖𝑘+1 

considering the circular property of hue. 

 

This set of cluster centers {c1, 𝑐2, … , 𝑐k} form the initial seed centers. 

 

The problem with the furthest-away seeds selection algorithm is that it can be dominated by 

location of outliers only, as the density within each cluster is ignored. Experiments in 6.1.5 show 

that NFPH, K++, and Khan’s method fail to capture the distinct colour for the entire input image 

in comparison to the initial seeds selection algorithm used in K-means++.   

 

In this research, a deterministic initial seeds selection algorithm: binary centroid selection 

algorithm is proposed to obtain K number of distinguishable colour seeds automatically. The high 

quality initial seeds are expected to provide useful characterization of region colour through K-

Means.  

 

6.1.3.1 Proposed Binary Centroid Splitting Algorithm 

 

To achieve temporal consistency of segmented regions among frames and provide useful 

characterization of regions within each frame, an algorithm to compute initial cluster centres for 

optimizing k-means algorithm is proposed in this section. This algorithm begins by selecting the 

highest peak from entire circular histogram as the first centroid, C0. Similar to the subsequent 

cluster centroid selection algorithm used in k-means++ and NFPH, the search for the next centroid 

starts far away from the existing centroid. The underlying assumption of choosing dominant peaks 

based on Farthest-Point is that, dominant peaks in the histogram characterise image regions by 
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almost uniform colour and the set of squared distances between the final centroids is maximised. 

Given an index function of any centroid in hue histogram, index(Ci), BCS initially searches from 

half of the histogram length distance d = L/2 away from the existing centroid,  s = index(C0) +

d, within the range s − d/4 to s + d/4. The highest peak within new range is chosen as the next 

centroid, C1. Two partitions [C0, C1] and [C1, C0] are created initially due to the periodic property 

of the hue. Repeating the step, the new centroid within each partition is obtained to create further 

sub-partitions in order of  2log2K iteratively. The number of K centroids, are obtained by sorting 

all 2log2K selected centroids first, then only keeping the top K centroids, which is less prone to 

outliers.  

1. Select the highest peak as the first centre, 𝐶0.  

2. Set the point S which is opposite to 𝐶0 as the new search point and initial search range S, 

where d = 180°.    

3. Search the next strongest peak as next centre 𝐶1 from S within the search range 

[𝑆 −
𝑑

2
, 𝑆 +

𝑑

2
], set d = d/2. 

4. Set the search point S at 
[𝐶0,𝐶1]

2
, repeat step 1 to find next centre 𝐶2.  

5. Set the search point S at 360 −
[𝐶0,𝐶1]

2
, repeat step 1 to find next centre 𝐶3.  

6. For each interval  [𝐶𝑖,𝐶𝑖+1] within circular histogram, repeat step 1 to find next centre  𝐶𝑗, 

until j>K. 

7. Sort selected centres based on its magnitude and choose top K centres as the initial 

centroids. 

 

In this way, both the distance between cluster centres and the density within each cluster are taken 

into consideration. 

 

6.1.4 Region Merging 

 

After connected components labelling, small-sized regions would cause over-segmentation. 

Merging small-sized regions in this work is accomplished only for adjacent regions whose colours 
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do not significantly differ.  In this implementation, region R(k) labelled with k and colour C(k), 

is merged with another region by relabeling all the pixels of R(k) with the label, l, in the adjacent 

region R(l) whose colour C(l) is the closest to C(k), provided that the distance of C(k),  from C(l)  

is smaller than predefined threshold, C(T). Because of the singularity of hue in HSV space and its 

influence under low saturation, pixels in singular regions cannot merge with pixels in non-singular 

regions directly even they are characterized by the same representative colour in other colour 

space. A region merging criteria based on the chromaticity difference in LUV colour space is 

presented in equation 6-9 considering its continuity in colour representation: 

√((U(k) − U(l))2 + ((V(k) − V(l))2 < Tluv,  6-9 

where Tluv threshold value is used in this merging process and U(i), V(i) are the chromaticity 

value of a region with identity label, i.  

 

 

 

6.1.5 Segmentation Experiment Results 

 

6.1.5.1 Experiment of Temporal Consistency in Segmentation 

 

To quantitatively measure temporal consistency over a range of image sequences undergoing 

different camera transformation, the matching method proposed in chapter four is used. In this 

experiment, five image sequences under camera translation and four image sequences under 

rotation in Figure 6-2 are used. In each image sequence, n pairs of frames are randomly chosen, 

where each pair includes a frame at time t and another frame at time t + ∆t. For each pair of 

images, the number of matches obtained from four algorithms are compared. The vote for the 

algorithm which has highest number of matches is incremented by 1 and the ratio of votes for each 

https://en.wikipedia.org/wiki/Color_difference
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type of algorithm over total votes at t + ∆t is recorded. The same experiment repeats at different 

∆t, where ∆t varies from 1 to 6. Results in Table 6-1 shows that BCS achieved highest number of 

temporal consistency 83% of the time in all test cases.  K++ has the worst performance overall 

due to its randomness in seeds selection. NFPH performs better than Khan’s method but still much 

worse than BCS.   

 

In Figure 6-3, the proposed approach shows coherent matching between five pairs of frames from 

example video carpark_T, given frame interval ∆t = 6. Despite a certain degree of translation 

across the frames. BCS still produces temporally consistent regions in the video.  

