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ABSTRACT OF DISSERTATION

IMAGE SEQUENCE SEGMENTATION USING MULTIPLE FEATURES AND 

EDGE FUSION: ITS ALGORITHM AND VLSI ARCHITECTURE

Semantic object representation is an important step for digital multimedia appli­

cations such as object-based coding, content-based access, and manipulations. This 

dissertation presents an image sequence segmentation algorithm and its VLSI archi­

tecture which provides initial region information for the video coding and the semantic 

object representation in image sequences. Our objective is to develop a hardware- 

friendly segmentation algorithm and its architecture by combining static and dynamic 

features simultaneously in one scheme.

In the initial stage of the algorithm, a multiple feature space is transformed to a 

label space by using the self-organizing feature maps (SOFM) neural networks. The 

next stage is an edge fusion in which edge information is incorporated into the neural 

network outputs to generate more precisely located boundaries of segmentation.

Pixel-based feature vectors consisting of three color, motion, and two texture 

features are extracted from two frames of an image sequence. These feature vectors 

are smoothed and normalized. A soft weighting scheme is applied to the normalized 

features. The weighting scheme suppresses unreliable feature components in a feature 

vector by making their values low. In order to generate the segmentation label space, 

the weighted multiple feature space is transformed to the one-dimensional label space 

using the SOFM neural networks. The oversegmented segmentation labels are further
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processed by incorporating edge information in order to generate segmented region 

boundaries closer to edges. The edge fusion is an iterative region merging process 

using a similarity criterion consisting of color difference, region geometry, and edge 

information between two regions. Experimental results for a variety of MPEG im­

age sequences are evaluated and compared with an existing segmentation method to 

clarify the advantages of the proposed algorithm objectively.

The proposed algorithm differs from existing methods as followings: (1) it can 

segment textured images with low-dimensional texture features, (2) it leads to more 

meaningful segmentation region boundaries, and (3) it is easier to be mapped into 

hardware than existing methods.

Also, this dissertation proposes a VLSI segmentation architecture of the proposed 

algorithm. The proposed segmentation scheme is mapped into a dedicated hardware 

system. The dedicated special-purpose system consists of motion estimation, edge 

detection, edge linking, median and min filters, feature normalization and weighting, 

the systolic feature labeling, and edge fusion subsystems which can be easily mapped 

into systolic and pipelined architectures. Computational and hardware complexities of 

the proposed system architecture are estimated in terms of the number of clock cycles, 

arithmetic components and memory requirement. The proposed VLSI architecture 

makes it possible to perform image sequence segmentation in real-time.

Jinsang Kim
Department of Electrical and Computer Engineering 
Colorado State University 
Fort Collins, Colorado 80523 
Fall, 2000
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Chapter 1 

INTRODUCTION

1.1 Background

The rapid development of VLSI and digital signal processing technology has 

created new digital services and applications in the computer, telecommunication, 

internet, and broadcasting field whose boundaries become blurred. Applications for 

digital libraries or content-based storage and retrieval should allow access to video 

data based on object representations described by attributes such as color, shape, 

and motion. Mobile multimedia services require high compression performance and 

object-based coding functionalities which allow for interaction with audio-visual ob­

jects within limited bandwidth by allocating a limited bit rate to different semantic 

parts of a scene and to fit individual needs. Real-time communications like video 

telephony should have the ability to successfully operate over a wide variety of media 

including low- and high-mobility wireless systems, LAN, PSTN, and ISDN transmis­

sion channels such that the overall end-to-end delay will be relatively small and fairly 

constant.

Research has been done to define and explore a new paradigm of creating and 

using digital video [4, 5, 6, 7, 8], and with it comes the emerging digital video applica­

tions including virtual reality, enhanced viewing experiences, and creative information 

services. Some of the digital video applications are enabled by compression standards
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like MPEG-2, but most of the compression standards go beyond video compression 

and simple playback mechanisms. The MPEG-4 standard has been developed for 

those applications. The MPEG-4 standard specifies a multimedia bit stream syn­

tax and a set of tools and interfaces for designers and builders for a wide variety of 

multimedia applications [9]. Since MPEG-4 defines a video decoder, the problem of 

image analysis was avoided by using presegmented video sequences [9, 10]. This de­

cision allows different implementations of object descriptions and object-based video 

coders. All these applications have one common requirement: video contents should 

be represented based on image analysis techniques.

An image sequence can be hierarchically decomposed into scenes and frames as 

vision system can represent the layered description of the contents of an image [11]. 

A scene is a collection of frames in time which are temporally correlated. Therefore, 

semantically meaningful objects, which a user may want to manipulate, can be ex­

tracted using the analysis results of one or more frames in a scene. It is virtually 

impossible to find semantically meaningful objects in the scene automatically, since a 

single homogeneous criterion like color or motion cannot extract satisfactory semantic 

objects, and the definition is vague and domain-dependent. In general, a semantic 

object contains different color, texture, and motion. For semantic object represen­

tation, regions (a homogeneous area segmented by static features) of homogeneous 

static feature and motion features can be grouped hierarchically as shown in Figure

1 . 1 .

Static features such as gray-level, color, and texture are relatively stable for each 

region over time. Thus homogeneous static features such as gray value, color, or 

texture are good homogeneous criterion for the bottom level region segmentation of 

frames. Moving objects in a sequence, referred to as intermediate level objects, consist 

of one or more bottom level regions, semantically meaningful objects, referred to as

2
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TOP LEVEL 
Semantic object. ancrpiimitive regions)

User interactions or 
> Knowledge-based image

"  n n H a rc tn n rlin n  cuc tam c

INTERMEDIATE LEVEL: 
Group of regions.

(Motion related 
group ot regions)

, '  ^?h9motSn'̂ u?fi0nS

BOTTOM LEVEL 
Primitive Regions.

(Regions segmented 
by static features)

Figure 1.1: The hierarchical video representation model.

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

Figure 1.2: The different object representations of mother^, daughter sequence from 
a segmentation of a frame, (a) bottom  level segmentation, (b) moving object, (c) 
semantic object, (d) a background object.

top level objects, can be created by grouping intermediate objects or regions of interest 

in the bottom  level regions by human interactions or knowledge-based systems.

Figure 1.2 shows examples tha t a bottom level region segmentation creates dif­

ferent representations of objects in an image sequence. Figure 1.2 (a) is an example 

of bottom level region segmentation of a rnother&cdaughter frame. By grouping ho­

mogeneous motion regions (assume only the daughter is moving for several frames), 

a moving object, which is useful for coding applications, can be extracted as shown 

in Figure 1.2 (b). By human interactions, for example, locating the merged region 

boundaries along the mother and daughter, the foreground of the scene can be ex-

3
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tracted as shown in Figure 1.2 (c) so that the semantic object can be manipulated. 

Also, by choosing an object of interest like Figure 1.2 (d) and replacing it with an­

other one, we can generate a different background scene. Therefore, segmentation is 

a very important step for representing visual objects.

1.2 General Description of the Problem

Hundreds of segmentation methods have been presented, but there is no unified 

method which can be considered good for all the images. Most algorithms are specific 

to the image formation model. Algorithms developed for one class of images may not 

always be applied to the other classes. The segmentation is still a very challenging 

topic in the computer vision and image processing community: (1) homogeneity cri­

teria are scene-dependent, (2) no ground-truth segmentation information is available, 

(3) the number of final segmented regions is usually unknown, and (4) segmentation 

is the ill-posed problems [12].

For extracting objects in a scene, several techniques [13, 14, 15, 16, 17] rely 

on only motion features, which is essential in image sequence. However, in general, 

the results have blurred segmentation boundaries because of the ill-posed problem of 

motion estimate [4]. Two-phase segmentation approaches [8, 18, 19] for representing 

moving objects have been proposed by supporting static segmentation. During the 

initial phase, spatial gray-level or color segmentation of a frame is first performed. 

In order to extract moving objects, the segmented regions are merged and tracked 

using an affine motion projection or area operations of dense motion projection of the 

spatially segmented regions in the second phase. These techniques are more robust 

than those using only the motion feature, since the boundaries of moving objects 

coincide with those of static segmentation. However, these techniques ignore the 

presence of textured regions. Therefore, they produce oversegmentation results when

4
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an image sequence has textured regions. Also, the iterative process and need for priori 

knowledge of a scene (the number of objects) [8, 7] make the implementation of a real­

time segmentation system difficult. The more detail descriptions of the problems in 

existing algorithms are presented in Sections 4.2 and 5.1. The limitations of the 

existing methods are summarized as follows:

•  The use of unreliable motion during the second phase for grouping regions by 

an affine motion model may generate erroneously merged regions.

•  In general, the presence of textured features in the scene is ignored, and the ho- 

mogeniety criterion for the spatial segmentation is gray-level or color. Therefore, 

the results create oversegmentation in the textured area, and their algorithms 

need a sophisticated processing for more meaningful segmentation results.

•  The algorithms lack generality, since they limit the scenes to which they are 

successfully applied, and the number of test sequences are usually one or two.

•  Most of the algorithms do not use edge information. For more meaningful 

segmentation, edge information needs to be incorporated during segmentation.

• Most of the segmentation algorithms are of a sequential and iterative nature, 

keeping them from being implemented in real-time systems.

•  Most of the algorithms lack in objective evaluations of their segmentation re­

sults. It is desirable to provide evaluation information of a segmentation algo­

rithm so that a user for later goal-oriented process can select a segmentation 

algorithm based on its evaluation data.

•  No special-purpose hardware system for image sequence segmentation is pre­

sented in the literature. For real-time applications such as video telephony and 

live broadcasting, segmentation hardware needs to be developed.
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1.3 Research Objective and Approaches

The following features are considered to be important in an image sequence 

segmentation system:

a. F lex ib ility : The segmentation should deal with static and motion feature in order

to cover all kinds of image activity.

b. R eliab ility : The segmentation should not use unreliable motion features which

may lead to segmented region boundaries far from an original image.

c. A ccuracy: The algorithm should generate precisely located boundaries of seg­

mented regions.

d . C om plex ity : The segmentation algorithm should avoid iterative procedures as

much as possible without degrading segmentation quality, and as much as pos­

sible it should have parallel processing subtasks.

e. H ard w are  m ap p ab ility : The algorithm should have hardware-friendly subfunc­

tions which can provide parallel operations with simple arithmetic hardware.

Feature (a) can be implemented by clustering pixel-based multiple features in­

cluding luminance/chrominance, motion, and texture features. In order to implement 

feature (b), a criterion is needed to decide whether the estimated motion is reliable 

or not. This can be done through a controlled feature weighting scheme. Edge infor­

mation can be incorporated into the segmentation process to implement feature (c). 

Neural networks can provide fast operations, since trained network weights can be 

reusable for other feature vectors for image segmentation. In addition, they are par­

allel in nature with simple arithmetic operations. Therefore, to implement features

(d) and (e), neural networks can be used for the segmentation.

6
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The objective of this research is to develop an image sequence segmentation 

algorithm and its VLSI architecture which provides fast and efficient descriptions of 

primitive regions or region groups for object-oriented applications of image sequences. 

First, we propose a  segmentation algorithm which can handle the existing limitations 

as mentioned in Section 1.2 as much as possible. Also, the proposed algorithm is 

mapped into a VLSI architecture which makes an image sequence segmentation real­

time.

The proposed segmentation scheme can be summarized as follows. The selected 

multiple features consist of static and dynamic features such as three color, motion, 

and two texture features. A soft weighting scheme suppresses unreliable feature com­

ponents. A multiple feature space is transformed to one dimensional label space by 

using the self-organizing feature maps (SOFM) neural networks. Edge information 

is incorporated into the neural network outputs to generate more precisely located 

boundaries of segmentation. The proposed algorithm differs from existing methods 

as following: (1) it can segment textured images with low-dimensional features, (2) 

it leads to more meaningful segmentation region boundaries, and (3) it is easier to be 

mapped into hardware than existing methods. The segmentation results are also eval­

uated and compared with an existing segmentation method using evaluation metrics 

to clarify the advantages of the proposed algorithm objectively.

In this dissertation, the proposed segmentation algorithm is also mapped into a 

VLSI architecture for real-time image sequence segmentation. The feature extraction, 

filtering, normalization, weighting, and labeling subtasks are highly regular tasks and 

are mapped into systolic and pipelined architectures. The edge fusion subtask involves 

an iterative region merging process which needs to access an arbitrarily shaped region 

by index addressing of the region label. The performance of the proposed VLSI 

segmentation architecture is estimated in terms of the number of clock cycles and 

hardware components.

7
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1.4 M ain Contributions

In general, image and video processing associate with high computation and 

I/O  bandwidths and large storage. Image and video segmentation schemes involve 

complex subtasks performing different computational characteristics such as feature 

extraction, filtering, normalization, weighting, pixel labeling, and post-processing. 

Therefore, the development of such system consists of both the selection of appropriate 

techniques among those available in the literature, as well as the development of novel 

ones. W ith this in mind, the major contributions and expected outcomes of this 

research can be summarized as follows:

•  The proposed algorithm provides a means to segment the textured regions in 

image sequences as well as nontextured regions all in one scheme.

•  The proposed algorithm does not require high dimensional textured features, as 

often required for most of the existing texture segmentation algorithms. This 

is done by incorporating motion feature components into a multiple feature 

vector, since motion features mainly contribute to the segmentation of textured 

regions.

•  A soft feature weighting scheme is developed, by which only reliable feature 

components are selected for the segmentation.

• Feature labeling using the SOFM neural networks approach provides fast and 

parallel operations, since the trained code words can be reused for the seg­

mentation of other image sequences, and the feature labelings are done with 

vector-matrix multiplications followed by a winner-take-all procedure.

• The proposed algorithm generates more precisely located region boundaries, 

since the proposed edge fusion subsystem incorporates edge information to pro­

duce final segmentation results.

8
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•  The extracted feature components can also be directly used for an object de­

scription without any further computations, since multiple features such as 

color, texture, shape (contour of the segmentation), and motion (which are also 

basic descriptors for MPEG-7) are incorporated into the segmentation process.

•  Most existing image sequence segmentation algorithms lack in objective evalu­

ations of their segmentation results. The segmentation results for a variety of 

MPEG image sequences are evaluated and compared using several evaluation 

metrics to provide objective evaluation.

•  The proposed algorithm is hardware-friendly, since the feature extraction, fil­

tering, weighting, and labeling subtasks are easily mapped into systolic and 

pipelined architectures. In addition, the process of the edge fusion does not 

require complex arithmetic.

•  A VLSI architecture for the proposed algorithm is proposed, and the computa­

tional and hardware complexity of the architecture are analyzed to evaluate the 

cost and performance tradeoffs. The hardware performance gain of five orders 

of magnitude over software implementation can be achieved, thus, making it 

possible to perform real-time image sequence segmentation.

1.5 Organization of the D issertation

The object-based video processing, representation techniques, and their corre­

sponding standards are briefly reviewed in Chapter 2. It includes some drawbacks of 

the first generation of video coding in applying the second generation of video coding 

and content-based object manipulation applications, object-oriented functionalties, 

MPEG-4 standard encoding scheme and its evaluation methods, ongoing standard, 

MPEG-7, and MPEG-21.

9
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In Chapter 3, image (sequence) features and typical segmentation methods are 

discussed. The ill-posed problems of early vision processing, methods for extracting 

image sequence features such as color, motion, texture, and edges are covered in 

Chapter 3. In addition, typical image (sequence) segmentation methods and their 

evaluation metrics are briefly discussed.

Chapter 4 presents the proposed image sequence segmentation algorithm. The 

previous works and problems of existing image sequence segmentation methods are 

described in more detail. Also, the feature selection, filtering, and normalization 

processes are included. The feature weighting scheme suppressing unreliable feature 

components is developed utilizing motion confidence measures, and the advantages 

of the feature weighting scheme are discussed for the segmentation of textured image 

sequences. The multiple feature clustering and labeling method using the SOFM 

neural networks are also covered in Chapter 4. The edge fusion scheme to provide 

more meaningful region boundaries of segmentation is developed, and timing analysis, 

experimental results, and evaluations of the segmentation are included in Chapter 4.

Chapter 5 presents the VLSI architecture of the proposed algorithm. The systolic 

array architectures for texture feature extraction and motion confidence measure are 

developed, and motion estimation, edge detection and linking, and feature filtering 

architecutures are discussed. The pipeline architectures for feature normalization, 

weighting and labeling (the throughput of these three subtasks is one feature vector 

per clock) are developed. In addition, the iterative edge fusion scheme is mapped into 

several subsystems. Also, the complexity of the proposed segmentation algorithm and 

its VLSI architecture are presented to show the advantages of the dedicated VLSI 

architecture.

Finally, concluding remarks and suggestion for future work are given in Chapter 

6. In Appendices, abbreviations, acronyms, and notations in this dissertation are

10
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attached. In addition, auxiliary experimental data and source codes for both the pro­

posed segmentation algorithm and the VLSI architecture are included in Appendices.

11
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Chapter 2

OBJECT-BASED VIDEO 
PROCESSING AND  
REPRESENTATION

2.1 Introduction

The main objective of this chapter is to present the recent developments of object- 

oriented video processing. The trend is that the scene is processed with the concept 

of objects rather than pixel or block of pixels [9, 20, 21]. The digital representation 

of an image or a sequence of images requires a very large number of bits. The 

objective of image coding is to compress the large number of bits as much as possible, 

and reconstruct an original image or an image sequence faithfully. Waveform-based 

image coding techniques have been the only approaches utilized in image compression. 

One of the main problems with these approaches, so-called first generation coding 

techniques, is that they do not question the image representation structure, since 

they adapt the concept of pixel or block-based processing.

In order to overcome the limitations of the first generation image coding tech­

niques, the second generation image coding was formally introduced in 1985 [22]. In 

addition to improved coding efficiency, object-based video processing allows a number 

of functionalities (see details in Section 2.3.1) which provide solutions to emerging
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digital services. For more details of the object-based video coding, the readers should 

refer to [5].

The first generation video coding schemes are presented in Section 2.2. In Section 

2.3, the second generation video coding scheme based on the entities of object is 

reviewed. The brief introductions of MPEG-4, MPEG-7 and MPEG-21 standards 

are provided in Section 2.4, 2.5, and 2.6.

2.2 First Generation of V ideo Coding

The first generation image and video coding techniques achieve compression by 

reducing the statistical redundancy of image data. First generation coding is based 

on the theory of rate distortion optimization, which aims at minimizing the distor­

tion given the coding rate. The basic schemes that are generally considered as first 

generation are pulse code modulation, predictive coding, transform coding, vector 

quantization and the subband coding and wavelets transform coding.

International standards, MPEG-1 [23] (storage and retrieval of moving pictures 

and audio on storage media), MPEG-2 [24] (digital television), H.261 [25] and H.263 

[26] (video conference), adopted some of these techniques. These schemes achieve the 

compression by means of hybrid approaches, in which the temporal correlations is 

exploited with motion estimation and compensation techniques, whereas decorrelation 

techniques based on waveform coding (mainly DCT) are used in spatial domain. 

Temporal correlation is obtained by estimating the displacements that 8 x 8 or 16 x 16 

pixel blocks in the current frame have undergone with respect to reference frames (in 

the past and future). Spatial decorrelation at each block is then applied to the residual 

error after the motion compensation, thus reducing the spatial correlation. However, 

this method creates some drawbacks as follows:

13
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• The semantic content of the image is not taken into account: the blind division 

results in block effect when high compression ratios are required.

• The block based motion may have little resemblance to the true motion of the 

objects in the scene.

• The human visual system (HVS) , the most important part of image processing 

system, is taken into little account. Subband decomposition and wavelets are 

related to the frequency characteristics of the HVS. But they are based on the 

pixel as the basic processing element, whereas the HVS interprets the scene 

based on the image features such as edges, contours and textures (contents of 

object such as gray-level and color) rather than pixels [22, 27].

The first generation schemes are excellent texture coding schemes. They have 

proven to provide very good image quality for moderate compression rates. However, 

the main drawback of these techniques is their lack of a mechanism to cope with 

the functionalities that allow object-based manipulation and access for the emerging 

digital services, since the coding schemes are based on the pixels or blocks.

2.3 Second Generation o f V ideo Coding

One of the key issues for the second generation of video coding which was initiated 

in [22] was the consideration of HVS [27]. The most important conclusions of the 

study are as follows:

• The edge and contour information are very much appreciated by the HVS and 

are responsible for our perception.

•  Texture is associated with additional information, which is less important than 

the edges and contours.

14
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•  The images of many natural objects can be approximated by members of a class 

of deterministically self-similar sets.

These conclusions lead to the integration of HVS into the second generation coding 

system. The most evident result of this trend is the video coding systems based 

on segmentation. The object-based representation can create the new functionalities 

which the first coding schemes cannot do.

2.3.1 Object-Oriented Functionalities

The introduction of arbitrary objects in the second generation coding scheme 

also results in a quite remarkable improvement in terms of the functionalities which 

are required for the new video processing schemes. The analysis of image sequences in 

term of homogeneous (semantic) regions is indeed a key issue for emerging multimedia 

services. As far as coding is concerned, the object based manipulation of video will 

enable a number of functionalities, such as:

C o n ten t based  fu n c tio n a lities : The different semantic objects can be multiplexed 

separately in the bitstream, allowing the receiver to manipulate each object 

independently, combining them according to a composition script that can be 

transm itted together with the data or generated locally. In addition to this, 

the decoder can choose to download a subset of the objects, still obtaining a 

semantically meaningful scene (object scalability).

Im p ro v ed  coding  efficiency: The possibility of choosing the best coding strategy 

independently for each of the objects can significantly improve the coding ef­

ficiency. For instance, in a video conference system, the area of the image 

corresponding to a projected black-and-white transparency can be coded using

15
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bi-level technique, rather than a hybrid coding scheme. Furthermore, the pa­

rameters of the coding process itself (quantization step) can be adapted to the 

characteristics of the object.

R o b u s tn ess  in  E rro r  P ro n e  E n v iro n m en ts: Part of the bitstream correspond­

ing to different objects can be protected with different levels of error resilence, 

both at the source and at the channel coding level, according to their relative 

importance to the overall scene. This will guarantee a higher level of subjective 

quality in error-prone environments.

S calab ility : The object based structure of the bitstream allows two kinds of scalabil­

ity, namely temporal and spatial scalability. The bitstream can be structured so 

as to allow the decoder to retrieve the same object at different levels of spatial 

and/or temporal resolution.

C o n ten t descrip tio n : The possibility of accessing the semantic contents of a scene 

allows the description of the scene content in a much more efficient way, allowing 

faster access and retrieval of the desired information.

2.3.2 Segmentation-based Video Coding

The image coding scheme proposed in [22], which took into account the properties 

of HVS, was based on a contour and texture representation of the image. As far 

as the still image coding is concerned, the approach is quite simple. Once a good 

segmentation of the image in homogeneous regions is found, the resulting contours 

and textures have to be coded. This approach is referred to as segmentation-based 

image coding. When it comes to the segmentation-based coding of image sequences, 

the presence of motion poses a number of questions that complicate the scenario:

16
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• In addition to the segmentation in the spatial domain, segmentation in the 

temporal domain can be applied, either alone or in association with the spatial 

information (spatio-temporal segmentation).

•  The concept of contour in the still image has to be extended in the temporal 

dimension, together with the constraints on its temporal coherence and continu­

ity. Indeed, region tracking becomes therefore mandatory for the content-based 

functionalities.

•  The motion estimation techniques used in first generation coding scheme may 

be not efficient when applied in a framework where objects are addressed, rather 

than pixels or blocks.

The main characteristic of the segmentation-based coding schemes is that the 

partition of the scene is signal dependent and not determined a priori as it is the 

case for block based first generation schemes. These techniques therefore rely on two 

stages, namely an analysis step (mainly segmentation) and a synthesis step (mainly 

the coding functions).

The analysis and the synthesis phases are performed sequentially and indepen­

dently [5]. In this scheme, images of the incoming sequence are decomposed into 

arbitrarily shaped moving objects. Each moving object is described by three sets of 

parameters defining its shape, motion and color. While coding of color parameters 

requires a relatively high amount of bits, coding of shape and motion parameters does 

not. Therefore, in a first step, the current image is synthesized using only the shape 

and motion parameters of the current image and the motion compensated color pa­

rameters of the previous image. Then, for each object those areas are detected where 

this synthesis does not lead to a sufficient quality. For these model failure (MF) areas, 

the frame to frame changes cannot be described by the underlying source model. For

17
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all objects, motion and shape parameters are coded and transmitted to the receiver. 

In order to reach a high coding efficiency, color parameters are coded and transm itted 

only for the MF areas of the objects.

2.4 M PEG-4: Standard for M ultimedia Applica­
tions

MPEG-4 is an ISO/IEC standard developed by MPEG (Moving Picture Experts 

Group), the committee th a t also developed the Emmy Award winning standards 

known as MPEG-1 and MPEG-2. These standards made interactive video on CD- 

ROM and Digital Television possible. MPEG-4 is the result of another international 

effort involving hundreds of researchers and engineers from all over the world. MPEG- 

4, whose formal ISO/IEC designation is ISO/IEC 14496, was finalized in October 1998 

and became an International Standard in the first months of 1999. Currently, MPEG 

is finalizing backward compatible extensions under the title of MPEG-4 Version 2.

MPEG-4 builds on the proven success of three fields: digital television, interac­

tive graphics applications (synthetic content), interactive multimedia (World Wide 

Web, distribution of and access to content). MPEG-4 provides the standardized 

technological elements enabling the integration of the production, distribution and 

content access paradigms of the three fields.