 

 

 

(a) Pedestrian 1_T (b) Pedestrian 2_T (c) Traffic_T 

 

(d) Carpark_T (e) Pedestrian 3_T (f) Pedestrian 4_R 

 

(g) Traffic_R (h) Pedestrian 5_R (i) Hopspital_R  

camera translation in (a)-(e) and camera rotation in (f)-(i) 

Figure 6-2 Testing Videos with Various Camera Transformation 
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Table 6-1 Temporal Consistency Performance Comparison 

 Frame Interval ∆t = 1, . .6   

 

1 2 3 4 5 6 

BCS 55% 51% 41% 43% 29% 39% 

k++ 7% 6% 16% 17% 16% 14% 

NFPH 22% 30% 29% 23% 39% 31% 

Khan’s 16% 13% 15% 16% 16% 17% 

 

 

(a)  

(b) (c) 

 

(d) (e) 

 (a) Original frames, frame 22,28,34,40,46,52 from Carpark_T video (b) Matched segmented regions 

between frame 22 and 28 (c) Matched segmented regions between frame 28 and 34 (d) Matched segmented 

regions between frame 34 and 40 (e) Matched segmented regions between frame 40 and 46 

Figure 6-3 Matching Performance of BCS from Carpark_T Sequence: 



 

186 

 

 

 

6.1.5.2 Experiment of Segmentation Quality 

 

To qualitatively compare the segmentation quality of BCS with that of the K++, NFPH and Khan’s 

methods, images of natural scenes that contain at least one discernible object from Berkeley 

Segmentation Dataset [338] are chosen for this experiment. Five sample test images and ground-

truth images taken from Berkeley Segmentation Dataset are shown in Fig 6-4a and 6-4b. The 

segmentation results obtained from BCS, K++, NFPH, and Khan’s method are shown in Figure 

6-4c, 6-4d, 6-4e, and 6-4f correspondingly. Then each segmented image is compared with the 

corresponding ground-truth image in Figure 6-4b subjectively. The subjective evaluation shows 

that BCS has better performance than others in terms of the number of segmented regions, 

compactness of the regions, and the boundary similarity between matched regions.  
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(a)

  (b) 

  (c)

      (d) 

    (e) 

   (f)   

 

(a) Original images (b) Human Segmentation (c) BCS Segmentation (d) K++ Segmentation  

(e) NFPH Segmentation (f) Khan’s Segmentation 

Figure 6-4 Comparison of Segmentation Results with Different Seeds Selection Algorithms 
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6.1.5.3 Experiment of Running Time in Seeds Selection 

 

Timing tests were performed on a 1.60GHZ Intel(R) Core(TM) i7 processor. The timing data is 

based on averaging the results of 500 tests of 640×480 pixel images. Given n data points, and k 

number of clusters, both K++ and NFPH require at least O(nk2/2) steps in initial seeds selection. 

Khan’s method requires at least O(2n log n + n + log k) steps to select initial seeds for k-means 

clustering. In comparison, the BCS requires only O(
n

2
+ nlog2 k) to find the solution to the k-

means clustering initial seeds selection problem. Clearly, BCS is the fastest one, as shown in 

Figure 6-5. Both K++ and NFPH have higher running time as the number of clusters increases. 

Khan’s method has a more stable running time but is more than two times slower than BCS. 

 

Figure 6-5 Comparison of Seeds Selection Algorithms in Running Time 
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6.2 Fusion of Multiple Motion Detection Algorithms for Region Recovery 

 

Once an image is segmented into regions, the degree of the motion activity within each region can 

be measured by the percentage of foreground pixels. Since little information concerning the 

percentage of foreground pixels of a region of change is known, the percentage of foreground 

pixels of the region produced by the change is hard to quantify, except that they are expected to 

be significantly larger than zero. Particularly, the statistically estimation tends to be misleading 

when the amount of change (inliers) is small compared to the overall image. Since this provides 

little help for threshold selection, static regions instead of dynamic regions are analysed. It is 

reasonable to assume that the motion activity measured by two algorithms in static regions can be 

modelled by a bivariate normal distribution 𝑁(𝜇𝑢, 𝜇𝑣, 𝜎𝑢
2, 𝜎𝑣

2, 𝜌).  

𝑓(𝑢, 𝑣) =
1

2𝜋𝜎𝑢𝜎𝑣√1 − 𝜌2
exp

(−
𝑧

2(1−𝜌2)
)
  

 

6-10 

𝑧 =
(𝑢 − 𝜇𝑢)

2

𝜎𝑢2
+
(𝑣 − 𝜇𝑣)

2

𝜎𝑣2
−
2𝜌(𝑢 − 𝜇𝑢)(𝑣 − 𝜇𝑣)

𝜎𝑢𝜎𝑣
 

6-11 

𝜌 = 𝑐𝑜𝑟(𝑢, 𝑣) 6-12 

where 𝜌 is the correlation of 𝑢, 𝑣, 𝜎𝑢 > 0, 𝜎𝑣 > 0, and −1 ≤ 𝜌 ≤ 1. 

 

The parameters 𝜇𝑢, 𝜇𝑣, 𝜎𝑢
2, 𝜎𝑣

2 can be estimated using a robust K-medoids clustering algorithm. 

The K-medoids algorithm selects k-medoid initially, where each medoid is defined as the object 

of a cluster whose average dissimilarity to all the objects in the cluster is minimal. i.e. it is a most 

centrally located point in the cluster. Then it swaps the medoid object with non-medoid thereby 

improving the quality of cluster. The K-Medoids algorithm is more robust to noise and outliers in 

comparison to K-Means because it minimises a sum of pairwise dissimilarities instead of a sum 

of squared Euclidean distances.  Given 𝑘 = 2, the data set (𝑢, 𝑣) is split into two clusters. Since 
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in most cases, the amount of changes usually happens in less than 10% of the image pixels. 