The main characteristic of MPEG-4 is that it will be the first coding standard in 

which data is considered as a composition of separately coded objects, allowing the 

independent access and manipulation of each object. The key concept in the standard 

is the Audio Visual Object (AVO), which is defined as a representation of a real or 

virtual object that can be manifested aurally and/or visually. AVOs are generally 

hierarchical, in that they may be defined as composites of other AVOs called sub­

objects. For a simple example, an AVO inserted into a scene like news broadcasting
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is an application that has so far been addressed in TV studios by means of analog 

techniques known as chroma keying.

The MPEG-4 standard provides a set of technologies to satisfy the needs of 

authors, service providers and end users alike.

•  For authors, MPEG-4 enables the production of content tha t has far greater 

reusability, has greater flexibility than is possible today with individual tech­

nologies such as digital television, animated graphics, World Wide Web (WWW) 

pages and their extensions. Also, it is now possible to better manage and protect 

content owner rights.

•  For network service providers, MPEG-4 offers transparent information, which 

can be interpreted and translated into the appropriate native signaling messages 

of each network with the help of relevant standards bodies. The foregoing, 

however, excludes Quality of Service (QoS) considerations, for which MPEG- 

4 provides a generic QoS descriptor for different MPEG-4 media. The exact 

translations from the QoS parameters set for each media to the network QoS 

are beyond the scope of MPEG-4 and are left to network providers. Signaling of 

the MPEG-4 media QoS descriptors end-to-end enables transport optimization 

in heterogeneous networks.

• For end users, MPEG-4 brings higher levels of interaction with content, within 

the limits set by the author. It also brings multimedia to new networks, in­

cluding those employing relatively low bitrate, and mobile ones. An MPEG-4 

applications document exists on the MPEG Home page (www.cselt.it/mpeg), 

which describes many end user applications, including interactive multimedia, 

broadcast and mobile communications.

MPEG-4 achieves these goals by providing standardized ways to:
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•  Represent AVOs, which can be of natural or synthetic origin. This means they 

could be recorded with a camera or microphone, or generated with a computer.

• Describe the composition of these objects to create compound media objects 

that form audiovisual scenes.

•  Multiplex and synchronize the data  associated with media objects, so that they 

can be transported over network channels providing a QoS appropriate for the 

nature of the specific media objects;

•  Interact with the audiovisual scene generated at the receivers end.

These goals are achieved by the two basic elements of the standard, i.e

• A set of coding tools for audio visual objects, capable of providing support to 

different functionalities, such as object-based interactivity and scalability, and 

error robustness, in addition to efficient compression.

•  A syntactic description of coded audio visual objects, providing a formal method 

for describing the coded representation of these objects and the methods used 

to code them.

2.4.1 Video Encoding

The concept of Video Objects (VO) has been introduced in MPEG-4 to allow 

content/object level interactivity. A VO can be a specific object, such as a person, 

car, building, etc. or it can be a broad object such as the foreground, background, 

region, etc. A Video Object Plane (VOP) is an instance of a VO. For natural video, 

a VOP is a 2D representation of an object at a given time.

MPEG-4 has introduced the concept of Video Object Layers (VOL) to facilitate 

object based temporal and spatial scalability. In nonscalable video bitstreams, there
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is only one layer per object, the base layer. In scalable video bitstreams, there are two 

or more layers per object. The first layer is the base layer. It is decoded independently 

of the other layers. The other layers are known as the enhancement layer(s). Each 

of the enhancement layers is decoded with respect to the layer immediately below it. 

Figure 2.1 depicts the general MPEG-4 video encoding scheme and the VOP encoder 

structure.

At the encoder, a stream of input pictures is fed into the VOP definition block 

where each scene is decomposed into its component VOPs. Each of the VOPs is 

coded individually and is multiplexed together into coded bitstream. MPEG-4 does 

not specify the method used to define the VOPs. VOPs can be defined automatically, 

semi-automatically (with human assistance) or completely manually. Each VO and 

VOP can be accessed and manipulated in the coded bitstream. Therefore, by making 

VOPs semantically meaningful, the specification allows for meaningful interaction 

with scene content. Each VOP can be arbitrarily shaped.

MPEG-4 has introduced the concept of alpha channels (or shape information) 

to assist in the composition process. Each pixel in a VOP has an alpha channel 

associated with it. The bounding rectangle is then extended to multiples of 16 x 16 

blocks to form an extended alpha plane. The extended alpha samples are set to zero. 

The extended alpha planes are then broken into blocks of 16 x 16 (known as alpha 

blocks). The shape encoding process is carried out on the alpha blocks.

Motion compensation is performed on macroblocks (16 x 16 blocks). Motion- 

estimation and compensation can also be performed on 8 x 8 blocks if the overhead 

required to represent motion information can be tolerated. MPEG-4 features an 

improved motion compensated prediction technique. Polygon matching, rather than 

block matching, is used to estimate the motion of the blocks on the boundary of the 

arbitrarily shaped VOP.
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Intra VOPs and the residual data after motion compensation are coded using a 

8 x 8  block DCT scheme. The DCT is performed on the luminance and the chromi­

nance planes separately. For arbitrary shaped VOPs where the intra 8 x 8  macroblock 

lies on the border of the VOP shape, the blocks are first padded and the blocks are 

then coded using the coding technique used in the H.263.

In order to leave space for competition among different implementations and give 

flexibility to the MPEG-4 codec, the method to obtain the AVOs are not included in 

the standard. Similarly, the encoder itself is not standardized, as compliance with 

the standard is requested only at the bitstream level. The coding tools for each of the 

objects can be chosen dynamically according to the characteristics of the object itself.

2.4.2 Evaluation of MPEG-4 Video Codec

MPEG carries out verification tests to check whether the standard delivers what 

it promises [28]. In order for the MPEG-4 subjective tests to be fair and effective, 

traditional subjective test methods had to be adapted such that the tests evaluate new 

coding functionalities, low target bitrates video and a large number of different types 

of impairments [28]. Four test methods are used in the MPEG-4 video subjective 

tests: double stimulus continuous quality scale, double stimulus impairment scale, 

double stimulus binary vote, and single stimulus.

2.4.2.1 Double Stimulus Continuous Quality Scale (DSCQS) M ethod

In the DSCQS method, each trial consists of a pair of stimuli: one is the reference, 

and the other is the test. The test stimulus is usually the reference after undergoing 

some type of processing. The two stimuli are each presented in a trial, in alternating 

fashion, with the order of the two randomly chosen for each trial.

Test subjects are not informed of the ordering of the test and reference stimuli, 

and they rate each stimulus by marking a continuous quality scale. Occasionally in a
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DSCQS test, both stimuli presented in a trial are the reference stimulus. Such trails 

are used to detect erratic test subject behavior.

This method is typically applied for evaluations where the quality difference 

between the test and reference sequences is not too large. In MPEG-4 tests, this 

method is applied to the highest bit rates (320 ~  1024 kbit/s).

2.4.2.2 Double Stimulus Impairment Scale (DSIS) M ethod

As in the DSCQS method, each trial consists of a pair of stimuli. However, 

the two stimuli are always presented in the same order: the reference is always first, 

followed by the test. In the DSIS method, test subjects compare the two stimuli in a 

trial and rate the impairment of the test stimulus with respect to the reference using 

a five-level degradation scale such as imperceptible, perceptible but not annoying, 

slightly annoying, annoying and very annoying.

This method is suitable for evaluating the performance of systems that introduce 

clearly visible impairment at low and medium bit rates (48 ~  320 kbit/s).

2.4.2.3 Double Stimulus Binary Vote M ethod (DSBV) M ethod

The DSBV method is a nonstandard method, specially designed by MPEG test 

experts to evaluate the performance of a codec following a very long bust of bit error 

causing loss of codec synchronization. Very bad decoded video quality is expected 

under these conditions. Therefore, test subjects are asked to evaluate whether the 

codecs under test recover from the error burst by the end of the test sequence, and 

vote ”yes” or ”no\

2.4.2.4 Single Stimulus (SS) M ethod

Only one stimulus is presented in the SS method. The test subject rates each 

stimulus, typically using a five-level quality scale (i.e., Excellent, Good, Fair, Poor,
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Bad). The SS method is appropriate when references are not available. At lowest 

tested bit rates, appropriate reference sequences are not readily available. Thus, the 

SS test method was applied for evaluating the performance of proposals at very low 

bit rates (10 ~  48 kbit/s).

During the MPEG-4 standardization, it became clear that not only was it im­

portant to provide users with efficient ways of coding and manipulation AVOs, but it 

was important to  devise appropriate methods to access and organize huge amounts 

of data. A new standard, known as MPEG-7, is currently under development.

2.5 M PEG-7: M ultim edia Content Description In­
terface

Nowadays, more and more audiovisual information is available, from many sources 

around the world. Also, there are people who want to use this audiovisual informa­

tion for various purposes. However, before the information can be used, it must be 

located. At the same time, the increasing availability of potentially interesting ma­

terial makes this search more difficult. This challenging situation led to the need of 

a solution for the problem of quickly and efficiently searching for various types of 

multimedia material interesting to the user. MPEG-7 wants to answer to this need, 

providing this solution.

MPEG-7, formally named ’’Multimedia Content Description Interface”, aims to 

create a standard for describing the multimedia content data that will support some 

degree of interpretation of the informations meaning, which can be passed onto, or 

accessed by, a device or a computer code. MPEG-7 is not aimed at any one application 

in particular; rather, the elements that MPEG-7 standardises shall support as broad 

a range of applications as possible. MPEG-7 will be a standardized description of 

various types of multimedia information. This description will be associated with the
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content itself, to allow fast and efficient searching for material that is of interest to the 

user. MPEG-7 is in the phase of defining committe draft and international standard 

for MPEG-7 will be issued in September 20001. MPEG-7 will standardize: i) a set 

of description schemes, ii) a language to specify description schemes (and possibly 

descriptors), iii) the Description Definition Language (DDL), iv) one or more ways 

to encode descriptions.

For more details regarding the MPEG-7 background, goals, areas of interest, 

requirements, development process and work plan, please refer to ’’MPEG-7: Con­

text, Objectives, and Technical Roadmap” , ’’Applications for MPEG-7” , ’’MPEG-7 

Requirements” , and ’’MPEG-7 Development Process”. This framework opens new 

perspectives to the field of image analysis. The challenge is not only to extract in­

formation from visual scenes in order to produce objects in view of MPEG-4 coding, 

but also to extract relevant features that could help in describing each object as well 

as the complete scene.

2.6 MPEG-21: M ultim edia Framework

Nowadays, many elements exist to build an infrastructure for the delivery and 

consumption of multimedia content. There is, however, no big picture to describe how 

the specification of these elements, either in existence or under development, relate 

to each other. The aim of starting MPEG-21 has been: i) to understand if and how 

these various components fit together and ii) to discuss which new standards may be 

required, if gaps in the infrastructure exist and, once the above two points have been 

reached, iii) to actually accomplish the integration of different standards [29].

The digital market place, which is founded upon ubiquitous international commu­

nication networks such as the Internet, rewrites existing business models for trading
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physical goods with new models for distributing and trading digital content elec­

tronically. In this new market place, it is becoming increasingly difficult to separate 

the different intellectual property rights which are associated with multimedia con­

tent. The quest to bring the ultimate experience in multimedia entertainment to the 

consumer means that the boundaries between the delivery of audio sound (music and 

spoken word), accompanying artwork (graphics), text (lyrics), video (visual) and syn­

thetic spaces will become increasingly blurred. New, complex solutions are required 

to manage the delivery process of these different content types in an integrated and 

harmonized way, entirely transparent to the consumer of multimedia services. And 

this is only one of the issues tha t needs to be addressed; there are others, like finding 

content and ensuring quality of service.

A multimedia framework is required to support this new type of commerce. 

Such a framework requires that a shared vision, or roadmap, is understood by its 

architects, to ensure that the systems that deliver e-content are interoperable and 

that transactions are simplified and, if possible, automated. This should apply to the 

infrastructure requirements for content delivery, content security, rights management, 

secure payment, and the technologies enabling them and the list is probably not 

exhaustive. The scope of MPEG-21 could therefore be described as the integration 

of two critical technologies: how consumers can search for and obtain content either 

personally, or through the use of intelligent agents and how content can be presented 

for consumption according to usage rights associated with the content. Work on the 

new standard, MPEG-21 has just started in June 2000.
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Chapter 3

IMAGE FEATURES AND  
SEGMENTATION METHODS

3.1 Introduction

For segmentation of an image or an image sequence, image features consisting 

of homogeneity criteria are extracted. Image features such as edge and motion face 

ill-posed problems as discussed in Section 3.2. In Section 3.3, image features such as 

color coordinate systems, texture features, motion, and edge detection methods are 

presented. In addition, typical image and image sequence segmentation techniques 

are described in Section 3.4 and 3.5, respectively. Finally, segmentation evaluation 

metrics are discussed in Section 3.6.

3.2 Ill-posed Problem s of Early V ision Process

Early vision consists of a set of process that recover physical properties of the 

visible three-dimensional surfaces from the two-dimensional images [30]. Examples 

of early vision processes are edge detection, computation of optical flow, shape from 

contours, shape from texture, structure from stereo and segmentation etc.

A good definition of early vision is that it is inverse optics. In classical optics 

or in computer graphics, the basic problem is to determine the images of three- 

dimensional objects, where vision is confronted with the inverse problem of recovering
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surfaces from images. As so much information is lost during the imaging process that 

projects the three-dimensional world into two-dimensional images, vision must often 

rely on natural constraints, that is, assumptions about the physical world, to derive 

unambiguous output.

Two im portant problems in early vision are the computation of motion and edge 

detection. The computation of two-dimensional field of velocities in the image is 

a critical step for recovering the motion and the three-dimensional structure of ob­

jects. Local motion measurements provide only the normal component of velocity. 

The tangential component remains invisible to purely local measurements. The prob­

lem of estimating the full velocity field is thus, in general, underdetermined by the 

measurements that are directly available from the image.

Edge detection is the process to detect and localize sharp changes in image 

intensity. This is a problem of numerical differentiation of image data, which is 

distorted by the noise unavoidable during the imaging and the sampling processes. 

Differentiation amplifies noise and this process is thus inherently unstable. Most 

problems in early vision present similar difficulties.

A problem is well-posed when its solution exists, is unique and depends con­

tinuously on the initial data. Ill-posed problems fail to satisfy one or more of these 

criteria. Note that the third condition does not imply th a t the solution is robust 

against noise in practice. For this, the problem must not only be well-posed but also 

be well conditioned to ensure numerical stability.

Computation of the optical flow is ill-posed because the inverse problem of recov­

ering the full velocity field from its normal component along a  contour fails to satisfy 

the uniqueness condition. Edge detection, intended as numerical differentiation, is 

ill-posed because the solution does not depend continuously on the data. Segmen­

tation of the image is also ill-posed in the sense that there is no unique solution,
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and boundaries of segmented regions lie on pixels where there are abrupt changes of

gray/color values.

The main idea for solving ill-posed problems, that is for restoring well-posedness, 

is to restrict the class of admissible solutions by introducing suitable a priori knowl­

edge. A priori knowledge can be exploited, for example, under the form of either 

variational principles that impose constraints on the possible solutions or as statisti­

cal properties of the solution space.

W ith the rapid increases of computational power over the last decade, the use of 

color features, which convey much more information, has received much attention for 

segmentation [31]. The visual information caused by colored light is richer than that

such as red, green and yellow. Saturation (excitation purity) refers to how far color is 

from a gray of equal intensity, white color. Lightness embodies the achromatic notion 

of perceived intensity of a reflecting object.

According to the tristimulus theory [32], color can be represented by three com­

ponents, resulting from three separate color filter Sx, x  = R ,G , B, on light radiance 

E (A) as follows:

If variations of intensities are uniform across the spectrum, then normalized RGB 

space is of value:

3.3 Image Features

3.3.1 Color Space

caused by achromatic light. Hue (dominant wavelength) distinguishes among colors

J  E(X)SG(X)dX, (3.1)

R G B
9 R  + G + B ’ R  + G + B '

(3.2)
r  R + G + B
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R G B  color model is used in color input and output devices such as color CRT monitors 

and video camera. However, RG B  is not very efficient for representing real-world 

images, since equal bandwidths are required to describe all three color components.

There are many color models which are linear or nonlinear transformations of 

these three primaries. Generally, there is no color system which is good for all color 

images. Color coordinate systems are specific to the applications. R G B  tristimulus 

coordinates exclude some visible colors. They are depend on physical sensors. For 

this reason, an international organization responsible for color metrics, the CIE, fixed 

X Y Z  coordinates. They can be produced from R G B  space by a linear transformation 

which was determined empirically.

067 0.174 0.200] [R '
(3.3)

Y IQ  is used in American TV system. Y IQ  is a recoding of RG B  for transmission 

efficiency and for downward compatibility with black-and-white television.

X ' '0.067 0.174 0.200' R
Y = 0.299 0.587 0.114 G
Z 0.000 0.066 1.116 B

'y ' '0.299 0.587 0.114 ’ 'R '
I = 0.596 -0.275 -0.321 G (3.4)
Q 0.212 -0.523 0.311 B

Note that luminance Y  reflects the relative importance of green and red and the 

relative unimportance of blue which corresponds the luminance efficient function, 

the eye’s response to light of the constant luminance, as the dominant wavelength 

is varied: our peak sensitivity is to yellow-green light of wavelength around 550nm. 

The chromaticity is encoded in /  and Q.

y ' 0.299 0.587 0.114 ' R
u = -0.147 -0.289 0.437 G (3.5)
V 0.615 -0.515 -0.100 B

Y U V  is the European TV system. Y  represents luminance and color information 

is encoded as U and V  which are blue and red color difference signals from the Y
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(a) Y  component. (b) U component. (c) V component.

Figure 3.1: The YUV components of table tennis frame 1.

respectively. U and V  are subsampled by a factor of two to four, since the human 

visual system is much less sensitive to chromaticity than the luminance Y.

Figure 3.1 shows the Y U V  component of table tennis frame 1 which consists of a 

red racket and sleeve, brown background, a white ball, a white hand and a green table. 

Note tha t V  components have higher value in racket and sleeve. In this dissertation, 

the MPEG-4 test color image sequences are encoded as Y U V  format. Y U V  color 

coordinate system is used without any kinds of transformation of color system.

3.3.2 Edge

Edge points can be thought of as pixel locations of abrupt changes in scene. 

Edges usually lie on object boundaries, and therefore very useful for segmentation. 

The edges can be detected locally based on the point under consideration and some of 

its neighboring points by using gradient or Laplacian operators. There are different 

type of gradient operators, such as Roberts, Prewitt and Sobel [33, 34]. Equation 

3.6 shows the Sobel operators which possess greater noise immunity. These operators 

compute the horizontal (O/J and vertical (Ov) differences using local sums. The 

pixel location (x , y ) is considered as an edge if the gradient magnitude exceeds some
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threshold. 1 1 0 t— ' - 1 - 2

t-H1

IIo

- 2 0 2 IIo

0 0 0r-H11 0 1 1 2 1
(3.6)

The Laplacian, on the other hand, is a second difference operator. The Laplacian 

operator is given by

The discrete Laplacian being a second difference operator, has a zero response to 

linear ramps. It responds strongly to corners, lines and isolated points. Discrete 

difference approximations can be used to estimate the second order derivatives. The 

3 x 3  Laplacian convolution mask is shown in Equation 3.8.

0 L =
0 1 0 
1 - 4  1 
0 1 0

(3.8)

A good edge detector should be a differential operator, taking either the first or 

second spatial derivative of the image. Second, it should be capable of being tuned 

to act at any desired scale, so that large filters can be used to detect blurred shadow 

edges, and small ones to detect sharply focused fine details. The most satisfactory op­

erator fulfilling these condition is the Laplacian of Gausssian operator. It is normally 

denoted by V 2G.

Q — g(z-+zr)/(27r<r2)_ (3.9)

G is a two-dimensional Gaussian distribution, with standard deviation o. The shape 

of distribution can control the amount of smoothing by varying a.

According to Canny [35], good detectors should have the following three prop­

erties: (1) low probability of wrongly marking nonedge points and low probability 

of failing to mark real edge points (i.e., good detection), (2) points marked as edges 

should be as close as possible to the center of true edges (i.e., good localization), and
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(3) one and only one response to a single edge point (i.e., single response). To maxi­

mize simultaneously both good detection and localization criteria, Canny maximized 

the product of SNR and the reciprocal of standard deviation of the displacement 

of edge points using a constraint which eliminates multiple responses to single edge 

points.

There have been attem pts to map some of the existing algorithms onto silicon. 

An ASIC architecture for implementing Sobel operator was proposed in [36]. Another 

real-time edge detectors and edge linking architecture were proposed in [37, 38, 39].

3.3.3 Texture Features

There are many texture feature extraction methods in the literature. Some of 

im portant texture features are described in this section. For reviewing the texture 

segmentation techniques in more details, please refer to [40].

Small center-weighted filter masks (for example, 5) are convolved with the image 

to be segmented [41]. Statistics, such as the variance, edge and spot, are computed 

within a window about each pixel in the resulting images. The values of the statistics 

are assigned as features to be corresponding pixel in the original image. It is noted 

that Laws’s basic filter functions have a striking similarity to Gabor functions. How­

ever, since the filter masks are relatively small, only the high frequency content of 

textures can be analyzed.

One of the first methods used in the texture segmentation, and still a major one, 

is the spatial gray level dependence method [42]. The gray level co-occurrence matrix 

(GLCM), also called gray tone spatial dependence matrix is defined as follow. Given 

an image f ( x , y )  with a set of N g discrete gray levels, define the matrix P (i,j,c l,9 ) 

such that the ( i , j ) th  entry is the number of times that

f { x \iU\) -  i, f ( x 2 , 2/2 ) = j ,  where (x2,y2) = {xx,yi)  +  (dcostf,dsin/9). (3.10)
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This yields a matrix of dimension equal to the number of gray levels in the image 

for each distance and orientation (d, 9). This method has proven quite successful. 

However, many of the texture features have little correlation with features visible to 

human eye and the many computations are needed.

Statistical methods like GLCM have in the past proven superior to frequency 

domain techniques. This is due to the lack of locality in these early frequency analysis 

methods. Specially, there is a large and growing body of theory postulating local 

frequency analysis in the human visual system. In particular, models of the human 

vision system that use Gabor filters to model the receptive fields sufficiently account 

for psychophysical data obtained in texture discrimination experiments. Texture 

analyzers implemented using 2D Gabor functions have produced a strong correlation 

between outputs of banks of 2D Gabor filters with actual human segmentation. A 

Gabor elementary function [43] is given by

K X1 y ) = 9 (x'> y') expi27r(Dx +  Vy), (3.11)

where (x y ') =  (x  cos 9 +  y  sin 9, —x  sin 9 +  y cos 9) represents rotated spatial-domain 

rectilinear coordinates, (U, V ) represents a particular 2D frequency. The complex 

exponential is a 2 D complex sinusoid at frequency F  =  yJU2 +  V 2. The function 

g (x ,y ) is the 2D Gaussian

ff(x > V) = n~ exp[ ~ ^ ( ~  +  ~~)1 ’ (3-12)
2*7T ( J x ( X y  A  (T %  ( J y

where ax and ay characterize the spatial extent and bandwidth of the filter.

From the frequency response of the Gabor filter, it has the shape of a Gaussian. 

The Gaussian’s major and minor axis widths are determined by ax and ay. It is 

rotated by an angle 9 with respect to the positive u-axis, and it is centered about the 

frequency (I/, V). Thus, the Gabor filter acts as a bandpass filter.
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Gabor functions are used for texture segmentation by finding the filters that 

are tuned to the image’s dominant spectral information. For this, we should select 

parameters for frequency, orientation and bandwith for each filter. Each point in the 

images is labeled according to which filter output gives highest energy value for the 

points. The result is that the image is segmented into regions according dominant 

spectral information. There are drawbacks with using the Gabor filters in practical 

application as follows:

•  The selection of filters (parameters) is data dependent and nontrivial.

•  The application of the filters to images is not simple. The computation of 

the filter coefficients is a complex process because the Gabor functions are not 

orthogonal.

•  Discrete versions of the Gabor function must be obtained in order to be applied 

to images.

Another way is with a dyadic filter bank. This produces octave bandwith seg­

ments in spatial-frequency. It simultaneously allows for high spatial resolution at high 

spatial-frequencies and high spatial-frequency resolution at low spatial-frequencies.

A very practical filter bank for image decomposition is the quadrature mirror 

filter (QMF) bank [44]. It provides a low cost decomposition of the image. Several 

aspects of the QMF filter bank as being relevant to texture extraction can be iden­

tified: (1 ) ability to achieve perfect reconstruction, (2 ) outputs are localized filters 

and the decimation of filter outputs reduces complexity, and (3) QMF features per­

formed better than those proposed by Haralick (co-occurrence matrices) [42]. One of 

applications of wavelet feature for texture extraction is as follows.

• The value at image points in each filter output is replaced with the absolute 

value of the output.
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•  Measure the band limited spatial-frequency energy at each image point.

•  Each of the filter outputs is thresholded to produce a binary image. Each binary 

image will have values at points of high energy that correspond to the presence 

of lines, edges, noise and textures within the original image.

•  Apply nonlinear filtering (median filter) to reduces the edge, line and noise 

pattern (smoothing) and remove regions th a t are below a size threshold.

•  The full image is reconstructed such that each image point is replaced by a 

binary vector.

3.3.4 Motion

Observed motion is not the true motion, but apparent motion induced by tem­

poral changes of two dimensional image intensity. For image sequence segmentation 

purpose, it is natural to include motion information among the criteria used for the 

segmentation itself.

2D motion estimation, based only on two frames, is an ill-posed problem [45] in 

the absence of any additional assumption about the nature of the motion. 2D motion 

estimation suffers from all of the existence, uniqueness and continuity problems [4]:

• No correspondence can be established for covered/uncovered background points. 

This is known as the occlusion problem.

• If the components of the displacement at each pixel are treated as independent 

variables, then the number of unknowns is twice the number of observations 

(the elements of the frame difference). This is called aperture problem.

• Motion estimation is highly sensitive to the presence of observation noise in 

video images. A small amount of noise may result in a large deviation in the 

motion estimates.
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In general, motion estimation methods are classified into two categories: op­

tic flow estimation techniques based on the optic flow constraint and region based 

matching techniques. The use of the Laplacian allows the computation of large dis­

placements between frames. Lucas and Kanade [46] estimated optic flows by adding a 

spatial neighborhood function to the first order optic flow constraint to overcome the 

aperture problem. Anandan [47] estimated dense motion based on a Laplacian pyra­

mid and a coarse-to-fine sum of squared difference (SSD) based matching strategy. 

Brief descriptions of these methods are provided in the following subsections.

3.3.4.1 Lucas and Kanade’s Optic Flow Estim ate

Lucas and Kanade [46] motion model is based on the optical flow contraints that 

the intensity remains constant along a motion trajectory. The first instances used

first order derivatives and were based on image translation.

7(x,£) =  7(x -  v£, 0), (3.13)

where v  =  (u,v)T. From Taylor expansion of Equation 3.13, optic flow contraints,

d7(x, t) /d t  =  0, are derived:

V 7(x,t) • v  +  7t (x,£) =  0, (3.14)

where 7t(x, t) denotes the partial time derivative of 7(x, t), V7(x, t) =  (7x(x, £), 

7 2 / ( x ,  t))T , and V I  ■ v  denotes the dot product. Equation 3.14 yields the normal 

component of motion of spatial contours of constant intensity, vn =  s. The normal 

velocity s and the normal direction n  are given by

n(x'4)=̂ H' ( 3 - i 5 )

There are two unknown components of v  in Equation 3.15, constrained by only one

linear equation. Further constraints are therefore necessary to solve both components

of v.
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Lucas and Kanade assumed th a t the motion vectors are not changed over a

particular block of pixels to overcome the aperture problem by introducing small

spatial neighborhood Q by minimizing the following equation in least square sense.

S x g n ^ 2 (x )[V /(x ,t)  -v  +  /t(x ,t)]2, (3.16)

where kT(x) denotes a window function that gives more influence to constraints at 

the center of the neighborhood. The solution to Equation 3.16 is given by

A t W 2A v = A t W 2 b, (3.17)

where, for n  points Xi € Q, at a single time t, A =  [V /(x i) , . . . ,  V /(x n)]T, W  =  

d iag[W (xi), . . ., V W (xn)], b  =  — [It(x i) ,. . .  , I t(xn)]T. The solution to Equation 

3.17 is v  =  [AFW2A\~1Ali 'W 2b, which is solved in closed form when [AFW2A]~l 

is nonsingular, since it is 2  x 2  matrix:

E ^ 2 (x ) / , 2 (x) x ;w « (x ) / ie(x)/„(x)A t W 2A  = (3.18). E  w 2(x)i/(x)

where all sums are calculated over points in the neighborhood.

Equations 3.16 can be considered as weighted least squares estimates of v  from 

estimates of normal velocities vn =  s. Equation 3.16 is equivalent to

£x€0 ^ 2 (x )™2 (x Mv • n(x) -  s(x)]2, (3.19)

where the coefficients w2(x) =  ||V /(x , t)\\, reflect a confidence in the normal velocity 

estimates.

3.3.4.2 Anandan’s Region-based Matching

Accurate numerical differentiation may be impractical because of noise, and alias­

ing in the image acquisition process. In these cases, differential approaches may be 

inappropriate and it is natural to turn to region based matching methods [47]. Such
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approaches define velocity v as the shift d  =  (dx, dy) th a t yields the best fit between 

image regions at different times. Finding the best match amounts to a maximizing a 

similarity measure over d, such as the normalized cross-correlation or minimizing a 

distance measure, such as the the sum-of-squared difference (SSD):

n n
S S D ifi{x;d ) =  ^ 2  5 Z  W f r j )  x [A (x+  (*,i)) -  / 2(x +  d +  («, j))]2, (3.20)

j ——n i=—n

where W  denotes a discrete 2 — D  window function, and d =  (dx, dy) takes on integer 

values.

Anandan’s matching technique is based on a Laplacian pyramid and a coarse-to- 

fine SSD-based matching strategy. The Laplacian pyramid allows the computation of 

large displacements between frames. At the coarsest level, displacements are assumed 

to be 1 pixel per frame or less. SSD minima are first located to pixel accuracy by 

computing SSD values in a 3 x 3 search space, using a 5 x 5 Gaussian for W (x). 

Subpixel displacements are then computed by finding the minimum of a quadratic 

approximation to the SSD surface (about the minimum SSD value found with integer 

displacements d). Anandan used Beaudet operators to estimate the quadratic sur­

face parameters. Confidence measure, cmin and cmax are derived from the principle 

curvatures, Cmin and Cmax of SSD surface at the minimum:

  Cmax   Cmin /r, q. \
ki + k2Smin + kzCmax' +  k2Smin +  k^Cmin ’

where k\,k2 and k3 are normalization constants, and Smin is the SSD value at the 

minima. Anandan uses k\ = 150, k2 = 1 and k3 =  0.

Anadan also employs a smoothness constraint on the velocity estimates, taking 

cmin and Cmax into account. Matching and smoothing are performed at each level of 

the Laplacian pyramid. When moving from coarser to finer levels the initial 3 x 3  

SSD search area is determined by projecting the coarser-level estimate at each pixel
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to all pixels in a 4 x 4 region at the next-finer level so that each pixel at the finer 

level has 4 initial guesses. The SSD search area is then the union of the 3 x 3  areas 

centered at each of the 4 initial displacements.

3.4 Image Segm entation Techniques

3.4.1 Definition of Segmentation

There are several types of images, such as gray/color image (luminance, chromi­

nance), range image (depth) and nuclear magnetic resonance image (MRI) and ther­

mal image, moving image and texture image, etc. Segmentation is a process of parti­

tioning the image into nonintersecting regions such that each region is homogeneous.

The formal definitions of the segmentation problem are slightly different in pop­

ular computer vision and image processing textbooks and survey papers [33, 40]. For 

instance, consider the definition of segmentation in [33].

Let R  represent the entire image region. We may view segmentation as a process 

th a t partitions R  into n  subregions, (i?i, i?2 , • - -, Rn), such that

1. UL, Ri = R,
2 . Ri is a connected region, i — 1 , 2 , . . . ,  n,

3. Ri P| Rj — 0 , for all i and j, i ^  j ,

4. P (R i) = T R U E  for i =  1 , 2 , . . . ,  n, and

5. P(Si (J Sj) =  F A L S E  for i ^  j ,

where P (R i) is a uniformity predicate over the points in set Ri and 0  is the null set. 

Condition (1 ) indicates that every pixel must be in a region. The second condition 

requires that points in a region must be connected. Condition (3) indicates that 

the regions must be disjoint. Condition (4) determines what kind of properties the 

segmented regions should have, for example, uniform gray levels. Finally, condition 

(5) indicates that regions Ri and Rj  are different in the sense of predicate P.
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Condition (5) of this definition must be modified to apply only to adjacent re­

gions, as nonneighboring regions may have the same region label if regions satisfy the 

same predicate constraints, regardless of whether they are spatially connected. This 

violates condition (2) of the above definition. For gray level images, the uniformity 

predicate measures the uniformity of luminance value, whereas for textured images, 

texture features could be uniformity predicate.

It is very difficult to define image sequence segmentation formally, since a homo­

geneous predicate is not always motion. Some applications need to segment moving 

regions using only motion, and the others need to extract a region of nonmoving 

background using only static features, or a mixture of static (color, texture) and dy­

namic (motion) predicate. The formal definition of image sequence segmentation has 

been abandoned in favor of informal rules. The definition of homogeniety is a critical 

factor for segmentation. Different definition of homogeniety leads to totally different 

segmentation results for the same input. For example, a single color homogeniety 

leads to region based segmentation, while a single motion homogeneity creates the 

motion based segmentation. W hat is the good homogeneous criterion is application 

specific, especially for image sequence segmentation.

Hundreds of segmentation methods have been presented, but there is no unified 

method which can be considered good for all the images. Most algorithms are specific 

to the image formation model. Algorithms developed for one class of images may not 

always be applied to the other classes. The segmentation is still a very challenging 

topic in the computer vision and image processing community: (1 ) homogeneous cri­

teria are scene-dependent, (2 ) no ground-truth segmentation information is available, 

(3) the number of final segmented regions is usually unknown, (4) there is uncer­

tainty problem [48, 49] in the signal processing, and (5) segmentation is an ill-posed 

problems [1 2 ].
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3.4.2 Gray Level Thesholding

Thresholding is perhaps the most intuitive form of image segmentation. His­

togram analysis is computationally inexpensive cluster analysis techniques. The pro­

cedure known as global thresholding simply needs to examine the histogram and to 

place the threhshold value in the valley [50, 34].

A major drawback of segmentation methods based on thresholding is that they 

tend to ignore spatial information in the image. In order to overcome the problems, 

more sophisticated methods have been devised to combine spatial information with 

the luminance value. A histogram is evaluated for only those pixels having a high 

magnitude of the Laplacian of the luminance function (selection of the areas where 

region borders are more likely to be present) [51]. Another approach for the opti­

mization of the threshold selection has been proposed, based on a local measure of 

activity [52].

In order to reduce the influence of noise and illumination change, local or adap­

tive thresholding techniques have been proposed [53]. The method can be applied 

to specific scenes such as bi-level segmentation of simple shaped image. In order to 

achieve the localization, histograms can be formed over a rectangular decomposition 

of the image [50]. The sectors, which initially are histogramed and segmented inde­

pendently, are formed by 16 x 16 or 32 x 32 pixel sectors. These initial segmentations 

are then simplified using a region merging algorithm.

3.4.3 Region Growing/Splitting and Merging

Region growing is one of the conceptually simplest approaches to image segmen­

tation: neighboring pixels of similar characteristics are grouped to form a segmented 

region [54, 55]. Constraints must be placed on the growth pattern in order to achieve 

acceptable results. Region growing methods are in principle applicable whenever a
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distance between two pixel can be defined. Region growing methods strongly depend 

on the estimation of the measure of similarity between pixels and the use of connected 

components. Another drawback of such methods is their inherently sequential nature: 

the final results depends on the the scanning strategy that has been adopted.

Splitting and merging methods are based on a tree data representation whereby 

an image region is split into subregions when it is not uniform in one or more features 

[56, 57]. If neighboring regions are found to be uniform, then they are merged by a 

single region composed of the adjacent regions. The most common approach to split 

and merge segmentation is based on a quadtree partition of the image. The initial 

regions are square and the splitting iteratively partitions the regions into 4 subregions. 

This choice has the advantage of simplifying the description of the partition tree, but 

tends to produce blocky segmentation. For the post-processing of oversegmented 

regions, only region merging process can be applied for them in order to generate the 

final segmentation results with lower resolution. If P ( R i  U R j )  is true, any adjacent 

regions Ri and Rj are merged.

3.4.4 Recursive Shortest Spanning Tree (RSST)

A problem with any method of segmentation is to define the level of detail which 

is of interest. Sometimes fine detail is important, while in other cases larger-scale 

features are more significant. This variation in the ”scale of interest” means that 

most methods developed and currently used to date that are suitable for one situation 

may not be so for another. In order th a t segmentation techniques be effective in all 

cases, they must be able to describe regions in a hierarchical order of importance. 

For example, if two regions are required then the two most significant regions are 

found. If a third region is desired, a further partition must be made so that the next 

most significant region is obtained. Consequently, if only a few regions are generated,
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global features of the image are represented and, as more regions are generated, more 

detail in the image signal is uncovered [58].

Minimum spanning tree, a concept equivalent to the shortest spanning tree (SST) 

can be used for cluster analysis in graphs to produce connected groups of vertices. 

The spatial Euclidean distance between these vertices was used as the weight func­

tion to be minimized by the tree which has been constructed by graph theory. The 

SST segmentation method has some problems that limit its usefulness: i) no global 

information is used in finding the SST, and the segmentation of noisy image cannot 

fare well, ii) regions which are very different may be merged if they are connected by 

a series of pixels which differ only slightly form each other, but form a large overall 

difference.

In order to improve the SST segmentation, the recursive SST (RSST) segmenta­

tion method uses the global information. As the pixel values are modified according 

to all the pixels in the regions, it is possible for one pixel to affect another which is 

not necessarily its nearest neighbor. The link weights between regions will also be 

altered to take account of all the pixels in both the regions that the link connects, 

so that global region information is incorporated into the link weights. The recursive 

SST segmentation algorithm for obtaining M  regions is as follows: (1 ) map the image 

onto a weighted graph, (2 ) while there is more than one vertex in the graph, repeat 

(3)~(7), (3) find the next least weighted link, (4) save the link, (5) merge the two 

vertices joined by this link, (6 ) recalculate the new vertex weight and link weights, 

(7) remove duplicated links, (8 ) form a spanning tree with the saved links, (9) cut 

the spanning tree at the M  — I most costly links to form a spanning forest, and (10) 

map the forest onto a segmentation image.

The RSST segmentation method incorporates global information of the image 

and the final spanning tree keeps the hierarchy of the segmentation resolution. How-
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ever, the RSST method requires the predefined number of segmented regions and a 

high computational complexity.

3.4.5 Clustering

Clustering techniques are well adapted when the multiple features of image are 

incorporated in the process. Typically, several image characteristics (features) are 

extracted from small local areas of the image and constitute a feature space. Each 

homogeneous region in the feature space is assumed to constitute a cluster. Clustering 

methods try to group features with some kinds of distance measures, and the resulting 

clusters are mapped back on the image, generate the segmentation [59, 60, 61, 40, 62].

The clustering in the feature space is based on the following elements. Let’s 

X  =  X i,. . .  ,x n be the data set, M  =  fii the set of centroids corresponding

to the c classes, || • | | 2  is a  distance measure in the feature space and U = Uik is 

a matrix of belongingness of dimensions n  x c such that: if element x* belongs to 

cluster k, Uik =  1  and otherwise, 0  with uik =  1  ^  which guarantees that each 

element belongs to one and only one cluster. A clustering algorithm can be defined 

as a scheme that evaluates a matrix U minimizing an objective function:

J(c, X, t/, M) =  ] T  ] T Uik1 ^  -  X*H2- (3-22)

Clustering methods can be determined by the structure of the data set, distance 

measure and the properties of the belongingness matrix. When the Uik is noninteger 

value, the matrix can then be defined as:

C

mk e  [ o , i ] ,  YlUik =  i  (3 -2 3 )
2 —  1

where c is the number of clusters. This formulation corresponds to the case of fuzzy 

clustering methods. The classical clustering algorithm, known as ISODATA (hard C- 

Means) [60] uses an integer value membership (0 or 1) for the belongingness matrix. In
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order to approximate the minima of the objective function, an iterative optimization 

method are used. During the iterations, the centroids of cluster and the memberships 

(hard partition, 0  or 1 ) are updated until there is no big difference in them.

Clustering algorithms do not take into account the spatial information of pixel 

unless the pixel positions consist of feature vector [63]. The use of statistical models 

such as Markov Random Field (MRF) has been proposed among other solutions 

in order to assure a higher degree of spatial correlation to the segmentation. Also 

clustering methods normally require a priori knowledge of the number of clusters 

that need to be obtained. It is clear that this decision represents a limitation in 

that a wrong choice can result in oversegmentation (i.e., the creation of numerous 

unwanted small regions), or undersegmentation (undesired merging of adjacent but 

nonhomogeneous regions). This problem is also known as cluster validity problem. 

Various approaches have been proposed in order to estimate the good number of 

clusters in segmentation [64]. However, in general the evaluations are done after 

segmentation.

3.4.6 Statistical Methods

The goal of statistical segmentation method is to evaluate a statistical model of 

the distribution of the pixels into regions [65, 6 6 ]. Parametric estimates are the most 

popular tools adopted in this framework. The shape of the underlying distribution 

is assumed to be known and the method aims at estimating the parameters of the 

distribution. As an example, let us consider the case in which we want to partition an 

image into r regions, operating in an /-dimensional multivariate space. Assume that 

the distribution of the feature vectors in each of the regions is an /-variate normal 

distribution, where fM {1 < i < r) are the mean vectors and A; ( 1  <  % <  r) are 

the corresponding covariance matrices. The pixels in the image can be thought of
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as drawn from a mixture of r populations, according to mixing proportions that we 

shall indicate with w, ( 1  <  i <  r).

The goal of the analysis is determining the set of parameters that characterize 

the mixture, 9 = ( c u i , u / r , , /in  A*,. . . ,  Ar). The most popular method for 

the estimation of parameters are the Maximum Likelihood (ML) method [65]. The 

density p(x|#) corresponding to a mixture can be expressed by:

C

P(x  |0) =  (3.24)
i=l

If the distributions that contribute to the mixture are /-variate Gaussians, the /j(x , 6) 

is:

/,-(x,0 ) =  (27r)_5|Ai |_5 e x p [ - ^ ( x - / / i)t |Ai |_1( x - /Ui)], (3.25)

where Ui and A* are the covariance matrices expressed as:

Hi = E[x.i]. (3.26)

A* =  E [ ( x -  H i ) ( x -  Hif]- (3-27)

Assuming that x  is a set of n independent observations in the feature space, the 

likelihood function is given by:

C

L ,  =  I W ( x * |f l )  =  (3-2 8)
i- 1

The goal of ML is to find 9 that maximizes the likelihood Lq\ find the set of parameters 

that represent the mixture so well tha t the probability that it belongs to th a t mixture 

is the highest possible.

The Expectation Maximization (EM) algorithm is an iterative solution that find 

the optimal parameters of a mixture density, for a specific number of mode r . In

the first step, parameters are initialized. For each data sample point, calculate the

conditional class probability, i.e., the expectation that each sample belongs to each
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mode. This step is referred to as expectation or E-step. Then, update the estimates of 

the parameters. In this way, the maximum likelihood values of the parameter vectors 

are evaluated. This step is referred as maximization or M-step. The above steps are 

repeated until the variations of the parameter values remain below a given threshold.

Statistical methods seem promising: these methods evaluate alternatively the 

localization of the boarders and the characterization of the regions. And they are 

well adapted to the use of multiple features of image such as luminance, motion and 

texture. However, the performance of the method depends strongly on the fitness 

of the assumed model (for example: normal distribution) to the reality of the data. 

Also their computational complexities are very high, since at each step the covariance 

matrices and their inverses need to be evaluated.

3.4.7 Markov Random Fields

Markov Random Fields (MRF) have become a popular tool as a priori signal 

models in Baysian estimation problems tha t can be applied to texture modeling and 

generation [67], image segmentation and restoration and motion segmentation [6 8 , 69], 

and motion estimation [70].

MRF is an extensions of 1-D causal Markov chains to 2 -D, and has been tra­

ditionally specified in terms of local conditional probability density functions (pdf) 

which limit their utility [6 8 ].

D efin ition  o f M R F : The random field z =  z(x), x  € A is called a Markov ran­

dom field with respect to AT if p { z) >  0 , for all z and, p(z(xj)|z(xj), Vx̂ - ^  

X;) =  p(z(xi ) \ z ( -x . j ) ,  Xj € A/"x.)), where the pdf of a discrete valued random 

variable/field is defined in terms of a Dirac delta function.

The first condition states that all possible realizations should have nonzero probability, 

and the second condition requires that the local conditional pdf a t a particular site
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Xj depends only on the values of the random field within the neighborhood AfXi of the 

site.

The specification of the MRF in terms of local conditional pdfs is cumbersome 

because the computation of the joint pdf p ( z) from the local conditional pdfs is not 

easy, and the relationship between the local spatial characteristics of a realization 

and the form of the local conditional pdf is not obvious. MRF can be described by a 

Gibbs Random Fields (GRF) [71], which overcomes the above problems.

D efin itio n  o f G R F : The Gibbs distribution, with a neighborhood system N  and 

the associated set of cliques C, is defined as: p ( z ( x )  =  ^  ^2W e ~ u ẑ=u^ T5 ( z  — oj),

where £(•) denotes a Dirac delta function, and the normalizing constant Q which 

makes the sum over all z  of P ( z  = u )  equal to one, called the partition function, is 

given by Q = e- u(*=u)/T and U ( x ) ,  the Gibbs potential (Gibbs energy), is defined

as U ( z )  — Ylcec ^ c (z (x )lx  ^ C)- Each V c ( z ( x ) |x e  C ) ,  called the clique potential, 

depends only on the values z ( x )  for which x  6  C .  The parameter T ,  known as the 

temperature, is used to control the peaking of the distribution. Note that Gibbs 

distribution is an exponential distribution, which includes Gaussian as a special case.

3.4.7.1 A n  exam ple  o f te x tu re  seg m en ta tio n  [69]

A random field Y  is defined for the textured image that we wish to segment. 

This random field is a function of the segmentation GRF X  and all the texture 

GRFs T x j •••!Fjv/ for the M  textures in the image. An experiment gives realizations 

x, tx,...,tM  for the random fields X ,  Tx,...,Tm, respectively. The value of the re­

alization y of Y  is defined as follows: if the segmentation x  classifies a pixel (i,j)  

as belonging to texture m, then t/^ gets the gray level value of the (i , j)  pixel in 

texture sample m. A maximum a posteriori (MAP) criterion and dynamic program­

ming methods are adapted to determine the segmentation x  for a given image y.
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Mathematically, the goal is to find x* that maximizes P ( X  = x \Y  =  y). In other 

words, we want to find the most likely segmentation x* for a given image y (under the 

modeling assumptions described above). It should be noted that this segmentation 

method is currently applicable only to noise-free textured images consisting of known 

textures and with known high level Gibbs distribution parameters. The parameters 

are estimated off-line on texture and segmentation samples.

MRF methods can generate a good segmentation in the presence of noise. How­

ever, this method needs fine tuning of each parameter, and requires complex compu­

tation during optimization of a Gibbs energy function.

3.4.8 Mathematical Morphology

Mathematical morphology is an approach to signal processing in which the ma­

nipulation of the data is based on shape [72]. The two basic morphological operators 

are the erosion and the dilation [33]. By combining these two operations, a whole set 

of morphological operations can be performed. The application to binary images of 

morphological operations is simple, but the applications in the field of segmentation 

remain limited to simple computer vision tasks.

Morphological filtering can be quite effective in simplifying the image charac­

teristics, thus reducing the influence of noise in subsequent processing. The basic 

morphological tool for image segmentation is watershed. Morphological segmentation 

relies on on two basic steps: the first, known as marker extraction aims at identifying 

a set of initial homogeneous zones (whose union does not cover the entire image, 

but leaves areas of uncertain attribution). The second decision step is based on the 

watershed process, which attributes the remaining pixels to the appropriate zones. 

Morphology proves quite efficient in determining the locations of the segmentation, 

but is weaker in characterizing the properties of each resulting region. Furthermore, 

the extension of morphological operator to multidimensional features is not trivial.
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3.4.9 Neural Networks Approaches

Neural network architectures which help to get the output in real time because of 

their parallel processing ability, have been used for segmentation and they are robust 

to noise because of adaptive learning ability [73, 40]. Neural networks are powerful 

classification tools which encompass many similarities with statistical pattern recog­

nition approaches. They appear to be most powerful when explicit a priori knowledge 

of underlying probability distributions is unknown. By their ’’training-by-example” 

property, neural network classifier may be properly trained to provide outputs that 

nonparametrically approximate a posteriori class probabilities.

Another important requirement is to have the output in real time. Neural net­

works are massively connected networks of elementary processors [73]. The massive 

connectionist architecture usually makes the system robust while the parallel process­

ing enables the system to produce output in real time. The commonly used neural 

networks for image segmentation are back-propagation neural network and Koho- 

nen’s Self-Organizing Feature Maps (SOFM) [74]. A brief review of these networks 

is presented.

Supervised multilayer feed forward neural networks, also called as back-propagation 

neural networks, train the networks with error back-propagation manner. There is 

one input layer, one or more hidden layers and one output layer. Each neuron consists 

of a set of weights, one for each input, and an activation function. The neuron calcu­

lates the weighted sum of the inputs and passes this value to an activation function 

which generates an output. During training, the network weights are adjusted until 

some maximum error criterion is satisfied. The training is accomplished with the 

error back-propagation training algorithm.

&ok = 2 ^ k — -  °k2 )j> (3.29)
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1  A
S y j  —  — [ 1  —  U j  ] ^  j $ o k W kj-> (3.30)

k = 1

where wkj  is a weight element, dk is the desired output, ok is the actual output. The 

equation for updating the weights for the output layer and hidden layer respectively 

are:

W  = W  +  riSoy1, V  = V  + vSyz l, (3.31)

where y is the learning constant, y  is the input to the output layer, z is the input to 

the hidden layer. After all the input pairs have been presented in the training set, a 

new set of weights and the outputs are evaluated again. This is repeated until the 

error reaches a minimum. This is a supervised learning algorithm which performs a 

gradient descent on a squared error energy surface to arrive at a minimum. For the 

image segmentation, the number of neurons in the input layer depends on the number 

of input features for each pixel and the number of neurons in the output layer is equal 

to the number of classes. The output of the neurons in the output layer has been 

viewed as a fuzzy set. The weight updating rules have been derived to minimized the 

fuzziness in the system.