Therefore, the data set around the cluster with higher density can be considered as normally 

distributed and used in parameter estimation. The estimation of 𝜇𝑢, 𝜇𝑣, 𝜎𝑢
2, 𝜎𝑣

2 from the selected 

normal data becomes straightforward. 

 

The threshold is computed according to the most distant points from the mean of the selected 

normal data and it is set to be 2% of total number of points. All test data points that have distances 

to the mean of the selected normal data, (𝜇𝑢, 𝜇𝑣) greater than the threshold are detected as outliers. 

A point that has a smaller distance from the rest of the sample population of 2𝐷 points is said to 

have higher probability of being a static region due to lower motion activity detected with both 

algorithms. On the other hand, points further away from the centroid indicate higher motion 

activity in the segmented region detected with either algorithm or both algorithms. Since the 

variance in each direction of bivariate normal distribution is different to each other, computing 

distances using standard Euclidean distance metric is not always beneficial, especially when the 

data has a distribution similar to that presented in Figure 6-6. The distance between A and its 

centroid is same as the distance from B to its centroid when standard Euclidean metric is used. 

However, the distance between A and its centroid is less than the distance from B to its centroid 

when the Mahalanobis distance metric is used. In such case, Mahalanobis distance should be used 

to classify a segmented region as moving region or static background. 

 

Figure 6-6: Comparison between Euclidean Distance and Mahalanobis Distance 
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The Mahalanobis distance 𝑑𝑚  of a bi-variate data-point 𝑿 = (u, v) from the mean of the selected 

normal data, 𝝁 = (𝜇𝑢, 𝜇𝑣) is: 

𝑑𝑚(𝑿 − 𝝁) = √(𝑿 − 𝝁)𝑇𝑆−1(𝑿 − 𝝁) 6-13 

where S is the covariance matrix. 

 

Once all the parameters 𝜇𝑢, 𝜇𝑣, 𝜎𝑢
2, 𝜎𝑣

2  are estimated, a bi-level magnitude thresholding is 

applied globally, to produce three classes of regions. All regions above the high threshold are 

retained as moving regions (class H), and all regions below the low threshold are rejected as static 

regions (class L). The remaining regions (class M) are retained only if they are adjacent to class 

H regions or are connected to class H regions via other class M regions. The advantage of applying 

hysteresis is that it incorporates the spatial context into the region recovering decision, and 

effectively enables isolated (noisy) medium strength regions to be eliminated without fragmenting 

large regions containing low strength sections. 

 

While the spatial relationship of recovered regions has been incorporated by hysteresis 

thresholding, the temporal consistency property of the change mask is not taken into 

consideration. To further reduce the changes caused by the noise, a simple noise filter taking 

advantage of temporal consistency is presented next.  
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6.2.1 Temporal Motion Filtering 

 

Let R = Rk−N/2(x, y), Rk+1−N/2(x, y), ... Rk+N/2(x, y) be a sequence of N difference frames after 

region recovery. A temporal noise filtering on mask Mk(x, y) is formed by comparing every 

potential change pixel in difference frame, Rk(x, y)  with its adjacent temporal neighbors in 

sequence R. A counter for each mask at location (x, y) is incremented every time a change pixel 

is found in its adjacent temporal neighbors. Thus, pixels with higher counter values are more likely 

to correspond to the actual moving regions. 

 

The output Mk(x, y) of temporal consistency filtering on current frame Rk(x, y), is defined as: 

Mk(x, y)  = {
1  if Ok(x, y) > 𝑇
0 otherwise

    6-14 

where Ok(x, y) = COUNT[Di∈[k,k+N](x + u, y + v)], u, v ∈ [−Z, Z],  

and COUNT[. ] denotes the operation of counting number of temporal change pixels inside a filter 

window of size Z and 𝑇 is the threshold determined empirically. 

 

6.2.2 Proposed Shadow Detection Algorithm 

 

In this research, an algorithm that combines a sequence of low computation shadow detectors is 

proposed to detect shadow pixels progressively.  
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6.2.2.1 HSV-Based Shadow Detection  

 

For each pixel belonging to the shadow resulting from the detection step, the brightness 

component should change significantly in terms of absolute difference, while the chromacity 

remains constant. This property is used at the first stage to reject non-shadow regions. The initial 

shadow mask SPt for each point p resulting from moving regions is defined as following: 

 

SPt = {
1 if α ≤

It
v(x,y)

Bt
v(x,y)

≤ β ∧ |It
s(x, y) − Bt

s(x, y)| ≤ Ts ∧ |It
H(x, y) − Bt

H(x, y)| ≤ TH

0 otherwise
  6-15 

where It
H , It

s , It
v , Bt

H , Bt
s  and Bt

v  are the H, S, and V components of foreground pixel and 

background pixel at pixel (x, y) at time t, respectively. 

 

The lower bound α is used to define a maximum value for the darkening effect of shadows on the 

background and is proportional to the light source intensity. The upper bound β prevents the 

system from identifying those pixels as shadows where the background was darkened less with 

respect to the expected effect of the shadow. 