The basic idea of constructing an unsupervised SOFM neural network is to in­

corporate into the competitive clustering rule some degree of sensitivity with respect 

to the neighborhood or history using the unsupervised features mapping. The fea­

ture mapping can be thought of as nonlinear projection of the input pattern space 

on the neuron’s array that represents features. The projection makes the topological 

relationship between patterns geometrically explicit in low-order dimensional feature 

space. The algorithm used to perform feature mapping is rather simple: winner-take- 

all. The details of the SOFM are discussed in Chapter 4.
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3.5 Image Sequence Segm entation

3.5.1 Motion-Based Segmentation

Motion based segmentation aims at producing a model that takes in the scene by 

identifying a certain number of motion components. The modified Hough transform 

approach [13], the iteration approach [14], and the modified K -means approach [75] 

are described in the following.

A two stage algorithm that involves a modified Hough transform was proposed 

in order to reduce the computational burden of the transform [13]. In the first stage 

of this algorithm, connected sets of flow vectors are grouped together to form com­

ponents which are consistent with a single parameter set. In order to reduce the 

computational complexity, several simplications were proposed: (1 ) decomposition 

of six parameters into two subset to perform two 3-D Hough transforms, (2) a mul­

tiresolution Hough transform, and (3) a mutipass Hough technique, where the flow 

vectors which are most consistent with the candidate parameters are grouped first. In 

the second stage, the results of first stage are merged together using several merging 

criteria. In the final stage, ungrouped flow vectors are assimilated into one of their 

neighbors.

The iteration method [14] uses a recursive algorithm to detect multiple motions 

and the corresponding supports between two frames. At each step of the iteration, the 

frames are analyzed in order to estimate a dominant motion in the scene. The first 

frame is then warped according to the estimated motion, and the resulting prediction 

is compared with the original. The areas which are not properly compensated by the 

dominant motion are labeled, and the estimation step is iterated in order to evaluate 

a dominant motion for the outliers. The procedure is iterated until the number of 

pixels or regions marked as unlabeled drops below a threshold.
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The modified AT-means method [75] produces a description of the video data 

based on a set of overlapping layers. This description is therefore also referred to as 

layered description. Each layer consists of three parts: (1) a set of motion descriptors, 

(2 ) an intensity map describing the intensity profile of a coherent motion region over 

many frames, and (3) an alpha plan map describing its relationship with other layers. 

Each layer corresponds to a set of pixels that move over time according to a model 

of motion. The multiple motion models are allowed to compete for region support at 

each iteration.

Motion based segmentation methods rely on only the efficiency of chosen motion 

models in representing the actual motion present in the scene. In the case of real 

world sequences with multiple moving objects, quite sophisticated motion models 

need to be chosen, which increase the computation complexity.

3.5.2 Spatio-Temporal Video Segmentation

Motion is the most significant feature in an image sequences. Therefore, using 

motion information for segmentation is a good idea that exploits the underlying na­

ture of the video data. The segmentation results rely on only the efficiency of chosen 

motion model. However, estimated motion fields are not always reliable because of the 

ill-posed problem of motion estimation. Also, estimated motion vectors around the 

boundary between two different regions are less accurate because a smoothing (reg­

ularization) term is added to circumvent the ill-posed problem of motion estimation 

[45].

An observation [76] was made that in an image sequence, motion boundaries 

almost always coincide with intensity boundaries. Therefore, by assuming that mo­

tion boundaries coincide with spatial boundaries, some noticeable improvement over 

motion-only-based methods can be expected if spatial segmentation is used as an
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initial segmentation for the motion segmentation. The trend in the field of image 

sequence segmentation is the support of static segmentation by using static image 

features such as luminance, texture, so called spatio-temporal segmentation method 

[5, 6 , 8 , 77, 78],

The spatio-temporal segmentation consists of two step: the first frame is spatially 

segmented to be initial segmentation and then subsequent frames are merged using 

affine region matching. Several adjacent regions following a coherent motion may 

constitute a moving object. From the initial segmented regions, motion information 

of each region is estimated for motion-based region merging using dense motion at 

each pixel. In general, affine motion model is used for estimating motion information 

of each region as follows:

vx =  a n x  +  a ^ y  +  b\,

Vy — 02 ix  +  0 2 2V +  b 2 , (3.32)

where the variables vx, vy are the components of the motion vectors, x  and y are the

coordinates, and an , a ^ , o2 2 , h  and b2 represent the affine model parameters. The

parameters of the motion model can be calculated utilizing a 2-D linear regression. 

The regression can be evaluated independently, because both equations of the motion 

model are completely independent.

_  crjyi2) ' °{x i • vxi) ~  cr(xj • yi) ■ ajyi • vxi)
11 c (z ;2) ■ °{Vi2) -  cr(xi • y i f

a{xi2) ■ a(yi ■ vxi) -  a(xi ■ iji) ■ a{xi ■ vxi) /0 00,
0,12 ~  ( 2 \ r 2 \ r \ 2  ’ (3.33)a { X i2) ■ a{zji2) -  a(Xi  ■ y,-) 

b\ — ( Vxi)  ®11 ( ^ ’i )  ^12(2/1)1

where a(ai ■ b{) = (a* • — (ai)(bi), (xi) = -h x i an^ K  is the number of pixels

in a region. The variables 0 2 1 , 0 2 2 , and 6 2  are calculated in a similar manner. For
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every two adjacent regions, the sum of square compensation errors of the two regions 

when they are compensated using this set of motion parameter is calculated. If the 

minimum value is smaller than a predefined threshold, the corresponding regions are 

merged. By this way, we can extract moving objects which have the same motion.

In [79], the algorithm which sequentially refines the segmentation and the motion 

estimation was proposed by combining static segmentation and motion information 

in serial manner. In order to efficiently handle camera motion, a global motion es­

timation is first carried out by a frame matching technique [80] to remove camera 

motion. After pre-filtering the image using morphological open-close operator, spa­

tial segmentation is performed by AT-means clustering algorithm. For each region, 

affine motion parameters are computed using a matching technique. In the following 

stage, regions with similar motions are merged by applying a AT-medoid clustering 

algorithm [81] which is less sensitive with respect to outliers. The main advantage of 

the algorithm is that the boundaries are computed on the luminance signal, and they 

are precisely located.

In [82], a video object segmentation method using feature fusion and region 

grouping was proposed. Color is chosen as the major segmentation feature because 

of its consistency under varying conditions. An iterative clustering algorithm (region 

merging) is adopted for the segmentation. Optical flow is utilized to project and track 

the regions. A region grouping is applied at the final stage to avoid oversegmentation 

and obtain higher level objects. This is realized by using affine motion parameters of 

each region.

A group processing scheme [21], similar to MPEG-2, is used to refresh the spatial 

segmentation in order to process the new objects entering the scene and the propaga­

tion error due to the affine motion matching. The concept of the method is presented 

here. Video data are processed in consecutive groups of frames. These groups are
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nonoverlapping and independent of each other. The best value of the number of 

frames in a group depends on object motion activities in the video data. There is one 

I -frame in each group, which is spatially segmented first. Starting from /-frame, the 

rest of the frames in the group are segmented consecutively by affine matching the 

segmented regions to their next frame. These motion segmented frames are called 

P-frames. Instead of the beginning frame, the middle frame of each group is set as 

the I - frame. Motion prediction is toward both the forward and backward directions. 

By this way, the length of motion prediction propagation is reduced by half and seg­

mentation accuracy is improved. The situations of region disappearing and appearing 

are handled by the adjacent groups provided that the objects stay in the scene for at 

least a group of frames.

To overcome the problems associated with motion estimation, the moving object 

tracking algorithm [83] that matches a two-dimensional binary model of the object 

against subsequent frames using the Hausdorff distance has been proposed. But 

the algorithm cannot be effective when the image has textured regions since the 

binary model has been derived from the edge information after thresholding gray- 

level difference of images.

3.6 Objective Evaluation of Segm entation

While development of segmentation algorithms has attracted significant atten­

tion, relatively little effort has been made on their evaluation [84, 85, 8 6 ]. For in­

stance, none of the 17 range image segmentation methods listed in [8 6 ] has been 

evaluated using pixel-level ground tru th  in real images. Also none of the methods 

has been directly compared to other methods. The situation is almost the same for 

other applications. None of the papers in the references of this proposal on image 

sequence segmentations has been evaluated. In [8 6 ], the following essential factors 

were suggested as a guiding philosophy for evaluation of segmentation algorithms.
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•  The comparative framework is itself a research issue, and so deserves appro­

priate conceptual energy in its development. One surprising thing about many 

low-level concepts is that there is no rigorous, uniformly accepted definition. 

For example, the definitions of segmentation are largely similar, but vary in 

details. Similarly, subjective visual evaluation of results, which has evolved as 

the norm, should naturally give rise to skepticism. The evaluation procedure 

should be automated.

•  Metrics are needed for error measurement, in addition to correct/valid perfor­

mance. Some types of incorrect/invalid results might be acceptable while others 

are not. Thus multiple metrics are necessary for potential consumers to make 

intelligent decisions.

•  The comparative study must use a ’’large,” appropriately designed, real image 

data set, complete with ground truth. Evaluations based on one or two images 

are generally worthless. Work that stops short of using real images inspires 

little confidence. Establishing ground tru th  can require some ingenuity and is 

often painstaking, laborious and time-consuming. However, there simply is no 

other option.

• All input data, results and implementations must be made publicly available, 

both for potential consumers and for true incremental comparisons by others. 

Comparison of segmentation results is difficult, since in many cases, we have 

not been able to reproduce the published results by using authors’s algorithm 

due to the lack of necessary details.

3.6.1 Evaluation Metrics

Evaluation methods can be divided into two categories: analytical methods and 

empirical methods [85]. The analytical methods directly examine and assess the
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segmentation algorithms themselves by analyzing their principles, complexity and 

properties. The empirical methods indirectly judge the segmentation algorithms by 

applying them to test images and measuring the quality of segmentation results.

One analytical method has been proposed by taking into account the type and 

amount of a priori knowledge that has been incorporated into different segmenta­

tion algorithms [87]. However, such knowledge is usually heuristic information and 

different types of a priori knowledge are hardly comparable. Other properties of seg­

mentation algorithms that can be obtained by analysis include the processing strategy, 

processing complexity and efficiency, and segmentation resolution of algorithm [8 8 ]. 

These properties could be helpful for selecting suitable algorithms in particular ap­

plications. For example the processing strategy of segmentation algorithms can be 

parallel, sequential, iterative or mixed. The parallel algorithms are suitable for fast 

implementation.

The empirical methods can be divided into empirical goodness methods and em­

pirical discrepancy methods. The empirical goodness methods characterize different 

segmentation algorithms by simply computing the goodness measures based on the 

segmented image without the a priori knowledge of the correct segmentation [89]. An 

adequate segmentation should produce images having higher intra-region uniformity. 

The uniformity of a feature over a region can be computed on the basis of the variance 

of that feature evaluated at every pixel belonging to that region [89]. In particular, 

for a gray-level image f ( x ,y ) ,  let Ri be the zth segmented region, Ai be the area of 

R i ,  then the gray-level uniformity measure (GU) of f ( x , y ) is:

gu = y , E !/(*.»)-^ E a*,*)]2- (3.34)
i ix ,y)£R-i 1 ( x , y ) eRi

It was assumed in [90] that the good segmentation should have smaller number

of regions and larger areas with small deviations of features in each region. The
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evaluation function F  is defined as:

(3.35)

where I  is the image to be segmented, R, the number of regions in the segmentation, 

Ai, the area of the zth region, and e,-, the feature error of region i (homogeneity

£has too many regions. The term is a local measure which penalizes small regions 

or regions with a large deviation of features. The smaller the value of F, the better 

is the segmentation result.

The disparity between segmentation results and a reference image (ground truth) 

that is the best expected results can be used to assess the performance of algorithms. 

Considering image segmentation as a pixel classification process, the percentage of 

misclassified pixels is the discrepancy measure that comes most readily to mind [91,

Suppose an image consists of N  pixel classes, a confusion matrix C  of dimension 

N  can be constructed, where each entry represents the number of class j  pixels 

classified as class i by the segmentation algorithms [91]. The segmentation error for 

each class k  is defined as:

where the numerator represents the number of pixels of class k not classified as k and 

the denominator is the total number of pixels of class k. This is a useful criterion for 

supervised clustering applications.

Comparison of a machine segmentation (MS) of a range image to the ground truth 

(GT) [8 6 ] is done by representing percentages of overlap with respect to the size of 

each ground tru th  region. Five types of region classifications were considered: correct

measure). The term y/R  is a global measure which penalizes the segmentation which

86].

N N

(3.36)
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detection, oversegmentation, undersegmentation, missed and noise. The formulas for 

deciding classifications are based upon a threshold T, where 0.5 < T  <  1.0. Let M  

and N  be the number of regions in the MS and GT, respectively. Pm and Pn be 

called the number of pixels in each MS and GT region (Rm and R n), respectively. 

Let Omn = Rjn fl Rn be the number of pixels whose same image coordinates of both 

regions R m and Rn occupy in their respective images.

C o rre c t d e te c tio n  Omn > T x P m and Omn > T x P n.

O v erseg m en ta tio n : A region Rn in the GT image and a set of regions in the MS 

image R mi , ..., R mx where 2 <  x  < M ,  are classified as an instance of overseg­

mentation if Mi 6 x, Omin >  T  x  Pm. and Omin ^  T  x Pn-

U n d erseg m en ta tio n : A set of regions in the GT image R ni , . . ; R n x where 2 < 

x  < M ,  and a region Rm in the MT image and are classified as an instance of 

undersegmentation if Omm > T x P m and Mi G x, Om7li > T x  Pnr

M issed  classification: A region Rn in the GT image that does not participate in 

any instance of correct detection, oversegmentation or undersegmentation is 

classified as missed.

N oise classification: A region Rm in the MT image that does not participate in 

any instance of correct detection, oversegmentation or undersegmentation is 

classified as missed.

If for any given region, only one mapping passes its definition, then the clas­

sification is done. When two or three mappings pass their definitions for the same 

region, the the mapping which has the highest average of its metric-pair is taken as 

the classification. On equal averages, there is bias towards selecting correct detection, 

then oversegmentation, then undersegmentation.
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The comparison works in [86] provided a guiding philosophy for the evaluations 

of segmentation. However, ground tru th  for other real images cannot be easily created 

as that of planar range image segmentation (the evaluations were restricted for only 

planar range images) and the definition for the over/undersegmentation can be varied 

in different applications.

The discrepancy measures based only on the number of missegmented pixels 

do not take into account the spatial information of these pixels. It is thus possible 

th a t image segmented differently can have the same discrepancy measure values. To 

address this problem, discrepancy based on the position of missegmented pixels have 

been proposed [91]. Let N  be the number of missegmented pixels for the whole image 

and d(i) be a distance metric from the zth missegmented pixel and the nearest pixel 

th a t actually is of the miss-classified class. A discrepancy measure, D , based on this 

distance is defined as:

This measure is further normalized to eliminate the influence of image size as N D  = 

100 x y /D /A , where A  is the total number of pixels in the image.

The above evaluation criteria can create the quantitative and objective ways 

to judge segmentation algorithms. However, there is no unified evaluation measure 

which is generally accepted as a good criterion for all the segmentation methods, even 

if there have been research efforts on the evaluation metrics. It is worth mentioning 

that to effectively evaluate segmentation algorithms, both their effectiveness in pro­

viding information usable by the later goal-oriented interpretation process (evaluation 

of segmentation at the application stage) [50] and the analysis of segmentation algo­

rithms themselves (complexity, efficiency, segmentation resolution and architecture) 

should be considered.

N

(3.37)
i=1
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Chapter 4

An Image Sequence Segmentation 
Algorithm Using Multiple Features 
and Edge Fusion

4.1 Introduction

Semantic object representation is an important step for digital multimedia ap­

plications such as object-based coding, content-based access, and manipulations. In 

this Chapter, a hardware-friendly segmentation algorithm which takes two consec­

utive frames and extracts bottom level region information by combining static and 

motion features is proposed [92]. Only reliable motion vectors are employed during 

the segmentation. Also, the proposed method segments a textured image sequence 

with low dimensional features. The outputs of the proposed segmentation schemes 

can be considered as either nonsemantic primitive regions or as region groups. In the 

initial stage, a multiple feature space is transformed to one dimensional label space by 

using the self-organizing feature maps (SOFM) neural networks. The next stage is an 

edge fusion in which edge information is incorporated into the neural network outputs 

to generate more precisely located boundaries of segmentation. The proposed algo­

rithm differs from existing methods as following: (1) it can segment textured images
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with low dimensional features, (2) it leads to more meaningful segmentation region 

boundaries, and (3) it is easier to be mapped into hardware than existing methods. 

Experimental results are compared with a segmentation method using evaluation 

metrics to clarify the advantages of the proposed algorithm objectively.

This Chapter is organized as follows: In Section 4.2 merits and shortcomings 

of previously proposed segmentation techniques for image sequences are discussed. 

In Section 4.3 the proposed segmentation algorithm is overviewed. In Section 4.4 

the feature selection and filtering, normalization, and weighting methods used in 

the algorithm are discussed. The feature labeling method using the neural networks 

are also described in Section 4.4. In Section 4.5 the edge fusion method used in 

the proposed algorithm which combines a linked edge map and the neural network 

outputs is described. In Section 4.6 the computational complexity of the proposed 

algorithm is presented. The segmentation results and their evaluations are presented 

in Section 4.7. Finally, the concluding remarks are given in Section 4.8.

4.2 Previous Works and Limitations

Hundreds of segmentation methods have been presented in the past, but there 

is no unified method which can be considered good for all the images, since most 

algorithms are specific to image formation models, and algorithms developed for one 

class of images may not always be applied to other classes. The segmentation is 

still a very challenging topic in the computer vision and image processing community 

because homogeneous criteria are scene-dependent, no ground-truth segmentation 

information is available, the number of final segmented regions is usually unknown, 

and ill-posed problems of the early vision process exist [12].

In order to segment regions for the description of objects in image sequences, we 

need to choose the homogeneity criteria. They can be a dynamic feature like motion,
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static features such as color and texture, or a mixture of both dynamic and static 

features. Based on the use of features, in general, the image sequence segmentation 

methods can be grouped into three classes: (1) motion-only-based, (2) two-phase 

approach using static segmentation followed by motion-based merging, and (3) one- 

step approach using static and motion features as a feature vector.

If only motion is used for the segmentation, moving objects can be represented 

directly without bottom  level region representation (see Figure 1.1). Many methods 

have been proposed for segmenting image sequences using only a motion criterion 

[13, 14, 75, 16, 17]. The methods adapt the principle of FT-means cluster algorithm 

(assuming that a priori K  set of model vectors, i.e., K  independently moving objects 

in a scene is known). The segmentation procedure maps the estimated motion vector 

at each pixel into the label of the model vector which is closest to the estimated 

motion vector. The segmentation labels can be computed in the least square sense if 

the estimated motion vectors associated with the respective classes are known.

In general, motion information is very useful for segmentation because motion is 

one of the principle features in image sequences. These methods can extract moving 

objects without static segmentation. However, these algorithms suffer from some 

drawbacks because the estimated motion vectors are not always reliable and motion 

boundaries do not follow real object boundaries [4]. Since motion alone is employed 

during segmentation, the results rely only on the chosen motion estimation models. 

As far as video coding is concerned, the use of unreliable motion does not severely 

influence the quality of decoded scene as long as the residues of motion compensation 

are transmitted and the pixel that the vector points to has similar luminance or 

color. In contrast, the use of unreliable motion vectors creates erroneous segmentation 

boundaries without sophisticated motion models.

To overcome these drawbacks, two-phase segmentation approaches [78, 21, 93, 

19], also referred to as spatiotemporal segmentation, have been proposed assuming
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that spatially segmented boundaries coincide with motion boundaries and that the 

segmented regions have single motion. During the initial phase, spatial gray-level or 

color segmentation of a frame is first performed, and then the segmented regions are 

grouped using motion information.

In [78] the segmentation for extracting moving objects consists of three phases: 

the first frame is partitioned into homogeneous regions based on intensity using a wa­

tershed algorithm, four motion parameters are estimated for each region, and motion- 

based region merging is performed by thresholding motion compensation errors. The 

spaitial segmentation in [21] employs color and texture features in one scheme. Af­

ter boundary detection using change in color and texture, disjointed boundaries are 

connected to form closed contours followed by region merging based on color and 

texture similarities. Based on affine motion estimation of each region and a group 

processing scheme similar to MPEG-2, user-defined regions are tracked. A spatiotem- 

poral segmentation technique to identify objects in a video sequence is proposed in 

[93]. Given oversegmented initial regions, the regions are merged according to their 

mutual spatiotemporal similarity formulated in statistical framework using a graph- 

based clustering algorithm. An image segmentation method for separating moving 

objects from the background is presented in [19]. After extracting a change detec­

tion mask using a hypothesis based on variance comparison of intensity differences, 

foreground regions of spatially segmented regions are tracked over time to extract 

moving objects. In [8] frame-based spatial segmentation, motion vector based seg­

mentation, and change-detection-based segmentation are combined using a rule-based 

region processor to extract moving objects. For the spatial and motion segmentation, 

a recursive shortest spanning tree (RSST) algorithm is used.

Semiautomatic segmentation methods [6, 18] are proposed for semantic video 

object extraction. An initial object boundary is predefined by user interaction, and
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the spatial segmented regions inside the user-defined boundary are tracked. For the 

spatial segmentations, a morphological watershed algorithm is used in [6]. In [18], 

nonedge pixels are labeled by using a color quantization map followed by an iterative 

color merging process. After the color merging process edge pixels are assigned to 

their neighboring regions.

These two-phase methods can generate more precise boundaries of objects, since 

a robust spatial segmentation is incorporated as an initial segmentation and the final 

object boundaries are the union of the spatially segmented regions. However, they 

have the following drawbacks: (1) unreliable motion vectors may cause to produce 

erroneously merged regions during the second phase, (2) the presence of textured 

features in the scene is generally ignored (if not, the dimension of texture feature 

is high). The homogeniety criterion for the spatial segmentation is luminance or 

color. Therefore, the results create oversegmentation in the textured area, and there 

is a need of sophisticated processing to create a more meaningful segmentation in 

the textured area, (3) they need a large amount of computation, since most of the 

segmentation algorithms are of a sequential and iterative nature. For real-time appli­

cations such as video telephony and live broadcasting, faster segmentation algorithms 

or specific hardwares need to be developed, and (4) for more meaningful segmented 

region boundary, edge information should be incorporated during the segmentation 

process using a more elaborate similarity measure including edge information.

The one-step approach is a multiple feature clustering scheme using static fea­

tures and motion feature as a feature vector component [94, 7]. This method exploits 

the merits of the two-phase approach by using the static and dynamic features. How­

ever, the differences are this method handles the multiple features in parallel, avoids 

unreliable motion features during the segmentation, needs a sophisticated feature 

weighting scheme. This technique can segment textured image sequence with low­

dimensional texture features, since motion features are mainly used in the textured
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regions. However, in [94] and [7], the iterative process of feature clustering (K-means 

and fuzzy-C means algorithms) and the need of a predefined number of clusters keep 

these algorithms from being implemented in a practical system. It is important to 

evaluate segmentation algorithms objectively in order to provide their effectiveness 

for next application stages [86]. It should be noted th a t none of the papers in the 

above references except [18] (a pixel difference between segmented region and ground 

tru th) has been evaluated.

In this Chapter, a segmentation scheme similar to the one-step approach is pro­

posed. Selected features are integrated by the SOFM neural networks which do not 

need the iterative process and performs labeling of feature vectors with simple multi­

plication of feature vectors and trained weights vectors followed by a winner-take-all 

procedure. In order to generate precisely located object boundaries, edge information 

is incorporated into the segmentation. The main components of the proposed seg­

mentation algorithm are a feature weighting scheme, neural networks based feature 

integration, and edge fusion algorithm based on edge linked maps.

4.3 Overview o f the Proposed Segm entation Algo­
rithm

The flow chart of the proposed algorithm is shown in Figure 4.1. The selected 

features consist of pixel-based luminance/chrominance, motion, and two simple tex­

ture features. These features are smoothed to remove small details and normalized to 

remedy different dynamic ranges of the features. A feature weighting scheme based on 

the motion confidence measure suppresses unreliable feature components. The tex­

ture features do not contribute to the segmentation by fixed lower weighting values, 

and in textured regions, the motion features mainly contribute to the segmentation. 

The SOFM neural networks [95] transform the multiple feature space into one dimen­

sional label space to generate an oversegmented initial segmentation. An edge fusion
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Frame f Frame f+1

Feature Weighting

SOFM-based Feature Integration

Feature Extraction

Feature Filtering/Normalization

Edge Fusion

Edge-fused 
Segmentation Output

Figure 4.1: Segmentation flow of the proposed algorithm.

process, iterative region merging combining linked edge map, is incorporated into the 

oversegmented regions in order to produce precisely located object boundaries with 

lower resolution. Also, the proposed scheme does not need the predefined number 

of clusters. The main components of the proposed segmentation algorithm are the 

feature weighting schemes, the neural networks-based feature clustering and labeling, 

and the edge fusion based on edge linked maps.

4.4 M ultiple Feature Integration

4.4.1 Feature Selection

The proposed segmentation scheme relies on seven features extracted from a given 

color image sequence: three color features (YUV coordinates), two motion features, 

and two texture features. The feature vector of a pixel (m, n) can be described as 

f(m , n) =  [fy(m, n), f u(m,n), f v(m ,n),  / fl(m ,n), fa{m ,n)]',
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where f y(m,n), f u(m ,n),  and f v(m ,n)  are luminance (Y) and two chrominance com­

ponents (UV), respectively, and f m\(m ,n ) and / m2(m , n ) are vertical and horizontal 

motion, respectively. The fn (m ,n )  and / f2(m ,n) are the local mean and variance of 

luminance components defined as follows:

Sn(m ,n)  =  ~ k ' n ~  ')• (4-x)

- * , « - ( ) -  (4.2)

where f t i(m ,n )  and / i2(m, n) represent textural appearance of the area surrounding 

a pixel (m, n) in a small estimation window centered on this pixel, and Nw is the 

number of pixel of the window, W .  The number of features used for segmentation 

plays important role on final segmentation results.

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

Figure 4.2: The initial segmentation examples (contours) using different number of 
feature components, (a) original image, (b) only motion (82 regions), (c) motion 
+  luminance (2634 regions), (d) motion +  luminance +  texture (2056 regions), (e) 
motion +  luminance -f texture +  chrominance (1086 regions).

Figure 4.2 shows examples (contour plots) of the SOFM neural network outputs 

using a different number of feature components without removing small regions. As 

shown in Figure 4.2 (a), the segmentation using only motion features creates blurred 

region boundaries due to an ill-posed problem of motion estimation [4]. By combining 

the static features, the boundaries of segmented regions follow those of the original 

image. As the feature components are added, the number of regions of segmentations 

are decreased, resulting in a more semantically correct segmentation.
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4.4.2 Feature Filtering and Normalization

In order to remove small details of features in the image which are not relevant 

to segmentation, median and min filtering are applied for extracted features. Lumi­

nance/ chrominance and motion feature vectors are smoothed using median filtering, 

and the two texture features are filtered using min filtering. These filtering examples 

are shown in Figure 4.3. The small details of the tree and flower garden are removed 

after median filtering. The texture features extracted using local neighborhood op­

erations generate unwanted high values along the region boundaries because a small 

window straddles them. They are removed by min filtering of the extracted texture 

features as shown in Figure 4.3 (d).

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

Figure 4.3: The feature filtering of flower garden image, (a) original image, (b) median 
filtering, (c) texture feature (variance), (d) min filtering of the texture feature (the 
whiter, the higher).

Preparing the feature data for a clustering requires normalization that takes 

into account the measure of feature distance [63]. For example, Euclidean distance 

implicitly assigns more weight to features with large ranges than to those with small 

ranges. Scaling one feature in miles and a second feature in inches makes the second 

one numerically overpower the first. To remedy this problem, Mahalanobis distance 

[96] was proposed. Mahalanobis distance scales each feature so that all the features 

have a unit variance and zero mean. This makes all the features the same importance
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while keeping the relative distances of the features. The normalized feature can be 

expressed as:
fj(m.. n.) —  f.-

(4.3)/i(m , n) =  , i = N j,

where fi(m , n) is a normalized feature i, f i(m , n ) is the filter feature i , /* is a mean of 

feature i, N f  is the number of feature components, and cr* is the standard deviation 

of feature i.

Figure 4.4 shows graphic examples of feature normalization of the flower garden 

image sequence. The dynamic range of the luminance features is from 0 to 255; 

the dynamic range of the motion features is from -12 to 12. These different dynamic 

ranges are scaled to be centered around original axis after the normalization as shown 

in Figure 4.4 (b) and (d).

vf.-v.
■f •*>, v i / : /

113  ̂*

90 100 ISO 200 250
column-wM rondom tamplM

(a)

ootunw-wlM random tampiM

(b)

cotumn-wo* random iamp«t* cotumn-wrt* random lampto*

( c ) (d)

Figure 4.4: The feature normalization, (a) luminance features, (b) normalized lumi­
nance features, (c) original motion vectors, (d) normalized motion vectors.

4.4.3 Motion Confidence Measures and the Feature Weight­
ing Scheme

Observed motion is not the true motion but apparent motion induced by tempo­

ral changes of two dimensional image intensity. Most motion estimation algorithms 

encounter occlusion and aperture problems because of the ill-posed nature of the 

motion estimate [4j. Estimated motion vectors around the boundary between two
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different regions are less accurate because regularization terms are added for mo­

tion estimation to alleviate the nature of the ill-posed problem. In addition, there is 

greater uncertainty of motion in regions of nontextured features (smooth or constant 

luminance/chrominance regions) [97].

Some motion estimation algorithms provide a confidence measure for each vector. 

This measure represents the reliability of an estimated motion vector. Generally, 

confidence measures are specific to their algorithms, and they lack generality [98]. It 

is found that for the purpose of image sequence segmentation, the confidence measure 

of Lucas and Kanade’s motion estimation model [46], which is based on a weighted 

least-square fitting of first order constraint of the optical flow equation, fits well for 

a region-based block matching technique [47].

The Lucas and Kanade’s motion reliability measure is described as follows. A 

minimum value of two eigenvalues, Ai and A2 of a m atrix Z  of the linear system in 

Equation 4.4 is the reliability measure of the motion estimation.

where Ix and Iy are gradient values of luminance components in x  and y directions, 

respectively, and Z  is calculated within a local window W  centered on a pixel position, 

(m, n) where d  is computed, d  is the motion vector, /(x , y, t ) is a luminance value 

in an image at time t. If m c (m ,n ) =  min(At,A2 ) >  A , where A is a user defined 

threshold, the motion of the pixel is considered to be reliable. Note that in Equation

(4.5), as the summations of both Ix and Iy within the local window are closer to zero 

(i.e. homogeneous luminance regions, the m c(m ,n) is closer to zero), the estimated

Z  d  =  e (4.4)

(4.5)

w
(4.6)
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motion vector d  is getting more unreliable. On the other hand, the larger min(Ai, A2 ) 

( larger gradient values in both directions, i.e., high activity of luminance values 

(textured regions)) gives more reliability to the estimated motions.

(a) (b) (c)

Figure 4.5: The motion confidence measures of flower garden frame 1. (a) original 
image, (b) estimated motion (magnitude after scaled up by 128), (c) min filtered 
motion confidence measures (the whiter, the higher).

Figure 4.5 shows the estimated motion vectors and their confidence measures of 

flower garden frame 1. The sky and the house (nontextured regions) in the image 

have low confidence values, the tree has higher values, and the garden has the highest

confidence values (estimated motions in the garden are homogeneous as shown in

Figure 4.5 (b)) since the regions contain many textured features as expected.

From the discussion above, we can devise a weighting scheme which eliminates 

unreliable motion vectors for the segmentation. Similar concepts of the weighting 

schemes were used in [94] (hard weighting) and [7] (piece-wise linear weighting). 

In this Chapter, the more flexible soft weighting scheme based on the motion con­

fidence measures is applied for the segmentation. The feature weighting between 

luminance/chrominance and motion features is controlled using Equations 4.7 and 

4.8.

Wm(mc(m, n )) =  -  1 8 (mc(m, n ) -  T), (4.7)
1 +  exp(|:)

Wlc(mc(m, n)) =  1 -  Wm(mc(m, n)), (4.8)
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Figure 4.6: The feature weighting scheme.

where mc(m,n),  the minimum eigenvalue of the matrix Z, is a motion confidence 

value of pixel (m, n ), Wm(mc(m, n)) and Wic(mc(m, ri)) are the weighting values of 

motion and luminance/chrominance features, respectively, and T  controls the feature 

weighting.

As shown in Figure 4.6 (T =  150), in the textured regions, since the motion con­

fidence measure is high, the motion vectors contribute mainly to the segmentation 

instead of using the high dimensional texture features, which are usually needed in 

conventional texture segmentation algorithms. However, small fixed weights (0.1) are 

applied to the texture features in order to generate smoother segmentation regions, 

and this effect can be seen in Figures 4.2 (d) and (e). In the nontextured regions (ho­

mogeneous luminance/color regions), the luminance/color features are mainly used 

for the segmentation by suppressing unreliable motion vectors, since the motion con­

fidence measures in the regions are small. Note that the motion confidence measures 

can be used for the texturedness measure of a scene.

4.4.4 SOFM-based Feature Integration

For segmentation, a multiple feature space is transformed into one dimensional 

label space. Therefore, we can treat the segmentation task as a clustering of multiple
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features. The process of clustering is to find homogeneous clusters of pixels in the 

feature space and label each cluster as a different region [63]. As iterations go on 

during clustering, the randomly initialized cluster centers are moved toward the clus­

ter means of feature vectors so that quantization errors, i.e., distance between cluster 

means and the feature vectors, is decreased. For example, the quantization error of 

the proposed scheme is decreased from around 12 to 2.27 per pixel after training the 

neural networks. If we use random cluster centers for segmentation, two different 

input features which should be labeled differently, can be mapped to the same cluster 

center.

Conventional clustering algorithms such as K-means and fuzzy C-mean methods 

are iterative in nature and need a predefined number of clusters. Therefore, it is dif­

ficult to implement a practical system using these algorithms. Neural network-based 

clustering is promising, since its structure is simple and parallel, and segmentation 

can be done by simple computations between input feature vectors and weight vectors 

in trained networks. Also, trained network weights can be reusable for other feature 

vectors for image segmentation. For clustering and labeling the multiple features, 

unsupervised SOFM neural networks [95] are used. The SOFM neural networks in­

corporate neighboring clusters for updating cluster means during training. In the 

previous work of this research, the supervised back propagation neural networks were 

used for image sequence segmentation [1]. It is a faster solution than an SOFM 

approach since the labeling process (retrieving neural networks) needs just multipli­

cations without a decision step (one output layer) which is necessary in the SOFM 

neural networks. However, the labeling of predefined regions by human judgement is 

prone to errors. This causes the simpler neural networks to generate spurious segmen­

tation results in some images. The segmentation results are attached in Appendix 

C.
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The principle goal of SOFM algorithms is to transform an input feature vector of 

arbitrary dimension into a one- or two-dimensional discrete map. The most essential 

feature of an SOFM is to incorporate into the competitive learning rule some degree 

of sensitivity with respect to the neighborhood. This provides a way to avoid totally 

unlearned neurons and helps enhance certain topological property that should be 

preserved in the feature mapping (data clustering) [73] [99]. The architecture of SOFM

competitive
layer

neurons

weights

input
layer

Learning
Rule

W inner-take-all

input feature vector 

Figure 4.7: The SOFM neural network architecture.

neural networks is shown in Figure 4.7. The most essential feature of the SOFM 

training is to incorporate neighborhood neurons into the competitive learning rule, 

which allows a winning neuron to interact laterally. The winning neuron is decided by 

a minimum Euclidean distance criterion between an input feature vector and weights 

of the neurons in the networks. Weights of neighborhood neurons around winning
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neuron are also updated. The size of the neighborhood slowly decreases with each 

iteration. The training procedures of the SOFM neural networks are as follow:

Initialization: Choose random values for the initial weight code vectors Cj(0). The 

only restriction here is that the Cj(0) should be different for j  =  1 , 2 , . . . ,  iVc. 

N c is the number of neurons in the lattice (code book size).

Similarity Matching : find the best matching (winning) neuron of an input feature 

vector, /  at time t, using minimum-distance Euclidean criterion:

a r g m in | |f - C j | | , i  =  1, 2 , . . . ,  N c. (4.9)
3

Updating: Let i* denote the index of the winner and let I* denote a set of indexes 

corresponding to a defined neighborhood of winner i*. Then the weights asso­

ciated with the winner and its neighboring neurons are updated by

Acj =  *7(f-Cj), (4.10)

for all the indexes j  € I* and rj is a small positive learning rate. The amount 

of updating may be weighted according to a neighborhood function A

Ac j  =  r)A(j, i*)(f  -  cj), (4.11)

for all j .  The convergence of the feature map depends on a proper choice of rj.

One plausible choice is that r\ =  where t denotes the iteration number. The

size of neighborhood should decrease gradually.

Continuation: Continue similarity matching and updating until no noticeable changes 

in the feature map are observed.
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(a) (b)

Figure 4.8: The SOFM outputs of a flower garden frame, (a) original image, (b) 
SOFM outputs (contours).

In the retrieving phase, all the output neurons calculate the Euclidean distance 

between the trained code weights and the input vector, and the winning neuron is 

the one with the shortest distance (Equation 4.9). For segmentation, the index of the 

winning neuron is used as a label.

In the proposed approach, input feature vectors for testing image sequences are 

taken from sequences which have not been used for training to test the generality 

capability of the neural network. Figure 4.8 shows an example of an SOFM testing 

example for a gray-level flower garden frame. For the training, the code book size is 

selected to be 36, and the quantization error of the trained networks for six training 

images is decreased from around 12 to 2.27 per feature vector after 70,000 iterations. 

The SOFM outputs follow original region boundaries well.

Note that the segmentation results of the garden regions is not oversegmented. 

This is because the motion confidence measures in the regions are high so that the mo­

tion features mainly contribute to the segmentation. The sky regions are segmented 

by homogeneous luminance features, since these regions have low motion confidence 

values as shown in Figure 4.5. However, the tree trunk region is oversegmented be­

cause the motion confidence measures are much lower than those of the garden, and 

the segmentation mainly uses luminance features in this region where their activity
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is higher than those of the sky regions. Note that small detailed regions of the image 

are removed by filtering the feature components before segmentation.

4.5 Edge Fusion

The neural network outputs can generate oversegmented results since several 

different image sequences are trained which have different cluster means. In order 

to cover a wide range of cluster means of trained features, the neural networks use 

a larger code book than the final number of clusters required for each image se­

quence. In the early stage of this research, a simple region merging process without 

edge information has been proposed [100, 101, 2]. The segmentation results of this 

approach are attached in Appendix D. For more meaningful segmentation, the over­

segmented result of the neural network outputs are merged in the edge fusion process 

[102, 103, 104].

The edge and contour information are very much appreciated by the human visual 

systems and are responsible for our perception. Therefore, the fusion of edge infor­

mation with the neural network outputs can generate more meaningful segmentation 

regions. It is desirable to use closed contours to  represent objects in the segmentation 

process. The majority of edges produced by an edge detection algorithm is often 

nonclosed. An edge linking algorithm proposed in [39] is used to generate closed 

contours before the edge fusion process begins. The initial edge map was generated 

by a method proposed in [38].

Two criteria, connectivity measures [50] and boundary strength [105], are adapted 

to the edge fusion process. The connectivity measure criterion is based on the heuristic 

that a pair of regions sharing a relatively large common boundary are good candidates 

for merging. The smaller this criterion, the less likely it is that two regions should

81

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



be merged. This measure discourages the formation of regions with small necks con­

necting larger areas. This criterion is further modified to be bounded between 0 and 

1 as shown in the following equation:

CB,
(4.12)

where CBij is the length of the common boundary separating two regions i and 

j .  P{ and Pj are the perimeters of regions i and j ,  respectively. Figure 4.9 shows 

examples of a weak and a strong geometric connectivity case. The two regions with 

weak geometric connectivity are unlikely to be merged. On the other hand, those 

with strong one are likely to be merged. Boundary strength criterion measures the

C B ;;

Pi
region i region j Pj

C B ;1

re g io n  i re g io n  j

(a) (b)

Figure 4.9: The geometric connectivity and boundary strength, (a) weak geomet­
ric connectivity, unlikely to be merged, (b) strong geometric connectivity and weak 
boundary length, likely to be merged.

strength of the boundary between two regions. The larger the number of edge points 

on the boundary, the larger the boundary strength is. The boundary strength is 

defined as follows:
r d ..

(4.13)q  _  E D H 
13 CBaI J

where EDij is the number of edge points on the common boundary between two 

regions. The boundary strength Sij is bounded between 0 and 1. Figure 4.9 (b)
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shows an example of weak boundary strength where there are not many edge points 

on the common boundary between regions i and j .  The two regions with weak 

boundary strength are likely to be merged. On the other hand, two regions with 

strong boundary strength are not likely to be merged.

Textured
regions

Neural
Networks
Output

Edge-fused
Segmentation

Output

Nontextured
Edge Fusion

Region Merging 
Using Texture 

Features
Combine

Divide Neural 
Networks Output into 

Textured and 
Nontextured Regions

regions

Figure 4.10: The flow diagram of edge fusion.

The flow diagram of the proposed edge fusion algorithm is shown in Figure 4.10. 

The edge fusion process starts by dividing the neural network outputs into textured 

and nontextured regions in order to apply edge fusion for nontextured regions, since 

the edges of textured regions do not provide meaningful region information. For the 

division, the texturedness measures, i.e., motion confidence values, are thresholded 

by a predefined value chosen by the user.

The nontextured regions are further split by the linked edge map by overlapping 

the contours of the neural network outputs and the linked edge map followed by a 

connect component analysis of the overlapped binary image. A set of attributes is 

calculated for each region, and a merging process begins to produce the final segmen­

tation map. After splitting regions of neural network outputs using the edge linked 

map, the following edge fusion algorithm is applied: 

d iv id e  n eu ra l network ou tpu ts in to  te x tu re d  and non tex tu red  reg io n s , 

s p l i t  non tex tu red  reg ions using  edge lin k ed  map. 

i n i t i a l i z e  a merged reg io n  co u n te r, N merg.
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while (N merg > 0) 

calculate the region attributes; sort region s iz e s , 

for i=sm allest region to largest, 

find neighbor regions (j =  1 , N n) of i. 

exclude neighbor regions with Cy <0.1;  compute the S'y.

calculate the energy, Eij — F D y  +  a  • sign(Sij — P ) . 

find the neighbor region j  of a minimum negative energy value.

j  — argminj(E{j < 0).

i f  j  e x is ts  or region s ize  of i i s  le s s  than T H rs, 

merge region i and j ;  Nmerg = N merg +  1. 

end 

end 

end

N n is the number of neighboring regions of region label i. The region attributes 

consist of the means of YUV features and size. FDij is the difference of mean values of 

luminance/chrominance in region i and j ,  where region j  is a neighbor of region i. a, 

a segmentation resolution parameter, controls the energy values, and the parameter 

P  reflects the degree of the boundary strength in the energy equation by which the 

current region and a neighboring region are merged. For example, if P  is less than 

0, the term a  • sign(Sij — p) never goes to the negative value, and the corresponding 

energy values always stay positive. Therefore, no candidate neighboring regions will 

be merged. Neighboring regions with weak geometric connectivity (less than 0.1) are 

excluded from the computation of the energy values. Also, small regions (less than a 

predefined threshold T H rs) are merged into a neighboring region j .  Note that only 

when Sij is less than P and FDy is less than a  and the energy E ^  has a negative
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(a) (b) (c)

(d) (e) (f)

(g) (h) (0

Figure 4.11: An example of edge fusion process, (a) original image, (b) SOFM 
outputs, (c) the division of nontextured and textured regions (black: nontextured re­
gions, white: textured regions) (d) edge map, (e) linked edge map, (f) overlapping the 
SOFM outputs and linked edge map, (g) edge fusion result (/? =  0.4), (h) overlapping 
the edge fusion result onto the original image (i) nonedge fusion result.
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value, are two regions, i and j , to be merged. This eliminates the use of spurious 

edges between the regions which have smaller luminance/chrominance difference.

Figure 4.11 shows an example of edge fusion process for table tennis sequence 

1. The neural network outputs are further divided into nontextured and textured 

regions as shown 4.11 (c) (the hand regions have textured features). The linked 

edge map has more closed contours as shown in Figure 4.11 (e). We can clearly 

see the difference of region contours between the neural network outputs and linked 

edge map (gray values). The final result of edge fusion output is compared with a 

result using a region merging technique without edge information [2] in Figures 4.11 

(g), (h), and (i), respectively. The edge fusion process generates more meaningful 

segmentation whose boundaries are closer to the original edge map than those of the 

nonedge fusion segmentation.

4.6 Com putational Com plexity o f the Segm enta­
tion Algorithm

The proposed segmentation algorithms using both nonedge [2] and edge fusion 

process [92] were implemented in MATLAB. The programs ran on a 500 MHz Pen­

tium III PC with 192 MB memory. In this Section, the average CPU times of both 

algorithms for segmenting a frame are collected in order to observe and compare run­

ning times of all subtasks. Also, the computational complexity of the proposed neural 

networks-based clustering and labeling scheme are compared with a typical K-means 

algorithm.

Figure 4.12 (a) shows the average CPU time broken down into average CPU 

time for subtasks in case of nonedge fusion process. The feature extraction, feature 

smoothing, the SOFM neural network clustering and the region merging process take 

32%, 5%, 2%, and 62% of the CPU time, respectively. The CPU time for the feature
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Total CPU time in socond=287.284 Total CPU time in scccond >369.2456

32

S

■  Feat Ext 
E B  Feat. Smooth 
E23 Feat. Normal 
E D  Foal. Wgt 
GZJ SOFM NN 
□  Region Merging

■  Feat Ext 
B B  Peat. Smooth 
E 3  Feat. Normal 
E D  Peat. Wgt 
□  K-means 
Q  Region Merging

(a) proposed. (b) K-means algorithm.

Figure 4.12: Comparison with the CPU times of the proposed (nonedge fusion) and 
K-means algorithms.

normalization and weighting procedure are negligible. 91% of the CPU time for fea­

ture extraction was spent on motion estimation, which uses a three level hierarchical 

matching method. The region merging process for the gray images consumes 62% of 

the CPU time (176.79 sec.). This is because the merging process is iterative in nature. 

The SOFM subsystem takes a very small portion of the CPU time (2%, 4.50 sec.) 

because the feature quantization process is simple (matrix multiplications followed by 

a minimum operation for the winner-take-all). The proposed segmentation algorithm 

in CPU time is compared with an implementation of the K-means algorithm as the 

clustering method where the iterations of K-means algorithm were stopped whenever 

the quantization error of each pixel is the same as that of the SOFM neural networks 

during iterations, and the codebook size is the same as the SOFM networks. All the 

other procedures are the same as experiments of the proposed method. Figure 4.12 

(b) shows the average CPU time broken down into average CPU time for subtasks. 

The total CPU time for this system is increased to 369.25 second. The CPU time for
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the K-means algorithm itself is 97.49 seconds (26%) on average, which is much slower 

than the SOFM neural networks implementation. The merging process takes 165.76 

seconds (45%) which is little less than th a t of the SOFM networks.

Let the number of pixels in an image be N , and let the maximum possible num­

ber of regions labeled in the SOFM neural network outputs be M. Also, let the 

codebook size and the number of feature components be Nc and N f,  respectively. 

The computational complexity of the SOFM neural networks is 0 ( N N cN f  +  Nc2), 

where N N cN f  is for the matrix multiplications between input feature vectors and 

the codebook for whole image, and N 2 is for the winner-take all procedure of the 

multiplication results. The winner-take all procedure needs the sorting of the N c mul­

tiplication results (bubble sorting). The computational complexity for the merging 

process is 0 ( M 2) per iteration. This is because both sorting of region size and feature 

distance calculations need 0 ( M 2) operations.

Total S egm en ta tion  C PU  time in se c .s5 0 8 .3 1 0 5
S eco n d  P h a se  CPU  time in sec .s3 9 0 .3 7 4 7  

5%

F eat. E x t
 F eat. Filtering
EE3 F e a t  Norm. & Weig. & Labeling 
r ^ l  S e c o n d  P h a se

Divide NN outputs 
T ex t Reg. Merg 

C D  E dge Fusion 
I I Combine

(a) entire system. (b) second phase.

Figure 4.13: CPU time analysis of the proposed algorithm using edge fusion.

The average CPU time for segmentation of a QCIF color frame was evaluated 

using pure software implementation in case of edge fusion process. Figure 4.13 shows
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the amount of CPU time for each subtask. The second phase of the segmentation 

process (edge fusion) consumes 77% of the CPU time.

The feature labeling subsystem takes a very small portion of CPU time (less than 

1%) because the feature labeling process of the SOFM neural networks is simple and 

parallel. The use of the neural networks for quantization and labeling of the multiple 

features takes advantage over conventional iterative quantization algorithms which 

may take a larger portion of the CPU time. As shown in Figure 4.13 (b), 95% of 

the CPU time for the second phase of the segmentation is taken by the division of 

the neural network output into textured and nontextured regions and iterative edge 

fusion process. The textured region merging takes less than 1% of the CPU time in 

the second phase. It is clear that in order to achieve real-time image segmentation, a 

special-purpose VLSI architecture must be developed, especially for the edge fusion 

process.

4.7 Experim ental R esults and Evaluations

The first two frames of five gray-level image sequences, calendar and train, Claire, 

football, mall, and MIT, are used for the SOFM training; and another five image 

sequences, flower garden, Miss America, salesman, Susie, and table tennis, are used 

for testing the segmentation of gray-level image sequences. In addition, six color 

image sequences, mobile, Claire, mall, football, MIT, and flower garden, are used for 

the SOFM training, and another six color image sequences, car phone, foreman, Miss 

America, mother&cdaughter, salesman, and table tennis, are selected for testing the 

segmentation of color image sequences.

Dense motion vectors are estimated by using Anandan’s region matching motion 

estimation methods [47]. Neighborhood operations using 5 x 5  local windows are 

used in order to extract the features and to smooth them. For the edge fusion, high
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threshold of 15 and low threshold of 10 are selected to generate edge linked map 

[38, 39]. For the feature weighting, T  is selected to be 150. The threshold value for 

Cij is set to be 0.1 and /3 is set to be 0.4.