 

6.2.2.2 Gradient-Based Shadow Detection  

 

It is assumed that the gradients of moving objects are different to the gradient of relevant 

background in hue channel, while the gradient of a moving shadow is close to that of relevant 

background. Based on the above assumption, shadow pixels can be removed if the difference of 

the two gradient images in hue channel at shadow region is below some threshold.  
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To reduce process cost, the following two simple gradient operators Hx = (−1, 1), Hy = (
−1
1
)  

are used to calculate gradient information in horizontal, vertical direction respectively.  

Gx(x, y) = f(x, y) ∗ Hx , Gy(x, y) = f(x, y) ∗ Hy     6-16 

 

To reduce noise, the output gradients value 𝐺𝑥
′ , and 𝐺𝑦

′  are determined as a weighted sum of input 

gradient values 𝐺𝑥 and 𝐺𝑦: 

𝐺𝑥
′(𝑥, 𝑦) =∑𝐺𝑥(x + u, y + v)H(u, v),

𝑢,𝑣

  
6-17 

𝐺𝑦
′ (𝑥, 𝑦) = ∑ 𝐺𝑦(x + u, y + v)H(u, v),𝑢,𝑣  u, v ∈ [−Z, Z], 6-18 

H(u, v) =
1

2πσ2
exp {−

u2 + v2

2σ2
} , u, v ∊ [−z, z] 

6-19 

 

where H(u, v) is the Gaussian smoothing kernel, u is the distance from the origin in the horizontal 

axis, v is the distance from the origin in the vertical axis, and σ is the standard deviation of the 

Gaussian distribution kernel at z by z size. 

 

The gradient direction is then determined as: 

θ(x, y) = atan2(Gy
′ (x, y), Gx

′ (x, y))      6-20 
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The shadow mask SPt
′ for each point p resulting from moving regions is based on the following 

equation: 

 

SPt
′ = {1 if |𝜃t (x, y) − 𝜃b (x, y)| ≤ T𝜃

0 otherwise
      6-21 

 

 

 

6.2.2.3 Variance-Based Shadow Detection  

 

It is assumed that a shadow region shares similar texture to the background, while a textured object 

usually has a much larger texture difference from the background. To identify shadow pixels, a 

7×7 texture-filter is applied in each channel to compute the local variance at the neighborhood of 

each pixel. The variance-based filter in each channel can be defined as following step:  

 

The standard deviation at the neighborhood of each pixel is calculated first in equation 6-22 

𝜎(𝑥, 𝑦) = √
1

𝑍2
∑ ∑ (f(x + u, y + v) − μ)2

Z/2
𝑣=−𝑍/2 ,

𝑍/2
𝑢=−𝑍/2      6-22 

 

μ(x, y) =
1

𝑍2
∑ ∑ f(x + u, y + v)

Z/2
𝑣=−𝑍/2  

𝑍/2
𝑢=−𝑍/2      6-23 

 

Then the standard deviation is normalized by its mean: 

𝜎′ = 𝜎(𝑥, 𝑦)/μ(x, y)        6-24 
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The shadow mask SPt
′′ for each point p resulting from moving regions is detected as: 

SPt
′′  = {1 if 

|𝜎t
h(x,y)−𝜎b

h(x,y)|

𝜎b
h(x,y)

≤ Ts ∧
|𝜎t
s(x,y)−𝜎b

s(x,y)|

𝜎b
s(x,y)

≤ Ts ∧
|𝜎t
v(x,y)−𝜎b

v(x,y)|

𝜎b
v(x,y)

≤ Tv

0 otherwise

  6-25 

where 𝜎′t
h
, 𝜎′t

s
, 𝜎′t

v
, 𝜎′b

h
, 𝜎′b

s
, 𝜎′b

v
 are the normalized local standard deviation of foreground pixel 

and background pixel in H, S, and V channel at pixel (x, y) at time t, respectively. 

 

 

6.2.2.3.1 Experiment Results in Shadow Detection 

 

Figure 6-7 shows the shadow detection results of the proposed shadow detection method for the 

hallway image sequence. Given the difference image between two Figure 6-7 (a) and 6-7 (b), the 

change mask created from binary thresholding is used as the initial shadow mask as shown in 

Figure 6-7 (c). The foreground masks recovered from HSV-based, gradient-based and variance-

based filter are shown in Figure 6-7 (d), 6-7 (e), and 6-7 (f) respectively, where foreground masks 

are shaded in white and shadow masks are shaded in gray. The final foreground mask shown in 

Figure 6-7 (g) results from the union of all filters. With low computation load, the proposed 

method can detect most shadow regions.  
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(a)   (b)      (c)  

 

(d)   (e)      (f)  

 

(g)  

(a) background frame (b) frame 20 (c) initial change mask (d) shadow mask from HSV-based filter (e) 

shadow mask  from gradient-based filter (f) shadow mask  from variance-based filter (g) shadow mask  

from three filters 

Figure 6-7 Shadow Removal Results Using Sequential Filters 

 

 

6.3 Experiment  

 

In this section, a brief description of the dataset used in this experiment is provided. Then three 

error metrics for motion detection at the pixel level are introduced. For comparative purpose, five 

standard motion detection algorithms are discussed. At last, two sets of experiments are conducted 
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to demonstrate the robustness and validity of the proposed algorithm both subjectively and 

objectively. The hardware configuration available for the experiment is a PC with Intel(R) 

Core(TM)i7 CPU Q 720@1.6GHz and 8G Memory. 

 

6.3.1 Experiment Dataset 

 

The dataset in this experiment has nine videos captured under various camera transformations. 