The code book sizes of the SOFM neural networks for gray-level and color image 

sequences are selected to be 6 x 6 and 7x 7 , respectively. The number of epochs for the 

SOFM neural network training is 70,000. The training is divided into two phases, the 

ordering phase and the tuning phase. During the ordering phase (1 ~  1,000 epochs), 

the learning rate is decreased from 0.9 to 0.02, and the neighborhood distance is 

adjusted from maximum neuron distance to 1. During the tuning phase, the learning 

rate continues to decrease from 0.02 very slowly. The neighborhood function is 1 

for a winning neuron and 0.5 for neighborhood neurons. After training the neural 

networks, the same code vectors are used for the segmentation of all testing image 

sequences.

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

Figure 4.14: The segmentation resolutions with different a  values, (a) original ear­
phone image (frame 1), (b) a — 7, (c) a  =  13 and (d) a  =  17.

4.7.1 Effect on the a Values

Param eter a  used for the edge fusion controls segmentation resolution. The 

Figure 4.14 shows segmentation results using different a  values. When a  is increased, 

the result of segmentation has lower resolution, thus, has a smaller number of regions.
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4.7.2 Segmentation Results of Different Frames in an Image
Sequence

(a) (b) (c)

(d) (f)

Figure 4.15: The segmentation results of different frames in the flower garden image 
sequences, (a), (b) and (c) original frames 1, 5, and 10, respectively, (d), (e) and (f), 
segmentation results of frame 1, 5, and 10, respectively.

Since frames of a scene have strong spatial and temporal correlation in general, 

we do not need to segment every frame of the same scene for some applications [21]. 

For segmentation of the next frame, motion projection of current segmented regions 

can be used. For the applications of semantic object extraction, it is desirable to seg­

ment every frame for more meaningful representation, since the continuous motion 

projections of segmented regions of a frame does not always guarantee meaningful 

region boundaries of the next frames. By combining the motion projection and spa­

tial segmentation of every frame [18], objects in a scene can be better represented. 

Figure 4.15 shows the segmentation examples of different frames for the flower garden 

sequence. The moving tree is segmented well in frames 1,5, and 10.
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4.7.3 Segmentation Results of a Variety of MPEG Image Se­
quences

The segmentation results for both gray-level and color image sequences of the 

first frame are shown in Figures 4.16 and 4.17. Also, for the sake of comparison, 

an image segmentation method proposed by Dorin and Peter [106] is chosen. Un­

dersegmentation parameters are selected for Dorin’s method, since two other classes 

(oversegmentation and quantization) generate oversegmentation results. These re­

sults are shown in Figures 4.16 and 4.17 along with the segmentation results of the 

proposed method. It should be noted tha t the gray-level image sequences and the 

color image sequences used for these experiments were acquired at different sampling 

frequencies. Therefore, the texturedness in the same image sequence can be different 

in the gray-level and color image sequences, even though they are the same scene 

(compare the gray level and color table tennis image sequence).

In the flower garden sequence as shown in Figure 4.16, the tree moves with 

almost pure translation motion over the background. The tree, sky, and house have 

nontextued regions, and the garden has textured features. Therefore, luminance 

features in the tree, the sky, and house regions, and motion features in the garden 

are mainly contributed to the segmentation. Note that the garden is segmented well 

with several regions instead of many small regions. Use of the gray-level feature only 

in Dorin’s method generates oversegmentation results in the background as shown 

in Figure 4.16, the boundaries of the tree are not precisely located, and the tree is 

merged with the house. On the other hand, the proposed scheme generates more 

reasonable results because the tree and background are generally well extracted. The 

Miss America, salesman, surfside, and Susie in Figure 4.16 do not have many textured 

regions. Therefore, luminance features are mainly contribute to the segmentations. 

The table tennis sequence in Figure 4.16 has a very fine textured background in the
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Figure 4.16: Gray-level image segmentation results. First column: original images 
(frame 1), second column: proposed method, third column: Dorin’s method. From 
the first row, the results are shown for flower garden, Miss America, salesman, Susie, 
and table tennis image sequence.
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Figure 4.17: Color image segmentation results. First column: original images (frame 
1), second column: proposed method, third column: Dorin’s method. From the first 
row, the results are shown for earphone, foreman, Miss America, mother&cdaughter, 
salesman, and table tennis image sequences.
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original images. Therefore, most of the regions are segmented using reliable motion 

features which is almost zero (background does not move in this sequence), and the 

segmentation has one background region instead of many small regions in the Dorin’s 

segmentation.

The color image sequences in Figure 4.17 do not have many textured regions. 

Therefore, the proposed scheme uses mainly static color features for these segmen­

tations. It is worth mentioning that the hand region in the table tennis sequence is 

segmented as one region instead of several smaller regions, since the region has a tex­

tured feature, and the motion feature mainly contributes segmentation of the region. 

As shown in Figure 4.17, the hand region of the undersegmented result of the table 

tennis sequence using Dorin’s method is merged with the background. However, the 

proposed scheme extracts the boundaries well, since reliable motion features are used 

for the segmentation of the region (regarded as a textured region).

For the objective evaluations of the segmentations, evaluation metrics using good­

ness measures and ground tru th  information are applied.

4.7.4 Evaluation of the Segmentation Results

For the goodness measures without using ground truth, the gray-level uniformity 

{GU), and color uniformity (CU) (the summation of luminance/chrominance variance 

of each region) [89], and F ( I ) [90] metric are modified. The GU and CU  values are 

normalized by total pixels of an image, and for the computation of F{I), ej is replaced 

with the mean variance of the luminance/color in nontextured regions and that of 

motion in textured regions, respectively. Also, the F(I)  value is scaled by 100. The 

smaller values of these goodness measures are considered to be better segmentation.

The segmentation results of both methods using the same image sequences as in 

Figures 4.16 and 4.17 are evaluated using a gray-level/color uniformity vs. the number
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(a) gray-level image sequences. (b) color image sequences.

Figure 4.18: Gray-level/color uniformity vs. number of segmented region plots.

of segmented regions plot using the same small region threshold. The segmentation 

resolution parameters were varied from low to high in order to determine the effect 

of the parameters.

The range of the parameters are a  =  [5, 10, 20, 30], and a  =  [2.9, 3.0, 3.5, 4.0] 

for the proposed algorithm and Dorin’s method [106], respectively. The uniformity 

of the segmented regions is expressed using the summation of variance of the all the 

segmented regions divided by total number of pixels. In order to calculate the unifor­

mity, we use the mean variance of the luminance/color features in nontextured regions 

and that of motion features in textured regions, respectively. A better segmentation 

method should have the product of the number of regions and the uniformity closer 

to the origin (0,0) of the variance-number of regions plane. As the segmentation res­

olution is decreased, the number of segmented regions is decreased and the variance 

is increased.

Figure 4.18 shows that the results from the proposed segmentation algorithm 

are better for both gray-level and color image sequences, especially much better for 

the gray-level image sequences which contain more textured features in the original
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images than the color image sequences. The detailed data for gray-level and color 

segmentation are shown in Tables 4.1 and 4.2, respectively. We use the product of the 

number of segmented regions and the uniformity as an overall figure of merit (FOM). 

The proposed segmentation results are 68.2% and 8.4% better in terms of FOM than 

those of Dorin’s for four segmentation resolutions of the gray-level and color image 

sequences, respectively. For the medium segmentation resolution ranges (a  =  10, 20, 

and a  =  3.0, 3.5), which can be considered as typical for object-based applications, 

the proposed algorithm is 70.5% and 10% better than that of Dorin’s algorithm for 

the gray-level and color image sequences, respectively. The detailed evaluation data 

are attached in Appendix E.

Table 4.1: The number of segmented regions and gray-level uniformity data

Proposed algorithm Dorin and Peter’s algorithm
a Regions Uniformity FOM a Regions Uniformity FOM
5 2030 93.76 1.91e5 2.9 2397 306.39 7.35e5
10 1065 151.65 1.62e5 3.0 1990 338.57 6.75e5
20 510 386.12 1.97e5 3.5 1053 513.02 5.41e5
30 320 743.90 2.39e5 4.0 985 530.49 5.23e5

total 3925 1375.42 7.87e5 total 6425 1688.45 24.71e5

Table 4.2: The number of segmented regions and color uniformity data

Proposed algorithm Dorin and Peter’s algorithm
a Regions Uniformity FOM a Regions Uniformity FOM
5 451 317.20 1.44e5 2.9 445 325.14 1.45e5
10 350 331.19 1.17e5 3.0 390 342.44 1.34e5
20 226 399.92 0.91e5 3.5 226 421.88 0.96e5
30 138 571.67 0.78e5 4.0 179 524.47 0.94e5

total 1165 1619.98 4.29e5 total 1240 1613.91 4.68e5

Also, the segmentation results in Figure 4.16 and 4.17 are compared with Dorin’s 

method for each image sequence using the two goodness measures as shown in Ta­

bles 4.3 and 4.4. Most of the proposed segmentation results have better goodness
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Table 4.3: The goodness measures of the gray-level image segmentation.

Flower
garden

Miss
Am.

Sales­
man

Susie Table
tennis

Total Mean

Regions (proposed) 23 53 74 53 27 230 46
Regions (Dorin’s) 210 69 383 137 186 985 197

GU (proposed) 0.292 0.091 0.133 0.081 0.310 0.907 0.181
GU (Dorin’s) 1.356 0.115 0.599 0.087 0.287 2.444 0.489

F(I) (Proposed) 26 24 33 21 31 135 27
F(I) (Dorin’s) 2301 82 1281 74 482 4420 844

Table 4.4: The goodness measures of the color image segmentation.

Car­
phone

Fore­
man

Miss
Am.

Mom&
dau.

Sales­
man

Table
tennis

Total Mean

Regions (proposed) 53 57 39 57 54 18 278 46
Regions (Dorin’s) 103 63 71 46 125 12 420 70

CU (Proposed) 0.264 0.183 0.129 0.099 0.195 0.204 1.074 0.179
CU (Dorin’s) 0.402 0.237 0.201 0.060 0.286 0.128 1.314 0.219

F(I) (Proposed) 31 25 15 19 26 21 137 23
F(I) (Dorin’s) 180 92 219 17 130 15 654 109

measures, especially when the image sequences have textured regions such as the 

gray-level flower garden and table tennis sequence.

Comparison of machine segmentation (MS) results with ground truth (GT) in­

formation can be done by representing percentages of overlap with respect to the size 

of each ground tru th  region [86]. The formula for deciding correct segmentation is 

based upon a tolerance T, where 0.5 < T  < 1.0. Let Pm and Pn be called the number 

of pixels in each MS and GT region (Pm and Rn), respectively. Let Omn = Rm fl Rn 

be the number of pixels whose same image coordinates of both regions R m and R n 

occupy in their respective images. The segmentation results can be considered as 

correct segmentation if the following equation is satisfied.

Omn > T  x Pm and Omn > T  x Pn. (4.14)
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(a) (b) (c) (d)

Figure 4.19: Examples of ground truth data, (a) and (b) gray-level flower garden and 
salesman frames, respectively, (c) and (d) color earphone and table tennis frames, 
respectively.
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(a) gray-level image sequences. (b) color image sequences.

Figure 4.20: Evaluation of correct segmentation using ground truth.
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In addition, the two different segmentation methods of gray-level and color im­

age sequences are evaluated using ground tru th  data which were generated by hand 

segmentation as shown in Figure 4.19 (four images out of eleven GT data are shown 

here) and tested and verified by several human judges. As the tolerance value is in­

creased, correct detection rates are decreased as shown in Figure 4.20. For gray-level 

images, more regions are detected as correct segmentation in the proposed method. 

For the color images, the number of correctly segmented regions of Dorin’s method 

is slightly better in case the tolerance is low. For the gray-level images, the overall 

correct segmentation percentages are 34.88% and 11.46% with respect to the ideal 

ground tru th  data  for the proposed algorithm and Dorin’s method, respectively.

The correct segmentation percentages of the color images are 63.65% and 60.98% 

with respect to the ideal ground tru th  data for the proposed algorithm and Dorin’s 

method, respectively. Therefore, the proposed segmentation algorithm has 23.42% 

and 2.67% increased correct segmentation rates through all the tolerance values than 

those of Dorin’s method for the gray-level and color image sequences, respectively. 

The detailed evaluation data are attached in Appendix F.

Evaluations for both oversegmentation and undersegmentation results are also 

performed as shown in Figures 4.21 and 4.22 for gray-level and color image sequences, 

respectively. The total number of regions in the ideal case for five gray images, 117, 

is calculated based on the GT regions, not the MS regions (proposed: 268, Dorin: 

971) of gray images. Therefore, 151 (proposed) and 854 (Dorin) regions in the MS re­

gions do not participate in this evaluation (undetermined) respectively. It is because 

that the GT data are created by oversegmentation compared with the MS segmen­

tations. The number of regions detected as oversegmention/undersegmentation in 

Dorin’s method for gray images is larger than those of the proposed method. The 

total number of regions in the ideal case for six color images, 285, is also calculated
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(a) oversegmentations (gray-level). (b) undersegmentations (gray-level).

Figure 4.21: Evaluation of over- and undersegmentations using ground truth for the 
gray-level image sequences.

Six Color I(tmqos S x  Color Imogos

Propogod

|  25

Toiomnoo

(a) oversegmentations (color). (b) undersegmentations (color).

Figure 4.22: Evaluation of over- and undersegmentations using ground truth for the 
color image sequences.
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based on the GT regions, not the MS regions (proposed: 320, Dorin: 391). There­

fore, 35 (proposed) 106 (Dorin) regions in the MS regions are not participated in this 

evaluation (undetermined) respectively. The number of regions detected as overseg- 

mention/undersegmentation in Dorin’s method for color images is larger than those 

of the proposed method.

4.8 Conclusion

The neural networks based segmentation scheme which incorporates static and 

dynamic features simultaneously in one scheme was proposed in this Chapter. The 

soft feature weighting scheme based on the motion confidence measure was devel­

oped. Also, the edge fusion algorithm was also proposed to improve segmentation 

results. Use of edge linked maps during edge fusion creates more closed regions with 

segmentation boundaries closer to edges than the use of nonedge linked maps. The 

segmentation results of both gray-level and color image sequences were evaluated us­

ing evaluation metrics to show the utility of the proposed algorithm. The proposed 

feature integration scheme has a simple and parallel architecture with good segmen­

tation results. The proposed schemes can be used for object representations which 

are essential for new emerging digital services.
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Chapter 5 

A VLSI Architecture for Image 
Sequence Segmentation

5.1 Introduction

Image and video data in a multimedia system contain higher volumes of data than 

other media such as audio and speech. By exploiting spatio-temporal redundancy in 

video data, a number of coding-oriented video data compression standards, for exam­

ple, H.261 [25], H.263 [26] , MPEG-1 [23] and MPEG-2 [24], have been proposed for 

efficient transmission and storage applications. The MPEG-4 [9, 107, 108] and ongo­

ing standard MPEG-7 [109], which are based on the object representation of image 

sequences by segmenting a scene, are targeted toward content-based manipulations 

with more coding efficiency.

Efficient VLSI implementations of complex video processing tasks for real-time 

applications are important, since new multimedia services mainly depend on efficient 

and low-cost hardwares executing the required high performance tasks [110, 111]. 

Conventional digital signal processors [112, 113] are highly focused on speech and au­

dio signals and lack high performance capability for video signal processing. General- 

purpose processors targeted to PCs and workstations are adequate for high perfor­

mance desktop processing. However, they are too expensive, power consuming, and
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need an adaptation for the video signal processing. Hence, special architectural ap­

proaches for the high performance of video processing are required.

In general, there are two architectural strategies in video processor design: namely, 

dedicated and programmable. Dedicated (special-purpose) implementation is a direct 

mapping of a specific algorithm or groups of algorithms. Therefore, VLSI implemen­

tation of the individual hardware module to computational characteristics of the well- 

defined and fixed function results in highest efficiency in area and timing. In contrast, 

the programmable architecture executes different tasks under software control. The 

main characteristic of programmable architecture is the increased functionality suit­

able for large application tasks. However, programmable architecture does not use 

hardware resources fully and needs additional programming cost and hardware (mem­

ory), higher power consumption, and increased development time and cost. [114] and 

[115] give good surveys of the recent development of video processing processors.

MPEG-4 standard does not include a segmentation algorithm. It is assumed that 

segmentation information is available at the decoder side. Therefore, it is desirable to 

develop an efficient segmentation algorithm and its special-purpose architecture for 

real-time video applications.

Several dedicated approaches for image and video segmentation [116, 117, 118, 

119] have been proposed in the literature. In [116] a VLSI architecture proposed for a 

dynamic scene analysis technique that can extract regions with motion. After thresh­

olding gray-level difference values between two image frames, connected component 

analysis of the binary difference image is performed. By processing edge maps of 

the two frames and the labels from the connected component analysis, moving re­

gions of a current frame are segmented. However, the outputs of this method mainly 

depend on the luminance difference motion features which are derived from simply 

subtracting two images and may contain noise, especially for textured image. Also, a

104

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



fixed number of motion detection processors, corresponding to the number of motion 

detected regions, limits a scene containing the number of the fixed motion detected 

regions.

In [117] a gray-level image segmentation hardware was presented by segmenting 

an image into variable-size rectangular blocks. This architecture was developed for 

segmentation-based video coding, and regions of rectangular blocks do not adequate 

for object-oriented applications requiring arbitrary shaped regions. A special-purpose 

VLSI architecture for the real-time segmentation of endoscopic images was proposed 

in [118] for segmenting the darkest region of the images. The architecture is based on 

pipelined implementation of an adaptive thresholding technique. The architecture is 

to detect the gastrointestinal lumen regions and generate binary segmented regions. 

Therefore, this technique cannot apply for the segmentation of real-life scene.

A real-time gray-level image segmentation hardware to assign image pixels to 

a few user-selected classes was proposed in [119]. It consists of a feature extraction 

and decision analysis part. The feature extraction part extracts 14 local and global 

descriptions of the image pixels. The decision part classifies the image pixel with one 

out of predefined objects based on those descriptions. This architecture was developed 

for inspection applications based on a supervised pattern matching, therefore, is not 

suitable for general-purposed applications for segmentation.

A multiple features/neural network based segmentation algorithm [102, 103] 

which provides information of a region or groups of regions for object-oriented video 

applications has been proposed in this research. It incorporates static and dynamic 

features simultaneously in one scheme for segmenting a frame in an image sequence. 

The proposed method can also segment image sequences with textured feature ef­

ficiently. The multiple features extracted from two consecutive image frames are 

integrated by SOFM neural networks [95]. In order to generate precisely located 

object boundaries, an iterative edge fusion process [103, 104] is applied.
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Figure 5.1: The proposed segmentation flow diagram.
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The segmentation flow of the proposed scheme is shown in Fig. 5.1. Fea­

ture extraction generates feature vectors consisting of a gray-level or color features 

(three YUV color coordinates), a dense motion vector, and two simple texture fea­

tures, for each pixel. Feature vectors are smoothed using median filtering (lumi­

nance/chrominance feature and motion features) and min filtering (two texture fea­

tures). In order to remedy different dynamic ranges of the feature values, Mahalanobis 

distance [96] is used for feature normalization followed by feature weighting. These 

weighted features are integrated in SOFM neural networks in order to generate an 

initial label for each pixel. A linked edge map is incorporated into the nontextured 

regions of neural network outputs to generate more precisely located segmentation 

boundaries. A simple region merging process is applied for the textured regions us­

ing a texture feature similarity. The segmentation results for both nontextured and 

textured regions are combined to generate final segmented regions. In this Chapter, 

its function-specific VLSI architecture is focused and analyzed its time and hardware 

complexities for various image formats [120, 121].

The remaining parts of the Chapter are organized as follows: The segmentation 

system architecture is presented in Section 5.2. Performance analysis, and discussion 

and concluding remarks are given in Sections 5.3 and 5.4, respectively.

5.2 The VLSI A rchitecture

In general, image and video processing associate with high computation, and 

I/O  band widths, and large storage. Image and video segmentation schemes involve 

complex subtasks performing different computational characteristics such as feature 

extraction, filtering, normalization, weighting, pixel labeling, and post-processing. 

The fundamental operations for segmentation can be classified as follows:
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P ix e l o p era tio n s: The outputs depend on an input value at a pixel position. The 

input value can be a scalar or vector. For example, thresholding operation of 

a gray-level image uses an 8-bit input pixel data. In case multiple features are 

employed for segmentation, these pixel-based operations involve vector opera­

tions for each pixel. In general, thresholding, feature weighting, normalization, 

and labeling involve pixel operations.

N e ig h b o rh o o d  o p e ra tio n s: The outputs depend on the values of a current pixel 

and its neighbors. The feature extraction and filtering involve local neighbor­

hood operations using a small window. Also, block matching motion estimation 

can be categorized in these operations. Pixel and neighborhood operations of 

image and video processing are highly regular tasks and can run in array pro­

cessing such as systolic and pipeline architecture [122, 123].

R eg ion  o p era tio n s: The outputs depend on the attributes (label, size, perimeter, 

gray-level/co lor means, etc.) of an arbitrary region, a set of pixels. These 

operations are typically used for region sorting, region splitting, and region 

merging. In general, these operations are iterative, since the results of a current 

operation should be fed into the next operation. Index addressing of a region 

label is needed for fetching a set of data in a region. Most post-processing 

operations of segmentation can be classified into this category.

An image sequence segmentation system involves complex subtasks. Therefore, 

the development of such system consists of the selection of appropriate methods in the 

literature and the development of novel systems. Figure 5.2 shows the block diagram 

of the entire segmentation system. In the frame buffers, three color components of 

the reference frame and a  luminance component of the next frame are stored. From 

the two consecutive frames, the multiple features are extracted in parallel. Motion
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Figure 5.2: The block diagram of the entire segmentation system.

features of luminance components are estimated, and the two texture features and 

texturedness measures of the reference frame are extracted using local neighborhood 

operations. Also, edge detection and linking hardwares extract an edge map and its 

linked edge map for the edge fusion. A systolic median filter removes small details of 

motion and YUV features, and a min filter eliminates unwanted high values resulting 

from local neighborhood operations along region boundaries by choosing a small value 

within a window. The filtered features are normalized to have zero means and unit 

variance using parallel pipelined architecture, salient feature components of a feature 

vector are weighted high, and unreliable feature components are suppressed using a 

parallel pipelined feature weighting module. For the feature labeling, this weighted 

feature vector finds the closest index (label) of code words from the trained SOFM 

neural networks using systolic array architecture. The feature normalization, weight­

ing, and labeling subtasks are run in a parallel pipelined manner. After dividing the 

labeled initial segmentation results into textured and nontextured regions based on 

the texturedness measures, edge fusion processing module refines oversegmented non-
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Figure 5.3: The block diagram of the motion estimation.

textured regions so tha t the region boundaries are closer to edge. Textured regions 

are merged using a texture feature similarity criterion. The two results are combined 

to generate a final segmentation. The address generation and system controller gener­

ates addresses for accessing data stored in the local buffers and controls the sequence 

of subtasks. In the following sections, each subsystem is described in more detail.

5.2.1 Feature Extractions

A feature vector consists of three YUV color components, a motion vector and 

two texture features. The block diagram of block matching motion estimation is 

shown in Figure 5.3. Let B s x B s and p  be a matching block size and maximum 

displacement assumed, respectively. The 8 bit data for the reference block and candi­

date blocks are serially fed into B s x B s and B s x (B s +  2p) size FIFOs, respectively. 

The system controller generates addresses for scanning the data. A full search block 

matching architecture (FS BMA) based on mean absolute difference (MAD) arith­

metic [124] is adapted. The systolic block matching arrays compute the best matching 

candidate block. The components of the motion [mxm y]' are stored in the two motion 

feature buffers.

The number of clock cycles for the estimation of a motion vector is (Bs+2p)(p+3). 

The motion estimation for the whole image needs (N /(B S2))(BS +  2p)(p + 3) clock 

cycles, where N  is the total number of pixels in an image. The estimated motion
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Figure 5.4: The systolic architecture for the texture feature extractions.

features are scaled up by 128 to be possible for 8 bit unsigned integer processing in 

the following subsystems.

The two texture features, local mean and variance, referred to as f n (m, n) and 

/ fl(m, n), respectively, are textural appearances of the area surrounding a pixel (m, n) 

in a small estimation window centered on this pixel, where Nw is the number of pixel 

of the size of W s x Ws of window W  as expressed in Equations 5.1 and 5.2.

f n im .n )  =  £ w )6 „ > ( m  -  k ,n  -  I), (5.1)

f t2{m,n) =  0 -

where f y ( m ,n )  is a luminance value at pixel (m ,n ).

Figure 5.4 shows the systolic architecture for extracting the two texture features 

using a 5 x 5 sliding window. To feed the data into the systolic arrays, the luminance 

components of the reference frame f Y (m ,n ) are scanned and serially fed into the 

1 +  4NC size FIFO whose latency is 1 +  4NC clocks. Let N c be the number of columns 

of the reference frame. The two systolic arrays calculate a local mean and variance
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every clock cycle with 5 clock cycle latency. For these operations, block A  accumulates 

luminance components, and a final mean value is produced in block M  by dividing the 

accumulated results by Nw. Also, original data  from the FIFO and the mean texture 

feature are used as inputs for V  blocks in order to calculate the local variance. The 

functionalities of A, M, and V blocks are shown in Figure 5.4.

The number of clock cycles to calculate the two texture features of an image is 

the summation of the latency of the FIFO, the two systolic arrays, and the size of 

the image subtracted by 1, i.e., {Ws — 1 )NC +  2WS +  N.

The texturedness measures T M ( m ,n ) used for feature weighting and division 

of nontextured and textured regions can be calculated using Equation 5.3. The 

T M ( m ,n ) is a min(Ai,A2) of the matrix Z (m ,n )  in Equation 5.3, where Ai and 

A2 are two eigenvalues of the matrix. The minimum eigenvalue is proportional to 

mW£(fc,;)evv(l/v'*(m - k , n -  I) |, | f Yy(m - k , n - l )  |)}, where f Yx and f Yy are gradi­

ent values of luminance components, f Y in x  and y directions, respectively. In order 

to simplify the computations, in this dissertation, Equation 5.4 for calculating the 

texturedness measure is used for the subsystem architecture.

V  f  f Y x { m - k , n - l )2 JY x ( m -  k , n  -  l ) f Y y { m -  k , n  -  I) . .
( f c O e w  L f Y x { m - k , n - l ) f Y y { m - k , n - l )  IYy{m -  k , n  -  I)2 J ’

TM(m,  n)  =  m in {  (\fYx(m -  k , n  -  l)\, \fYy(m -  k , n  -  (k , l )  e  W. (5 .4 )

(fc.Oew

The systolic array architecture for the texturedness measure using a 5 x 5 sliding 

window is shown in Figure 5.5. The 4NC +  5 size FIFO stores the luminance data of 

the reference frame. After a 4NC + 5 clock cycle latency, five pairs of x  directional 

luminance values ( fYx) of the left two columns are fed into the T  blocks. Since 

luminance data  in the frame are scanned row by row, 5 pairs of y directional luminance 

data in the 5 x 5  window are selected every clock using a MUX whose inputs are
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Figure 5.5: The systolic architecture for the texturedness measures.
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connected to all the pairs of y directional luminance data within the 5 x 5  window 

operation ranges (the first two rows in the window are directly connected to the 

MUX, and one clock later, the second two rows (the second and third rows in the 

5 x 5  local window) are shifted left or right). The ^  f y x and f y y are computed 

simultaneously in the opposite direction using T  and C  blocks. The minimum value 

is chosen in the E  block and saved in a texturedness measure buffer. The D  blocks 

bypass their inputs with one clock delay. They are inserted for synchronization of 

the outputs of the systolic arrays. After 5 clock latency, the architecture generates 

T ( m ,n ) every clock.

The number of clock cycles is the summation of latency for the FIFO and the 

arrays and size of an image subtracted by 1, i.e., Ws +  (Ws — 1 )NC +  WS +  N.  This 

module requires 8 bit WSN C+ W S size FIFO, WS(WS- 1) T  blocks, Ws D  and C  blocks, 

an E  block hardwares, and a  MUX to choose Ws pairs of f y y inputs. The variance 

texture features and texturedness measures are scaled to be 8 unsigned integers by 

storing just the first 8 MSBs for unsigned filtering operations.

Architectures proposed in [38, 39] are adapted for the edge detection and linking. 

The number of clock cycles required for edge detection and linking of an image is 3N  

and N,  respectively. The edge detection hardware requires 650,000 transistors, and 

the edge linking hardware needs 11,520 FFs and 10,000 logic gates.

5.2.2 Feature Filtering

Three YUV color features and two motion features are applied for nonlinear 

median filtering, and the two texture features and texturedness measures are filtered 

using nonlinear min filtering. Median and min filters select a median value and 

minimum value after sorting the data  in a small window. It is desirable to choose 

the nth smallest value instead of selecting the minimum value for the min  filtering, 

because the minimum value makes the filtered outputs erode too much.
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Figure 5.6: The bit-serial systolic architecture for the median and min filtering.

Figure 5.6 shows a bit-serial pipelined architecture similar to one in [125] for 

the median and min filtering using a 5 x 5 sliding window of 8 bit inputs. The 

bitwise compare and swap networks consist of compare and swap unit (CSU2) and 

bitwise delays. When the window is of size Ws x Ws, the filter requires Ws2 pipeline 

stages for each bit output. Each stage needs one bitwise delay and W s2/ 2 CSU2 

modules. The 8 bit five feature data of the rightmost column in the 5 x 5  window, 

X\, £'2 , %3 , x 4 and x 5, are fed into the filter in parallel using the same 1 +  4N c size 

FIFO as discussed in Section 5.2.1.

After Ws2 +  8 clock latency, the filter produces a one full-word median or min 

value per clock cycle. Therefore, the number of clock cycles for 8 bit inputs for the 

filtering is W  2 +  WSN C +  8 +  N.  Hardware required for filtering 8 bit inputs using 

a Ws x Ws window is a W SN C +  1 size FIFO, 8(WS2( W 2/2)) CSU2 modules, and 

8 V F s 2  +  (VFs2-)-1)(8(8+1)/2) bitwise delays. A CSU2 unit consists of 21 combinational 

logic gates.

All the filtered feature components are stored in the feature filtered buffers so 

that they can be used for the feature normalization and edge fusion.
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5.2.3 Feature Normalization and Weighting

Feature noramlization using Mahalanobis distance [96] can be expressed as fol­

lows:

f i (m, n) = -----------------, i  = (5.5)
Oi

where f i(m, n ) is a normalized feature i, fi{m, n) is the filtered feature i, fi is a mean 

of feature i, N f  is the number of feature components, and a* is the standard deviation 

of feature i. Mahalanobis distance scales each feature so that all the features have a 

unit variance and zero mean.

After the feature normalization, feature weighting of all the feature components 

are followed as expressed in Equations 5.6 ~  5.8 and shown in Figure 4.6.

f i (m ,n)  = fi (m,n)W[c(TM(m,n)) ,  i = the Y U V  feature  components, (5.6)

f i (m ,n)  — f i(m ,n )W rn(TM(m,n)) ,  i =  the motion feature  components, (5.7)

f i (m ,n)  — 0.1 f i (m ,n ) ,  i = the two texture feature components, (5.8)

where f i (m ,n)  is the weighted feature component i, T M ( m , n ) is a texturedness mea­

sure at pixel (m,n),  Wic( T M ( m ,n )) (Equation 4.7) and Wm(TM(m,ri))  (Equation 

4.8) are weighting values for the color and motion feature components, respectively.

The pipelined architecture for the feature normalization and weighting is shown 

in Figure 5.7. From the seven filtered feature buffers, a feature vector of a pixel 

position (m, 11) is scanned serially and stored in the registers of the first stage of 

the pipelined architecture. The means (f ,) and standard deviations (a,) of feature 

components i are system parameters precomputed from the feature components of 

the training image sequences and stored in the corresponding feature registers as 

shown in Figure 5.7. The dynamic ranges of normalized features are reduced because 

of the scale parameters, cq (for example, from the unsigned 8 bits to signed 5 bits).
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In order to increase their dynamic ranges and resolutions, the precomputed cr* can 

be scaled down by a factor of Snm bits before stored in the registers (for example, 

scaled down by 3 bits to make signed 8 bits normalized results). This scaling to avoid 

float-pointing arithmetic is possible because we can also scale the trained code words 

for the next feature labeling by the same bits; its purpose is to find the best matching 

address (index) among the code words.

For the color and motion feature weighting, weighting functions Wic(TM(m,  n)) 

and Wm(TM(m, n)) are implemented using lookup tables (LUTs). These weighting 

values ranging from 0.0 to 1.0 are scaled up to be unsigned integers by a factor of 

Swt (for example, 8 bits) and stored in the two LUTs. After the normalized data 

are available, the texturedness measure T M ( m , n ) are read. The data outputs of a 

TM (m ,  n) address input are multiplied with the normalized feautures and stored in 

the registers of the final pipeline stage. For the weighting of the two texture features, 

the normalized texture features are divided using |’0.1(2Su,t)] integer value. These 

weighted features are fed into the next systolic feature labeling module.

The throughput (bandwidth) of this module is one feature vector per clock cycle, 

and this module has 4 clock latency (4 pipeline stages). These feature normalization 

and weighting subtasks are operated in a pipelined manner with the feature label­

ing module. This module requires N f  normalization units, two 8 x 2Swt size LUTs, 

(pipelined) registers, and multipliers (divisors) for the feature weighting. The word 

width of weighted features is increased by Snm + Swt bits.

5.2.4 Feature Labeling

In order to generate an initial segmentation for a frame, a weighted feature vector 

of each pixel should have a label. The SOFM neural networks cluster training feature 

vectors into fixed code word vectors Cj (1 <  j  < N c[,) by incorporating neighborhood
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neurons of a winning neuron into a competitive learning rule, where N cb is the number 

of code words. The segmentation label of a pixel, NL(m ,  n) is a segmentation label 

at pixel (m, n), i.e., an index of a code word vector which has a minimum Euclidean 

distance between an input feature vector f(m , n) and the code words expressed as 

follows:
Nf

NL(m ,  n) =  argm in{||f(m , n) -  Cj||2 =  -  c,;)2}, (5.9)
3 i= 1

where N f  is the number of feature components in a feature vector. The term ||f (m, n )— 

Cj||2 can be transformed into inner product terms as follows:

||f(m ,n ) -C j ||2 =  ||f (m ,n ) ||2 - 2 ( f ( m ,n )  -cj -0 .5 ||c j | |2), (5.10)

where, f(m , n)-cj =  / i(m > n)cji. Since Cj is a fixed code word vector and 0.5||cj||2

can be precomputed, finding an index generating a minimum Euclidean distance is the 

same as searching an index producing a maximum f  (m, n) • Cj — 0.5||cj||2. Therefore, 

we can avoid the squaring operations for the feature labeling as follows:

N L (m ,n )  =  argm ax{f(m , n) • Cj — 0.5||cj||2}. (5.11)
j

The systolic architecture for the feature labeling is shown in Figure 5.8 when 

both feature components N j  and number of code word Ncb are 7. An input weighted 

feature vector f(m , n) is fed into this module with delays for synchronization of the 

output and shifted to the right to calculate the inner product through the entire code 

words. The L  blocks accumulate the product of an input feature component and code 

words, and the results are shifted toward W  blocks through S blocks which subtract 

0.5||Cj||2 from the inner product result. The W  blocks search a minimum index (j) 

by comparing a current S  block output (s^) and an temporal maximum value (s*2 ) 

and its index (Iji) shifted from the previous stage. A — 2B is a minimum B bit value 

assumed. If a current result from an S  block is larger than that of the previous stage,
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Figure 5.8: The systolic architecture for the feature labeling.
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the W  block swaps the temporal maximum value and its index for the current ones. 

Therefore, W  block in the final stage can find an index of the best matching code 

word for the input feature vector, and the index NL(m,  n) is stored into a feature 

label buffer.

The throughput of this module is one feature vector per clock cycle, and its 

latency is Nf  + Ncb clock cycles. The feature normalization, weighting, and labeling 

are operated in pipelined manner. Therefore, the number of clock cycles for the three 

subtasks is 4 + Nf  + Ncb +  N.  This module requires N fN cb L  blocks, Ncb S  and W  

blocks, and Nf(Np  — l) /2  input delays.

5.2.5 Division of Textured and Nontextured Regions Split­
ting by Linked Edge

The oversegmented labels computed from the trained code words of the SOFM 

neural networks are merged to have lower segmentation labels through the second 

region merging process. First, the initial segmented regions are divided into textured 

and nontextured regions using the texturedness measure, TM(m,n) ,  and then the 

edge fusion process is applied to only nontextured regions after incorporating linked 

edges. Textured regions are merged by using the two texture features similarity. 

Figure 5.9 shows the division of the two regions and nontextured regions splitting by 

the linked edges.

The initial labels NL(m,  n) are fed into the FIFO to extract their contours (NLC  

in Figure 5.9) as described in Equation 5.12. After the contour extraction of the 

labels in order to fuse the binary linked edges, the data in three buffers (texturedness 

measures, the label contours (NLC),  and linked edges (EL)) are scanned pixel by 

pixel in parallel and passed through the logic gates to generate edge-fused nontextured 

contours (NTRC)  and textured region contours (TRC).  The texturedness measure 

is simply thresholded by a predefined value T H tmeas (B T  in Figure 5.9). These
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operations are expressed in Equations 5.13 ~  5.15. The edge-fused nontextured region 

labels (N T R L  in Figure 5.9) and textured region labels (T R L  in Figure 5.9) are 

obtained by connected component analysis of the binary contours (Equations 5.16 

and 5.17).

The system controller scans the label buffer from the top left of an image to the 

bottom right row by row. To provide the data for the contour extraction, 2N c +  2 

label values are stored in the FIFO. The scanned label data are serially fed into the 

FIFO. The total latency for producing the four neighbor labels is iVc +  2 clock cycles. 

If one of the neighbor labels (Lr , Ly, Ll , L q ) is larger than the current label (L c ), 

the scanned pixel has a binary contour value 0. The contour of each pixel of a row 

can be computed every clock cycle.

In order to generate region labels of the binary contours, a hardware architec­

ture similar to one in [126] for the connected component analysis of the edge-fused 

nontextured binary contours and textured region contours is used. The nontextured 

region contours are analyzed first; textured ones, next. As soon as all the nontextured 

region labels are available, the edge fusion process begins. The connected component 

analysis architecture uses two-pass procedures. In the first pass, a bracket table is

1 if NL(m,ri)  > N L ( m  — k ,n  — I), 
0 otherwise,

(k, I) £  4 neighbors o f  (m , n). (5.12)

(5.13)

(5.14)

(5.15)

(5.16)

(5.17)

N T R C ( m , n ) =  B T ( m ,n )N L C ( m ,n ) E L ( m ,n ) .  

TRC(m,r i)  = B T ( m ,n )N L C ( m ,n ) E L ( m ,n ) .  

N T R L { m ,n ) =  C C A (N T R C (m ,n ) ) .  

T R L { m ,n ) = CC A{TRC(m ,n) ) .
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Figure 5.9: The division of textured and nontextured regions splitting by edge.

generated by scanning an image row by row and checking the set of runs. The con­

nected component labeling is done in the second pass. This scheme needs three sweeps 

of memory. The connected component hardware can produce the number of regions 

of a binary input image used for the edge fusion and texture region merging. The 

hardware requires a pass 1 and 2 processors, MUXs, and an IV x 1 bit size bracket 

table.

The number of clock cycles (C ^ rs) required for this subtask is the summation of 

that of contour extraction, region splitting by edge and connected component analysis 

of the two region contours, i.e., C ^ rs =  {Nc + 1 + N) + N  + 3N. 2NC +  2 size FIFO, 

three image-size temporary contour buffers, and two output label buffers are required 

for this module.

5.2.6 Edge Fusion

The edge fusion algorithm integrates the edge linked map into the nontextured 

regions, and then iterates region merging processes until there is no region whose
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luminance/color distance between neighbors is less than the segmentation resolution 

parameter a. As shown in Figure 5.10, the iterative edge fusion has an inner and 

outer loop. Let the maximum number of nontextured regions after overlapping the 

linked edge on the texuted regions be N ri. After calculating region attributes and 

region size sorting, a region from the smallest region searches its neighbor information 

and a merged neighbor region label which has the smallest energy value. If a merged 

neighbor region exists, the current region and the neighbor region are merged. This 

step is continued for all the regions of the nontextured region labels buffer through 

the inner loop. If there is at least one merged region after the inner loop operations 

for all regions, the entire edge fusion procedure is iterated again through the outer 

loop until there is no merged region.

Figure 5.11 shows a simplified edge fusion architecture for color image sequences. 

The edge-fused nontextured region labels, edge linked map, and median filtered three 

YUV features have been stored in five local buffers. In the region attributes and 

sorting module, five region attributes (size, starting address, accumulations of YUV 

features) are computed for each region by accessing the label and YUV feature buffers. 

Also, the order of the region merging process is determined by sorting the region sizes 

of the labels. The order is stored in the sorted region label buffer. The region at­

tributes for the current region label are stored in the registers which are accessed by
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subsystems. The neighbor region labels, common boundary lengths, and the number 

of edges on the common boundaries of the current label are stored in the three buffers 

connected to the subsystem called the neighbor region and common boundary infor­

mation calculation module. W ith this neighbor information, a neighbor, which has a 

minimum energy, is determined using parameter registers, a  and /? in the energy and 

merged region label module. The current region is merged with the selected neighbor 

region. These operations are controlled by the address generation and system control 

module. The controller determines when to stop the region merging process using the 

merged region counter or a maximum allowable number of outer loop (iV/oop). The 

details of each subsystem are described in the following subsections:

5.2.6.1 Region A ttributes and Region Size Sorting

The order of labels for region merging is determined by region sizes, the smallest 

to the largest. The energy values between a current region and its neighbors determine 

whether a current region can be merged or not. For this reason, region attributes such
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as size and YUV feature distances should be computed. Also, in order to reduce the 

indexed addressing time of a region, a starting address for each region is calculated 

and used for a preloaded addressing value of a region label during the addressing.

Figure 5.12 shows the process of region attributes calculation and region size 

sorting. The scanned label and three color feature values stored in the registers 

are accumulated (R S , YAcc,  UAcc,  and VAc c  in Figure 5.12) and written in the 

corresponding region attribute buffers as described in Equations 5.18 and 5.19. At 

the same time, region starting addresses are calculated (R S A  in Figure 5.12) using 

Equation 5.20. The region sizes are sorted in ascending order (S N T R L  in Figure

5.12) and written in the sorted nontextured region label buffer (Equation 5.21).

RS(rl)  =  £p(m, n),

, . /  1 if NTRL(m,n) € rl, , *
P(m ’n > =  ( o  otherwise, (5'18>

(Y ,U,V)ACC(rl) = {Z (Y ,U ,V ) f (m ,n ) \N T R L (m ,n )  e r l } ,  (5.19) 

RSA(rl)  = m in{ (m ,n ) \N T R L (m ,n )  e  rl}, (5.20)

S N T R L ( r l ) =  sor t{RS(r l ) \RS (SN TR L{  1)) < , . . . ,

<  R S ( S N T R L { N h ))}, rl = l , . . . , N rl. (5.21)

The four input buffers are scanned pixel by pixel in parallel. A scanned label 

from the nontextured region label buffer corresponds to the address of the region 

size and YUV feature buffers (index addressing). All the attributes buffers are reset 

initially. When this address is available, the data of the four attributes are read 

and stored in the stored label registers. The stored region size value is added up by 

1, and the scanned and stored YUV feature values are added and written. If the 

maximum possible region size, Nrs is predefined as N,  the region size buffer needs an 

Nri x log(iV) bit memory, and the other three attribute buffers need Nri x (8+log(A)) 

bit memory each.
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The region starting address calculation runs in parallel with the region attribute 

calculations. The temporary register and the region starting address buffer are reset 

initially. When the scanned label value and temporary register value are different, the 

scanned label is written into the temporary register. Only when the fetched region 

starting address is zero and the comparator’s output 1, the current address is written 

using index addressing of the scanned label.

A log(iVr;)-processor heapsort architecture [127] which takes 0 { N ri log(iVr/)) times 

and requires 8 +  log(N)  +  log(Nri) bit word inputs is adapted for the region size 

sorting, since the outputs of the region size sorting module should be the index of 

region size, i.e., labels. The number of clock cycles (Cra ) required for this module is 

CRA = N  + Nrl log(iVw).

5.2.6.2 Neighboring Regions Information Calculation

Neighboring region information of the current region is calculated and saved for 

finding a neighbor with a minimum energy value required in the next module. The 

neighboring region information includes neighboring region labels, common boundary 

lengths and number of edges between a current region and neighboring regions.

Figure 5.13 shows the process of neighboring region information calculation. A 

scanned region label is fed into the FIFO, and it is compared with the current region 

label and its four neighbors to calculate a neighbor region label (N R L  in Figure

5.13) as described in Equation 5.22. At the same time, common boundary lengths 

and the number of edges for between the current region and the neighbor region 

are accumulated (C B L  and N E  in Figure 5.13). These operations are expressed in 

Equations 5.23 and 5.24.

Instead of scanning the entire label buffers, a current region starting address is 

preloaded into the address generator so that it starts generating addresses for the 

3 x 3  window operations at the region starting address as shown in Figure 5.14.
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f 1 if N T R L (m ,  n) = =  i AND 
=  < N T R L (m ,n )  < N T R L ( m  — k ,n  — I),

[ 0 otherwise,
(k , I) G 4 neighbors o f  (m , ?z),

j  =  one o f  N T R L ( m  — k ,n  — I),

(m,n)  G {pixels on the perimeter o f  label i}. (5.22)

=  CBLi(j)  +  1, i f  N R L i ( j )  ==  1. (5.23)

=  NEi(j )  +  1, i f  {EL (m ,n )  ==  0 |(m ,n) €

{pixels on the perimeter o f  label i whose neighbor is j}}, 

j  =  1, . . . ,  Nn (:number o f  neighboring regions). (5.24)

The address generation is stopped when a scanned label reaches the current 

region size. In this way, we can reduce the scanning time for calculating neighbors of 

an arbitrary region, since a region length (RegL ), defined as the number of rows a 

region occupies, is generally smaller than the number of rows in an image, N r. The 

same size FIFO as that in Figure 5.9 is used. If a scanned label Lc  is the same as 

the current region label and one of the comparator’s outputs using its four neighbors’
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label inputs L r , L u , L l , and L r, is logic ’1’, this binary value is stored (indexing 

address of the neighbor label) in the neighbor region label (NRL)  buffer, and the 

fetched data  (initially reset) of the corresponding common boundary length (CBL)  

and number of edge on the common boundary (NE)  buffers are added by 1. The 

delays for the edge linked m ap’s outputs are N c + 2 clock cycles, which need to be 

synchronized with the scanned data for the current pixel label.

The memory requirements for this module are one N ri x 1-bit memory for the 

NR L i( j ) ,  and two Nrt x log(A^rp)-bit memories for both CBLi( j )  and NE buffers, 

where N rp is a possible maximum region perimeter (less than 6(Nr + Nc) in the 

estimate). The number of clock cycles (C^ r i ) required of this subsystem is C ^ ri = 

(RegL + 2)NC + (Nc +  2). The two rows (2NC) should be added for scanning the label 

buffer using the 3 x 3  window.

5.2.6.3 Energy and Merged Region Label Calculations

Figure 5.15 shows the process of energy calculation and finding whether there is 

a merged neighbor region label or not between the current region and its neighbor 

regions. It consists of five pipeline stages (for the sake of simplicity, pipelined registers 

are not included in the figure). The feature distances of three color components 

(FD  in Figure 5.15), the boundary strength between the current region label, and 

a neighbor region labels are computed (Si(j) in Figure 5.15) using Equations 5.25
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and 5.26. The energy values of three color components are added (E  in Figure 5.15) 

to find a merged neighbor region label as described in Equations 5.27 ~  5.29. The 

merged flag is set to be 1 only when all the energy values of three color components 

are negative and the current region is less than a predefined value as described in 

Equation 5.30.

( Y , U , V ) ACC(i) ( Y , U , V ) ACC(j)FD,( Y ,U ,V)i(j)

Si(j)

RS(i)  
16 * N E i( j )

R S ( j )

CBLi( j )  ’

E{Y,u,v)i(j) = FD(Y,u,v)i{j) + a  ■ sign(Si(j)  -  /?), 

Fi(j) =  E y  i (ji) +  Ejji{j) +  E\/i ( j ),

3

(5.25)

(5.26)

(5.27)

(5.28)

(5.29)

merged  f l a g  =

= argm infEiO ')},
1 if (EYi(j), Eui(j)  and E Vi{j) are all negative)

OR (R S{ i ) < T H rs),
0 otherwise,

j  = l , . . . , N n. (5.30)
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The YUV feature accumulation values and the corresponding region sizes are 

read by index addressing (a label set as ’1’) of a region label changing from 1 (label 

0 is regarded as a textured background label which cannot be merged with a nontex- 

tured current region label) to N ri in the controller and stored in the corresponding 

registers. Feature distance values of YUV components between the current region 

and a neighbor region are added with the result of a  • sign(Si(j) — f3) to calculate an 

energy value Eflj) ,  where i is the current region label and j  is one of the neighbor­

ing region labels. The Sfl j)  is scaled up by 16 to be an integer. The a  and (3 are 

predefined parameters. A neighbor region with a minimum value is updated in the 

argminJ (£'i(i7 )) unit during iterative calculation of the energy values. After finishing 

energy calculations, the value of the current minimum neighbor label register (label 

j )  in the argminj(Ei(j))  unit is the neighbor region label which can be merged with 

the current region. In order to find negative energy values, the sign bits of the three 

YUV energy values are checked. Regardless of the energy values, if the current region 

size is less than a predefined threshold, T H rs, the merged flag bit is set to be ’1’ so 

that the current small region is merged with the selected neighbor region. Also, this 

flag bit is connected to the controller, and the controller runs the region merging 

module only when the flag bit of the current region is set to be T ’.

The hardware mapping for the energy calculations can be easily done using di­

viders, comparators, adders, and MUXs. The number of clock cycles (Cec ) required 

of this module for each region is C ec =  N ri +  5.

5.2.6.4 Region Merging and Updating Region Attributes

This module merges the current region with the neighbor region stored in the 

merged neighbor register and updates region attributes of the merged neighbor region 

label. The process of this module is shown in Figure 5.16. The region merging is the 

process of writing the merged neighbor region label j  into the current region i as
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Figure 5.16: Region merging and updating region attributes.

described in Equation 5.31. The attributes (R S A , RS, YACc, UAc c , Vac c  in Figure 

5.16) of the merged neighbor region are updated as expressed in Equations 5.32 ~  

5.34.