Example videos are given in Figure 6-1. Among them, the pedestrian sequence exhibits higher 

randomness of movement, considering human body as a complex articulated rigid model. It 

includes slow moving or stopped, abrupt acceleration, and uniform motion for different body 

parts. The image size for each video sequence is 896 × 504 pixels. To test the correctness of the 

detection results, ground-truth data are obtained from manual segmentations.  

 

6.3.2 Error Metrics for Motion Detection 

 

Several evaluation techniques have been reviewed dedicated to performance analysis of detection 

of moving objects in chapter 2, starting from analysing individual pixels at the lowest level, to 

higher levels which consider the overall effectiveness of the application. The task is to measure 

the correctness of the algorithms at the pixel level which is independent of a specific application. 

The principal characteristics describing the quality of the motion detection algorithm at the pixel 

level is the spatial deviation from the ground-truth detection map. In the context of object 

detection, spatial deviations from a ground-truth map can be divided into the following classes: 

True positives (TP) is the number of the change pixels which are correctly detected. False positives 

(FP) is the number of no-change pixels, incorrectly flagged as foreground pixels. True negatives 
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(TN) is the number of no-change pixels correct detected. False negatives (FN) is the number of 

change pixels, wrongly classified as no-change pixels. Based on these values, the precision (or 

true positive rate), recall (or sensitivity) and specificity (or true negative rate) are defined for each 

image as in equation 2-23 to 2-25.  

To find a compromise between Precision, Recall and Specificity, three most commonly used 

metrics in measuring the performance of pixel-wise motion detection, 𝐹1 measure, Jaccard 

coefficient (JC), and the percentage of correct classification (PCC) defined in equation 2-26 to 2-

28 are chosen to evaluate the quality of segmentations with respect to ground truth segmentations 

for all image sequences. 

 

6.3.3 Comparison of Motion Detection Algorithms 

 

Compared to motion detection algorithms reviewed in the literature, the proposed method is 

simple to implement and require minimum number of parameters. In addition, it can detect objects 

under different conditions. As identified in section 2.4, there are very few presented moving object 

segmentation methods, constraint to a mono-camera with affine-camera motions available.  

Therefore, the following comparison methods are chosen to demonstrate the robustness and 

validity of the proposed algorithm: global thresholding used by Rosin [247], local adaptive 

thresholding used by Aach et al. [242], thresholding based on accumulated frame differences in 

Leng [244], thresholding based on the optical flow and frame difference in Tian [278], and the 

proposed method. All the image sequences in competing methods are motion compensated using 

the proposed techniques in Chapter 3. Recent proposed techniques [241] [243] identified in section 

2.4, are very similar to local adaptive thresholding used by Aach et al. [242] and accumulated 

frame differences in Leng [244] after plugging proposed motion compensator. Given this context, 

the implemented methods for inter-algorithm comparison are still up-to-date.  
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6.3.4 Results analysis 

 

For each sequence there are 10 randomly selected pairs of images for which the ground-truth 

foreground masks are available. Each pair are tested with the proposed algorithm and compared 

with other four algorithms in 6.4.2. Both qualitative and quantitative analysis of the results are 

presented. The qualitative results for the pedestrian and moving vehicles sequences are shown in 

Figure 6-8 and 6-9 respectively. The quantitative performance of foreground detection is typically 

evaluated by comparing generated foreground masks with the corresponding ground-truth. The 

quantitative results corresponding to each sequence, are shown in Figure 6-9 and 6-10, 

respectively, largely supporting the visual results. 

 

6.3.4.1 Qualitative and Analysis 

 

As shown in Figure 6-8, moving pedestrians generate inconsistent motions from different body 

parts. More specifically, one can clearly see the upper body of the pedestrian stays at constant 

speed, but legs exhibit uncertain trajectory motion patterns; the acceleration rates on both legs 

vary across frames in Figure 6-8a. The pedestrian’s left leg is almost invisible in difference frame 

16 as there is little motion between frame 16 and 17. The pedestrian’s left leg is completely 

invisible in difference frame 20 since it is occluded by the right leg in frame 21. The uncertain 

motion pattern generated from different body parts makes a single motion detection algorithm 

unsuitable for accurate tracking. Furthermore, artifacts caused by frame alignment begin to appear 

in the presence of camera motion.  As shown in Figure 6-8b, there are considerable noise due to 

the geometric correction above half pixel. In both Rosin’s global thresholding and Aach’s local 

thresholding methods, the magnitudes of the change produced by registration error are well above 
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the threshold and are difficult to quantify. As a result, inappropriate selection of thresholds 

misclassifies pixels caused by misalignment as true positives.   

 

The other issue associated with two-frame temporal based differencing method is that it fails to 

detect many of the interiors of the moving object due to its slow object motion. As shown Figure 6-

8d, and 6-8e from frame 14 to 17, the pedestrian’s left leg is not detected. Leng improved the 

change detection inside the object regions by comparing current frame with the frame accumulated 

over past N frames. However, in the case where objects are moving fast, many of the covered 

areas are also marked as ‘change’. The accumulated error is more evident in Figure 6-9b where 

the cars are moving fast. Tian’s approach presents inferior performance when encountered 

uncertain motions because its initial motion detection is susceptible to the motion discontinuity. 

In contrast, proposed adaptive KF filter follows along the trajectory of motion consistently. In this 

way, motion coherence is maintained, even with zero to fast motion within short time interval, as 

demonstrated in Figure 6-9h. 

(a) 
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 (b) 

 (c) 

     

 (d) 

 

 (e) 
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 (f) 

 

 (g) 

  

 (h) 

 

 

(a) Example frames 14-20 from Pedestrian 1_T sequence (b) Difference frames (c) Ground truth 

foreground masks (d) Rosin’s method (e) Aach’s method (f) Leng’s method (g) Tian’s method (h) 

Proposed approach. 

Figure 6-8: Comparison of Motion Segmentation Results with Pedestrian 1_T sequence. 
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  (a) 

(b) 

  (c) 

 

 (d) 
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  (e) 

 

 (f) 

 (g) 

  

 (h) 

 

 (a) Example frames 14-20 from Traffic 1_T sequence (b) Difference frames (c) Ground truth foreground 

masks (d) Rosin’s method (e) Aach’s method (f) Leng’s method (g) Tian’s method (h) Proposed 

approach. 

Figure 6-9: Comparison of Motion Segmentation Results with Traffic 1_T Sequence 
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6.3.4.2 Quantitative and Analysis 

 

To support subjective analysis, simple graphics analysis together with quantitative comparison are 

used here. Experiment results measured with three different metrics for moving vehicles and 

pedestrian video sequences are shown in Figure 6-8 and 6-9. It shows that proposed method 

achieved the highest scores among all algorithms in both test cases.   

 

In both Figure 6-10 and 6-11, Rosin’s method has the worst performance overall due to its global 

thresholding. Aach’s local method works slight better in comparison to Rosin’s method due to its 

local thresholding. Tian’s has similar performance as its averaging of last two frames. Apparently, 

difference frame accumulation from Leng’s method has improved the motion detection results in 

the slow motion case but its performance becomes worse once objects move fast as shown in 

Figure 6-11.  

 

In Figure 6-11. there is much less variation among the performance of all algorithms in terms of 

PCC. Metric values fluctuate between 98% to 99%. The reason is that PCC tends to give 

misleading estimates when the amount of change is small compared to the overall image [339]. 

So, in the case where the amount of change represents less than 10% of the image, the PCC value 

is biased by the large percentage of true negatives.  
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 (a)  (b) 

(c) 

 (a) F1 score (b) PCC score (c) JC score 

Figure 6-10  Evaluation of Motion Segmentation with Different Algorithms in Pedestrian 2_T Sequence 
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(c) 

 (a) F1 score (b) PCC score (c) JC score 

Figure 6-11  Evaluation of Motion Segmentation with Different Algorithms in Traffic 1_T Sequence 

 

Moreover, a quantitative analysis in terms of recall and precision is presented in Figure 6-12. 

Focusing on the results presented in Figure 6-12, the proposed approach has the best recall since 

its ability of detecting uncertain motion if objects stop moving, are occluded, or move fast. On the 

other hand, the precision is reasonable high (above 65%) what means most of the image pixels are 

correctly classified.  It can be observed that although other algorithms achieve a better precision 

for a measurement in some cases, it is at the cost of obtaining a much worse recall. 

(a) (b) 

 (a) Precision-Recall Evaluation in Video Pedestrian 2_T (b) Precision-Recall Evaluation in video Traffic 

1_T 

Figure 6-12  Precision-Recall Evaluation Motion Segmentation with Different Algorithms  
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6.4  Conclusion 

 

To recover the moving video object masks in a more compact and perceptually meaningful way, 

a spatio-temporal segmentation for image sequences is presented in this chapter. The proposed 

BCS image segmentation algorithm groups pixels in the image into coherent atomic regions at 

first. Then the motion activity from within each segmented region is calculated given motion 

detection results from last chapter and subsequently fused together to identify moving regions. At 

last, following the temporal filtering on moving regions, true object masks can be recovered after 

remove shadow pixels. The effectiveness of the proposed algorithm in object mask recovery is 

demonstrated in comparison with existing methods for a variety of real environments. Next 

chapter concludes the outcomes of this work and identifies the issues need to be looking next. 
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Chapter 7 Conclusion 

 

 

In this thesis, the work on segmentation of moving objects captured by a moving camera is 

presented. The following four basic issues involved in typical video object segmentation are 

addressed: development of a robust region-based feature descriptor, reduction in time complexity 

of feature descriptor matching, salient motion detection for image sequences with mixed rapid, 

moderate, and slow motion content, and recovery of complete moving video object masks.  

In this chapter, the main findings with regard to the issues are summarised as the strengths and 

limitations of the studies presented in this thesis. Furthermore, recommendations for further 

research into computer vision are presented. 

 

7.1 Strengths   

 

A more robust feature descriptor developed. 

Following the literature review, a robust radius-based Fourier Descriptor is presented in chapter 

three. The steps of development include using histogram thresholding to reduce the computation 

complexity of image segmentation, applying dynamical time warping-based histogram alignment 

and selection of multi-level histogram thresholds to increase the segmentation consistency across 

frames. 
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During the step of feature extraction using histogram thresholding, the problem of significant 

histogram changes is solved by histogram warping first. Results show that the warping methods 

perform better than non-warped histogram-based methods 95% of the time in terms of feature 

matching. On average, 40% more matches are found in warped methods comparing to those non-

warped ones. In addition, the proposed integration-based DTW is 430 times faster than the DP-

based method since DP-based DTW runs in polynomial time while integration-based method runs 

in linear time. 

 

Then after mapping of gray levels in both histograms with DTW, an extension of OTSU's bi-level 

thresholding method is proposed to search for the optimal multi-level thresholds. The proposed 

variance-cut-based clustering finds more matches on average 58% of the time. In comparison, 

peak-seeking-based method achieves 29% of the time in finding more regions and entropy-based 

method only achieves 13% of the time. In additional, using Lookup tables which exploits the 

recurrence relations of the preceding terms further reduces the processing time by at least 30% 

compared to the method without using Lookup tables.  

 

After image segmentation, FDs derived on a proposed centroid-distance shape signature (CDSS), 

are extracted to capture a description of their content due to its robustness to small deviations in 

the boundary caused by the noise. Existing statistical and, proposed geometrical region 

descriptors, such as RABC and ABE are also identified experimentally as their reasonable stability 

under different type of transformations.  
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Lower time complexity of feature descriptors matching 

In chapter four, feature descriptors identified in chapter 3 for global motion estimation in video 

sequences is improved by three proposed algorithms to reduce time complexity of matching. At 

first, the outcomes of using proposed variance-cut KD tree method for initial matching between 

FDs includes: the total variance in a space is minimised while the variance between sub-spaces is 

maximised so that the similar feature vectors are grouped as much as possible; The complexity of 

the most important operations with KD-tree is low: building a KD-tree has O(NlogN)) time 

complexity and  the NNS has time complexity close to O(logN). To find more relevant matches 

during the nearest neighbor search, MDPS is applied to improve the recall rate at the trade of slight 

lower precision rate.  As demonstrated in table 4.4, MDPS search algorithm performs best among 

three search algorithms, achieving recall rate at 96.35%. Second, pre-filtering algorithm improves 

the initial putative correspondence set resulting from KD-tree based matching. As shown in Table 

4.8, using a set of constraints based on the regional feature descriptors detects 95% of false 

matches on average. At last, the sampling strategy using a reduced set of tentative correspondences 

with high similarity score speeds up the convergence of RANSAC algorithm. Consequently, the 

time complexity of matching is further reduced. 

 

Better Performance in salient motion detection 

After compensated with global motion estimation, chapter five presents two original and efficient 

motion detection algorithms to detect salient motion for image sequences. First, boundaries and 

partial interiors of moving objects are detected by a simple local adaptive temporal differencing 

method, achieving more than 80% precision rate but 40% recall rate. The advantage of this method 

is that no prior knowledge of distribution of noise is required. In addition, a two-step block-based 

KF motion tracking solution is applied to recover motion pixels missed by the temporal 

differencing. BVBS-based block matching method identifies object blocks with high motion 
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details while filters noise out at the same time. The adaptive Kalman filter in the second step 

recovers missing motion blocks by tracking motion trajectory of the target. The outcome of this 

detection method is that more than 80% of motion pixels can be detected at the trade-off of 70% 

precision rate. 

 

Better Performance in object mask recovery 

Using the motion results detected from proposed algorithms, chapter 6 presents a spatio-temporal 

segmentation algorithm to recover the complete moving video object masks. The proposed spatio 

segmentation algorithm, BCS, groups pixels in an image into coherent atomic regions at first. The 

experimental result shows a clear superiority of the BCS segmentation algorithm over the existing 

ones in terms of the number of segmented regions, compactness of the regions, and the boundary 

similarity between matched regions. Computational complexity results also show that BCS in hue 

space is more than two times faster than existing ones. Then in temporal segmentation algorithm, 

given the results from two motion detection methods, the motion activity within each segmented 

region is calculated first and then fused together to identify moving regions. The outcome of this 

motion fusion method is that both precision and recall rate are above 80%. Experiment results in 

section 6.3 shows that proposed moving object segmentation method achieves highest F_1 score 

in all test cases. In comparison to existing methods, proposed method presents better performance 

in object localisation along the boundaries of moving objects even if objects stop, are occluded, 

or move fast. 
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7.2 Limitations  

 

 

Considerations concerning the histogram thresholding 

Both feature extraction step and moving VOs recovery step require image segmentation. Image 

segmentation based solely on the gray level histogram suffers from the limitation that it provides 

no information about the relative position of pixels to each other. Experiment results have shown 

that proposed histogram thresholding-based image segmentation method cannot handle highly 

textured images. Therefore, further texture analysis should be performed to improve the 

segmentation result. 

 

Considerations concerning the partial shape matching 

Current method works on shape matching assume that the whole shape is always visible in images 

and that the complete shape contour can be extracted, and therefore, work only on closed contours 

and assume a one-to-one point correspondence between the points of two shapes. However, in 

practice, an object may be occluded or distorted when the transformation is non-rigid. Therefore, 

the problem of matching a partially occluded shape contour to another shape contour without 

occlusion by identifying matched portions of the two contours remains unsolved. 

 

Considerations concerning the scope of feature descriptors 

While most descriptors implemented in this work rely on hand-crafted features, experiment results 

have proven very successful at matching points across images. It does not depend on a large 

training set and easier to avoid descriptors driven by artifacts. However, there has recently been 
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interest in using machine learning algorithms to learn descriptors directly from large datasets 

instead of manually engineering them. The state-of-the-art performances achieved by these works 

[340] [341] suggest that the local deep descriptors are much more discriminative. Therefore, 

exploration of deep learned feature descriptors should be performed to compare the proposed 

feature descriptors in the future. 

 

Considerations concerning the hypothesis selection procedure in RANSAC algorithm 

Current improved RANSACRANSAC works by first creating multiple model hypotheses from 

small, random subsets of sorted correspondences. Then it scores each hypothesis by determining 

its consensus with all correspondences. Finally, RANSAC selects the hypothesis with the highest 

consensus as the final output. The hypothesis selection is still deterministic rather than 

probabilistic. To further speed up the convergence of the matching, more efficient sampling 

strategy are recommended. 

 

Considerations concerning the prior-knowledge of the modeling 

Kalman filtering assumes an accurate model of the state and prior distribution of noise first. The 

initial state has to be known. Therefore, their performance critically depends on a large number of 

modeling parameters which can be very difficult to obtain and are often set via significant manual 

tweaking and at a great cost of engineering time. In this work, the measurement noise in a Kalman 

filter is modeled as AWGN- additive white Gaussian noise. The Kalman filter's estimation at each 

step is a linear combination of the measurements and since they are jointly Gaussian distributed, 

so is the result. Experiment results have shown in rapid change situation, sometimes Kalman filter 

has a slow reaction speed. Therefore, automatically learning the noise parameters of a Kalman 

filter should be further studied. 
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Considerations concerning the fusion of motion detection results  

The fusion process is dynamically regulated to consider the performance of the motion detectors 

in detecting and tracking the targets. The assumption is both motion detectors are producing 

reliable estimates, which cannot always be taken for granted, as each detector possesses a variety 

of properties with different results. Therefore, it is crucial to estimate detector's reliability to find 

out the correct information from conflicting data, especially when there exist detectors providing 

low quality information. However, estimating which detector is more reliable and which motion 

detection result is correct remains a difficult problem. 

 

7.3 Future Work  

 

The design of a video object segmentation system involves the consideration of a wide set of 

questions.  In addition to the different solutions which have been adopted and described in this 

thesis, many questions have remained as undeveloped ideas, which need to be further analysed 

and worked in depth, and they are suggested as future work.  

 

Further development of image segmentation algorithm  

In the studies presented in this thesis, image segmentation tools were developed. Four suggestions 

for further research using tools developed and used in this thesis are put forward below. 

First, as results in Chapter three show that 1D-warped histogram thresholding performs better than 

non-warped methods 95% of the time in terms of feature matching, a further exploration of DTW 

in 3D colour space, such as HSV is recommended. The assumption is that higher consistency 
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among segmented regions can be achieved when DTW is applied in higher-dimension space. 

Second, as histogram thresholding is difficult to apply in intensity space for texture segmentation, 

as in [342] [343] [344], it is suggested to transform pixels from intensity space into feature space 

first, then group pixels possessing high textureness into regions with similar features, followed by 

border extraction. 

 

Suggested development of partial shape matching 

Similar to descriptors proposed in [345] [346], Fourier descriptor based on triangular features are 

recently suggested to identify shapes in partial matching. The triangular features based on current 

radius-based shape signature can be easily formed by two successive sampled point boundary 

points, and the center of gravity defined in 3.2.1. After calculating the triangular features from an 

open contour and a closed contour, the distances in all closed contour locations can be determined 

and the minimum distance as the best match between the open contour and closed contour as 

described in [345] [346]. 

 

Further examination of combining learned and existing handcrafted feature descriptors 

With the advent of deep learning, there has been a push towards reformulating local feature 

extraction using neural networks. It is worth combining pre-trained state-of-art learned feature 

descriptors with handcrafted feature descriptors proposed in this work to recover the relative 

camera motion between two images. The motivation comes from [347], where features learned 

with deep CNNs pre-trained on large datasets and various handcrafted features are used together 

for vehicle classification. 
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Further development of modeling in motion tracking 

Kalman filters require motion model and distribution of noise to be specified a priori, which may 

not be practical. To overcome such limitations, directly learning the internals of the Kalman filter 

from training data is suggested next. for example, as proposed in [348], rich, dynamic 

representations of motion and noise models can be learned using long short-term memory, which 

allows representations that depend on all previous observations and all previous states. 

 

Further development of the hypothesis selection procedure in RANSAC algorithm 

To further speed up the convergence of the matching, more efficient sampling strategy, such as, 

heuristic mechanism sampling strategies and partial evaluation procedures are recommended to 

select hypothesis. Such as demonstrated in [349], the occurrence of a mismatched pair in the 

sequential sampling of PROSAC will influence the sampling results in the next cycles, which will 

result in a deviation of the model from the correct solution. Thus, when the sample set is updated, 

only the next pair in the order is used to replace the worst matching point in the original sample. 

When performance cannot be improved further after twice sample replacement, all the pairs in the 

original sample will be replaced with the following samples, which can reduce the bad effect of 

the false pair. 

 

 

Further development of fusion of multiple motion detectors 

As the reliability of the motion detectors in this work is not explicitly considered, results could 

be seriously affected in case of a malfunctioning detector. Therefore, a means to evaluate the 

performance of the detectors and to weight their contribution in the fusion process is required. As 



 

219 

 

suggested in [350] [351] [352], the following factors should be considered during the evaluation 

process: 1) the development of a new quality function to dynamically assess the performance of 

the detector for each target; 2) explicit consideration of the accuracy of the detectors in the fusion 

process through a weight function.  
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In conclusion, various aspects of moving object detection with focusing on moving camera have 

been studied. They are specific drilled down to feature extraction, feature matching, motion 

detection and moving object mask recovery. The difficulties and challenging tasks, real-time 

concern of moving object detection methods and main methods tried to improve the techniques in 

each aspect are discussed and handled. The effectiveness of the proposed algorithm in moving 

object segmentation is evaluated with commonly used performance metrics and compared with 

existing methods for a variety of real environments. The promising results have shown huge 

potential for even higher-level intelligence such as image and video understanding, and motion 

understanding. 
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