N T R L (m ,  Tl)(rn,n)€i

('Y , U , V ) ACc G )

RSQ )

R S A ( j )

=  J-

(y, u, v)ACC(i) + (y, u, v)ACC(j)-
RS( j )  +  RS(i).  

min{i?5^4(z), RSA ( j) } .

(5.31)

(5.32)

(5.33)

(5.34)
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After the region merging, the corresponding region attributes for the merged 

neighbor region are updated for the next iterative merging process. Storing YUV fea­

ture accumulation values instead of the feature mean values makes the calculation of 

feature distance easier for the energy calculation, since updating YUV feature means 

needs many accesses to the YUV feature buffers. Updating the merged neighbor 

region attributes such as accumulated YUV feature values and region size is simply 

done by adding the attribute values of the current region with those of the merged 

neighbor region. For updating the region starting address for the merged region, a 

smaller value is stored in the merged label’s region starting address, since the scanning 

of a buffer starts from the top of an image. The final segmentation for nontextured 

regions is stored in the N T R L  buffer.

The number of clock cycles (Cr m ) for merging the two regions is Crm =  (merged 

flag bit) • RegL  • N c, since when the merged flag is logic 0, this process is skipped.

5.2.7 Textured Region Merging and Generating Final Seg­
mentation Result

The textured region merging subsystem, which runs in parallel with the edge 

fusion subsystem, has similar architecture to the edge fusion system but simpler, 

since it does not need edge information, and only the two texture features are used 

for a similarity measure for the textured region merging. If we replace the hardware 

components of the YUV color features in the edge fusion system with those of the two 

texture features and remove those regarding edge information, we can easily map the 

textured region merging system into hardware. In this dissertation, the more detailed 

explanations of the system architecture are skipped.

Figure 5.17 shows the process of the generation of a final segmentation. The 

contours of the merged nontextured and textured region labels (N T R L  and TRL)  

are extracted, and combined by ANDing operations (contour is logic 0 and background
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Figure 5.17: Combining of the merged nontextured and textured regions.

1). The final segmentation labels are generated by the connected component analysis 

of the combined binary contours. The number of clock cycles for this module is the 

summation of that of the contour extraction and connected component analysis, i.e., 

(Nc + 1 +  N)  +  3 N.

5.3 Performance Analysis

The number of clock cycles and hardware components for the segmentation archi­

tecture are summarized in Tables 5.1 and 5.2. The hardware components are memory 

size, the number of registers, adders (subtractors), multipliers (dividers), and com­

parators. The overall complexity depends on an image size (N ,N T, N C), the window 

size for neighborhood operations {Ws), the maximum number of feature components 

(N f ), and code words (iVc&). In addition, combinational logic gates are required for 

the filters, the edge detection subsystem, the edge linking subsystem, and the sys­

tem controller. The temporary memory buffers can be shared to reduce the memory 

requirement.

The multiple features are extracted in parallel. Therefore, the number of effective 

clock cycles is that of a maximum feature extraction subtask between the motion 

estimation and the two texture feature extractions. Assuming that only one median 

and min filters are used for the system, five iterations of the median filtering (three
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Table 5.1: The number of clock cycles of the VLSI architecture.

Subsystems Clock cycles
Motion estimation (N/B,*) (Bs + 2p)(p +  3)

Two texture features extraction (Ws -  1 )NC + 2WS + N  + 1
Texturedness measure {WS - 1 ) N C + 2WS + N

Median filtering per feature W ?  +  WSNC +  N  +  8
Min filtering per feature W ?  +  WSNC +  N  +  8

Feature normalization & weighting latency: 4, throughput: one clock
Feature labeling latency: N f  + iVcb, throughput: one clock
Region division Nc +  51V +  1

Region attributes & sorting N  + Nrllog(Nrl)
Neighbor region information Nc(RegL -j- 3) -F 2

Energy calculation Nrl + 5
Region merging flag bit •NcRegL

Combine ZN + Nc + \

color and two motion features) and three iterations of the min filtering (two texture 

features and a texturedness measure) are required in order to generate a filtered 

feature vector. The edge detection and linking are run in parallel with the filtering 

and can be finished before the edge fusion process begins. Therefore, the number of 

clock cycles required for the filtering is five times that of one median filtering. The 

feature normalization, weighting, and labeling are done in a pipelined manner, and 

the throughput is one feature vector per clock cycle. The total number of clock cycles 

required for the iterative edge fusion is CNRS +  N loop(CRA +  N rl(CNRI + CEC +  CRM))■

To compare the performance of the proposed VLSI architecture to the equivalent 

MATLAB implementation for the same image sequences shown in Figure 4.17, Table

5.3 shows the parameter settings in the VLSI architecture. Nrs, N loop, Nn, N r[, N rp, 

and RegL  are the worst-case parameters estimated during segmentation of the image 

sequences.

The number of clock cycles for each subtask estimated from the VLSI architec­

ture for the color QCIF image segmentation is shown in Figure 5.18. If we compare

136

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 5.2: The hardware components of the segmentation system.

Subsystems Memory Registers Adders Multi. Comp.
Motion

estimation
21V x 8 8 Bs2+

(9 + 2p)Bs +  8
4 B sl +  

2 B s
* 1

Two texture 
features extraction

21V x 8 7 W 2+
(Nc + 5 )W8 +  4

2 Ws2 Ws2
+2

*

Texturedness
measure

IV x 8 8W ?  - N c + 8+ 
(1VC +  6 )WS

8 Ws2+  
2 Ws

• 1

Median filtering 
per feature

IV x 8 (44 Ws2 + 36)FFs 
+  {WSNC +  1) Rgs

• •

Min filtering 
per feature

IV x 8 (44 Ws2 +  36)FFs 
+  (WSNC +  1) Rgs

Feature norm. 
& weighting

(Nf A +  91V/)/ 2 N f 2 Nf •

Feature labeling N  x log(Nci,) Nf  z -  Nf +  
22 Ncb

Nf Ncb
+ N cb

Nf Ncb Ncb

Region division 4 N  x 1,
2(IV x log(Ncb)

91Vc/2 • 5

Region attributes 
& sorting

Nri x (5log(Nri) 
+2 logN  +  32)

\2log(Nrl) + 14} 4 * f  log(Nri) 

+11
Neighbor

information
Nrp x 

(2 log(Nrp) +  1)
2 Nc +  20 2 0 5

Energy
calculation

• 35 8 7 3

Region merging • 12 4 0 2
Combine N x  

(log(Nr[) +  1)
41Vc +  4 • • 2

the CPU times estimated from the MATLAB implementation, the number of clock 

cycles for the edge fusion process is increased from 77% to 93% in the VLSI archi­

tecture. This is because the subsystems of the rest of the subtasks are implemented 

using systolic and pipelined architectures such that the processing speed is dram at­

ically reduced. Therefore, the amount of the clock cycles is increased relatively for 

the subsystem of the iterative steps in the edge fusion process which cannot be im­

plemented using pipelined architecture. In edge fusion, the subsystems for neighbor 

region information, energy calculation, and region merging, which are nested in both
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Table 5.3: Parameter settings of the VLSI architecture.

Parameter Value Parameter Value
Bs 4 Nrp 6(Nr + Nc)
Nrs N Nw 25
N c ft 49 P 12
N f 7 RegL 3.57 per loop

Nloop 5 Snm 3
Nn Nrl Swt 8
N rl 699 per loop Ws 5

N um ber of Clocks=*12526236 
5%

N um ber o f C locks*  11 7 0 8 6 7 3

■ j  Feat. Ext.
F 5 1  Feat. Filtering 
□  F eat. Norm. & W eig. & Labeling 
I I S econd  P h a se _________________

Divide
A ttribu tes

R egion  M erg

(a) entire system. (b) second phase.

Figure 5.18: The amount of clock cycles for the VLSI segmentation architecture.

inner and outer loops, account for 30%, 21%, and 46% of the edge fusion process, 

respectively, take most of the clock cycles.

Assuming using a modern ASIC technology and a clock rate of 400M H z,  Table

5.4 shows the processing time of the VLSI architecture for a variety of image for­

mats. W ith estimated mean parameters, the processing times are reduced to 0.011, 

0.033, 0.046, and 0.280 sec. for QCIF, 256 x 256, SIF, and CCIR 601 image types, 

respectively as shown in Table 5.5. The total segmentation processing time for a 

QCIF image with worst case parameters is 0.032 sec. This is five orders of magnitude
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Table 5.4: The worst-case time analysis of the segmentation architecture.

Image
Types

Number of 
clocks

Time (sec.) 
400MHz

QCIF 1.2535e7 0.032
256x256 2.360e7 0.059

SIF 5.146e7 0.129
CCIR 601 35.011e7 0.876

Table 5.5: The time analysis of the segmentation architecture using estimated mean 
parameters.

Image
Types

Average Nri 
per loop

Average RegL Nloop Number of 
clocks

Time (sec.) 
400MHz

QCIF 431 4.02 3.83 0.436e7 0.011
256x256 649 4.83 4.2 1.312e7 0.033

SIF 431 13.63 3.83 1.828e7 0.046
CCIR 601 431 54.82 3.82 11.187e7 0.280

improvement over the MATLAB implementation. For the detailed estimated data for 

the computational complexity, please refer to Appendix G.

The total hardware complexity for the entire segmentation system was estimated 

using the worst-case parameters and is summarized in Table 5.6. Local buffers are 

shared to reduce the memory requirement. The larger the image size, the more 

the memory requirement and registers. The numbers and average widths of other 

hardware components are not strongly dependent on the image size. For the detailed 

estimated data for the hardware complexity, please refer to Appendix H.

5.4 Conclusion

In this Chapter, a VLSI architecture for a novel image sequences segmentation al­

gorithm has been proposed. The dedicated special-purpose system consists of motion 

estimation, edge detection, edge linking, median and min filters, feature normalization 

and weighting, systolic SOFM feature labeling, and edge fusion hardware. Compu-
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Table 5.6: The hardware complexity estimation of the segmentation architecture.

Image
Types

Memory
(bit)

Registers 
(avg. width)

Adders 
(avg. width)

Multipliers 
(avg. width)

Comparators 
(avg. width)

QCIF 3.76 M 8121 659 402 99
(6.95) (24.19) (15.24) (22.23)

256 x 8.99 M 10529 659 402 99
256 (6.93) (24.21) (15.27) (23.39)
SIF 12.87 M 10277 659 402 101

(6.95) (24.22) (15.30) (22.44)
CCIR 52.52M 15471 659 402 103
601 (6.93) (24.24) (15.35) (22.72)

tational and hardware complexities of the proposed architecture were estimated in 

terms of the number of clocks, arithmetic components, and memory requirements. 

The performance gain of five orders of magnitude over software implementation can 

be achieved. The performance of the proposed VLSI architecture demonstrates the 

possibility of performing MPEG-4-like object-oriented segmentation in real-time.
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Chapter 6 

Conclusion and Future Work

6.1 Conclusion

A segmentation method which can provide regions or groups of regions for object- 

oriented segmentations of image sequences has been proposed.

The segmentation method uses a multiple feature clustering technique in Chap­

ter 4. The feature vector consists of motion features and the static features such 

as luminance/chrominance and the two texture features. After filtering and normal­

ization, only reliable motion features are selected using the soft feature weighting 

scheme. In this way, we can segment textured regions of an image sequence using 

low-dimensional texture features as shown in Figure 4.8.

Weighted features are clustered using the unsupervised SOFM neural networks 

in order to produce initial segmentation labels. The neural networks provide simple 

and parallel arithmetic operations, and they can be easily mapped into hardware. 

Since the trained cluster code vectors can be reused for the segmentation of all of the 

testing images, this method is faster than conventional iterative clustering algorithms.

The test images consists of gray-level and color image sequences with both simple 

and complex scenes and are divided into training and testing images. The same 

code weights in the trained neural networks are applied for the segmentation of all 

the testing images. Perhaps one of unique contributions of the proposed method is

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



edge fusion. The oversegmented initial segmentation results from the neural network 

outputs are merged in the edge fusion process to generate region boundaries closer to 

reality as shown in Figure 4.11.

The segmentation results for both gray-level and color image sequences were 

evaluated using intrinsic goodness measures and ground tru th  in order to evaluate 

the proposed segmentation method objectively. The proposed segmentation results 

are 68.2% (gray-level) and 8.4% (color) better in terms of FOM than those of Dorin’s 

for real-life MPEG image sequences. The complexity analysis of the proposed method 

shows 22% faster processing time than the conventional K-means algorithm as shown 

in Figure 4.12.

Based on the proposed segmentation algorithm, a VLSI architecture has been 

proposed in Chapter 5. The subtasks before the edge fusion use regular arithmetic 

structure and are implemented using systolic and pipelined architectures. Therefore, 

the throughput of these substasks is high. Edge fusion needs an iterative region merg­

ing process and takes most of the clock cycles. In order to reduce the memory access 

time for the index addressing of a region label, the subsystem for region attributes 

calculates a region starting address of each region label before the merging process 

and utilize it as a region attribute during the edge fusion process. Instead of calcu­

lating feature means for updating region attributes after merging, this research took 

the approach of using accumulated region feature values and region size. Updating is 

done by adding the two feature values with those of a merged region; actual feature 

mean computation using updated accumulated features is done by a divider in the 

energy computation module.

The performance and system complexity of the VLSI architecture were estimated 

using the worst-case parameters extracted during the segmentation experiments of the 

MPEG image sequences. Every frame of the QCIF image sequences can be segmented
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in real time even with the worst-case parameters (0.032 sec.). An SIF image used 

for video telephony applications can be segmented in 0.129 sec. with the worst-case 

parameters (0.046 sec. with mean parameters). Since image sequences have strong 

temporal correlations in general, all the applications do not need segmentation of 

every frame. If an application needs segmentation for every /  frame, where /  =  4 

(0.129/0.033) for SIF image sequences at the worst case, the proposed system can 

be applied for the real-time segmentation of the SIF image sequences ( /  =  1.4 for 

average parameters). The performance gain of five orders of magnitude (15875) over 

the MATLAB implementation is achieved. The estimated amount of hardware is 

modest, and it is economically feasible to have a chip-set solution using modern VLSI 

technology.

6.2 Future Work

Our research has been focused on the image sequence segmentation algorithm and 

its VLSI architecture. The segmentation outputs provide more meaningful region in­

formation for object-oriented applications of image sequences such as MPEG-4 coding 

and content-based manipulation, since the multiple features including edge informa­

tion are incorporated. The proposed scheme generates a homogeneous static region 

when the estimated motion vectors of the region are unreliable, and when several 

regions have homogeneous reliable motion features, the proposed algorithm merges 

the regions to create a segmentation which better presents the objects in the image. 

However, the proposed scheme has limitations and can be further improved in the 

future:

•  During the SOFM neural network training for clustering feature vectors, the 

feature vectors on edge points are included as training feature vectors. These
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features can be regarded as outliers of the clusters. Therefore, a feature clus­

tering excluding these outliers can lead to better segmentation results.

•  The initial labeled regions from the neural network outputs are broken into 

textured and nontextured regions before the edge fusion process begins. For this 

reason, a binary region mask is generated by simply thresholding the motion 

confidence values (texturedness measure). In some images, the small patches of 

a spurious binary regions are unintentionally included in the edge fusion process 

even if the m in  filtering is applied to the texturedness measures before the 

generation of the binary region mask. These spurious regions can be removed 

by combining another texturedness criteria such as an edge busyness and the 

energy difference of each subband using wavelet decomposition of the frame.

•  The proposed edge fusion architecture needs a lot of memory access of the region 

label buffer to calculate neighboring region information of an arbitrary shaped 

region. In order to reduce the memory access time, the proposed architecture 

calculates the starting address of each region and uses it as a preloaded input for 

an address generation counter. Since the order of merged regions is decided by 

sorting the labeled regions before the iteration, the neighbor region information 

for the next iteration can be calculated during operations of other subsystems 

if we use two parallel neighbor region calculation modules which do not require 

much hardware complexity.
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Appendix A

Abbreviations and Acronyms

ASIC Application-Specific Integrated Circuit
BPN Back-Propagation neural Networks
CIF Common Intermediate Format
CCIR International Radio Consultative Committee
DCT Discrete Cosine Transform
DPCM Differential Pulse Code Modulation
DSBV Double Stimulus Binary Vote Method
DSCQS Double Stimulus Continuous Quality Scale Method
DSIS Double Stimulus Impairment Scale Method
FIFO First In First Out
FS BMA Full Search Block Matching Algorithm
GRF Gibbs Random Fields
GT Ground Truth
HVS Human Visual System
ITU International Telecommunication Union
ISDN Integrated Services Digital Networks
ISO International Organization for Standardization
LAN Local Area Networks
LUT Look Up Table
MAD Mean Absolute Difference
MAP A maximum a posteriori
MF Motion Failure
MPEG Moving Picture Experts Group
MRF Markov Random Field
MSE Mean Square Error
MS Machine Segmentation
MUX Multiplexer
NTSC National Television System Committee
PAL Phase Alternating Line
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PDF Probability Density Functions
PSTN Public Switched Telephone Network
QCIF Quarter Common Interface Format
RSST Recursive Shortest Spanning Treee
SECAM Sequential Couleur Avec Memoire
SIF Source Input Format
SNR Signal to Noise Ratio
SOFM Self-Organizing Feature Map
ss Single Stimulus Method
VHDL VHSIC (Very High Speed Integrated Circuit)

Hardware Description Language
VLSI Very Large Scale Integration
VO Video Object
VOP Video Object Plane
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Appendix B 

Notations

(m, n) a pixel position in an image
(y, u, v ) ACC accumulated Y, U, V features
a segmentation resolution
P threshold for region boundary strength
°i variance of feature i
B s motion estimation block size
B T (m , n ) binary texturedness value at (m, n)
CB& CBLiU ) common boundary length between region i and j
Cij connectivity measure
cj j t h  code word in a code book
d displacement, motion vector
EDij number of edge between region i and j
Eij,Ei(j) energy value between region i and j
E L (m , n ) linked edge value at (m , n)
f(m , n) feature vector a t (m, n)
EDij, FDi(j) feature distance between region i and j
fi mean of feature i

, n) Y component value of frame /  at (m, n )
I (x ,y ) intensity value at (x , y)
3 a merged neighbor region label
N number of pixels in an image
X an eigenvalue
N c number of columns in an image
N C (m ,n ) neural network contour value at (m , n)
N c number of code words in a code book
N E i(j) number of edge points between region i and j
N f number of feature components in a feature vector
N L (m , n) feature labeled value at (m, n ) after feature labeling
N L C (m , n) a contour value of a neural network label at (m, n)
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Nloop
N1 'm erg
Nn
N r
N rl
N R L i( j)
Ni y r p

N rs
N T R C (m , n) 
N T R L (m n )  
N w 
V
P i
RegL
R m
R S (r l ) 
R S A {r l) 
sign
Sij , Si(j)
S n m

S N T R L (r l)
S wt
T H rs
T H t m e a s , T H e i g

T M (m , n ) 
T R C (m , n) 
T R L (m ,n )
W
Wlc(x)
W m(x)
W a
Z

number of loop during edge fusion
number of merged regions during edge fusion
number of neighbor regions
number of rows in an image
number of labeled regions
neighbor region label, j  of region i
region perimeter
maximum region size
nontextured region contour value at (m, n )
nontextured region label at (m , n )
number of pixel in a local window W
displacement for motion estimation
perimeter of region i
a region length
region m
size of region rl
starting address of region rl
sign function
boundary strength between region i and j  
scaled bits for feature normalization subsystem 
sorted nontextured label index of region rl 
scaled bits for feature weighting subsystem 
threshold value for removing small regions 
threshold value for texturedness measures 
texturedness measure at (m, n ) 
textured region contour value at (m, n) 
textured region label at (m, n) 
a local window
weighting function for luminance/chrominance feature 
weighting function for motion feature 
local window size
matrix for calculating motion confidence
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Appendix C

Segmentation Results Using 
Back-Propagation Neural 
Networks [1]

The parameters for the segmentation are as follows:

•  Image size: gray-level 256 x 256.

•  Local window size: 5 x 5 .

•  Feature Weighting: hard weighting,
10 or 0 for motion and luminance features, 1 for texture features.

•  BPN architecture: 6-3-1.

•  BPN training: 500 epochs with 21 target region labels.

.  T H rs = 50.
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Figure C .l: BPN-based segmentation results.
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Appendix D

Segmentation Results Without 
Edge Fusion [2]

The parameters for the segmentation are as follows:

•  Image size: gray-level QCIF.

•  Local window size: 5 x 5 .

• Feature Weighting: hard weighting,
10 or 0 for motion and luminance features, 1 for texture features.

•  SOFM architecture: 16 code words.

•  SOFM training: 70,000 epochs.

•  T H eig =  330.

•  T H r s  =  10.
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Figure D .l: Segmentation results without edge fusion (hard weighting) for flower 
garden sequence. First column: from the top, original frames 1, 5, 10, 15 and 20. 
Second column: from the top, segmentation results of frames 1, 5, 10, 15 and 20.
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Figure D.2: Segmentation results without edge fusion (hard weighting) for miss Amer­
ica sequence. First column: from the top, original frames 1, 5, 10, 15 and 20. Second 
column: from the top, segmentation results of frames 1, 5, 10, 15 and 20.
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Figure D.3: Segmentation results without edge fusion (hard weighting) for salesman 
sequence. First column: from the top, original frames 1, 5, 10, 15 and 20. Second 
column: from the top, segmentation results of frames 1, 5, 10, 15 and 20.
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Figure D.4: Segmentation results without edge fusion (hard weighting) for surf side 
sequence. First column: from the top, original frames 1, 5, 10, 15 and 20. Second 
column: from the top, segmentation results of frames 1, 5, 10, 15 and 20.
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Figure D.5: Segmentation results without edge fusion (hard weighting) for Susie 
sequence. First column: from the top, original frames 1, 5, 10, 15 and 20. Second 
column: from the top, segmentation results of frames 1, 5, 10, 15 and 20.
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Figure D.6: Segmentation results without edge fusion (hard weighting) for table tennis 
sequence. First column: from the top, original frames 1, 5, 10, 15 and 20. Second 
column: from the top, segmentation results of frames 1, 5, 10, 15 and 20.
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Appendix E

Detailed Evaluation Data for 
Number of Regions vs. Variance

Table E .l: Regions and Variance for flower garden image sequence (gray-level).
Proposed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 318 11.61 2.9 790 133.64
10 142 ' 18.58 3.0 749 144.35
20 66 73.23 3.5 216 253.85
30 49 82.18 4.0 210 244.95

Table E.2: Regions and Variance for Miss America image sequence (gray-level).
Proposed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 368 15.86 2.9 217 29.06
10 185 36.61 3.0 155 33.20
20 79 80.73 3.5 113 39.65
30 50 196.89 4.0 69 67.56
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Table E.3: Regions and Variance for Salesman image sequence (gray-level).
Pro posed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 659 34.17 2.9 642 56.82
10 397 46.66 3.0 643 56.86
20 211 96.02 3.5 396 83.52
30 142 177.50 4.0 383 82.20

Table E.4: Regions and Variance for Susie image sequence (gray-level).
Pro Dosed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 548 14.61 2.9 253 36.97
10 232 31.82 3.0 185 43.15
20 81 112.89 3.5 136 52.42
30 27 261.60 4.0 137 54.77

Table E.5: Regions and Variance for Table tennis image sequence (gray-level).
Pro Dosed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, cr No. of regions Variance
5 137 17.54 2.9 495 49.91
10 109 18.00 3.0 267 62.03
20 73 23.27 3.5 192 83.60
30 52 25.75 4.0 186 81.03

Table E.6: Regions and Variance for Carphone image sequence (color).
Proposed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 96 100.32 2.9 80 77.41
10 88 98.65 3.0 70 82.34
20 59 122.83 3.5 55 86.55
30 38 15.69 4.0 37 106.32

Table E.7: Regions and Variance for Foreman image sequence (color).
Pro oosed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 73 47.51 2.9 81 58.71
10 65 53.76 3.0 78 59.59
20 47 66.07 3.5 38 80.86
30 29 92.98 4.0 37 92.54
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Table E.8: Regions and Variance for Miss America image sequence (color).
Pro posed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 41 39.88 2.9 63 28.15
10 30 43.64 3.0 63 28.74
20 22 47.77 3.5 30 42.04
30 11 58.65 4.0 29 41.51

Table E.9: Regions and Variance for Mother & daughter image sequence (color).
Proposed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 74 25.46 2.9 50 26.95
10 48 27.62 3.0 28 31.97
20 26 51.76 3.5 24 40.64
30 11 109.65 4.0 19 48.04

Table E.10: Regions and Variance for Salesman image sequence (color).
Pro posed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 138 49.78 2.9 149 62.12
10 100 54.96 3.0 115 72.82
20 55 67.40 3.5 66 94.89
30 33 111.40 4.0 50 105.03

Table E .ll:  Regions and Variance for Table tennis image sequence (color).
Proposed algorithm Dorin’s algorithm

Parameter, a No. of regions Variance Parameter, a No. of regions Variance
5 29 54.27 2.9 22 71.81
10 19 53.32 3.0 26 68.01
20 17 53.38 3.5 13 76.92
30 16 53.33 4.0 7 131.07
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Appendix F

Detailed Evaluation Data for 
Correct Segmentation Using 
Ground Truth

Table F .l: Correct segmentation for Flow garden image sequence (gray-level).
Tolerance

%
GT

Regions
Proposed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 6 24 2 196 0
60 77 77 2 77 0
70 77 7? 2 77 0
80 5} 77 2 77 0
80 75 77 1 77 0

Table F.2: Correct segmentation for Miss America image sequence (gray-level).
Tolerance

%
GT

Regions
Proposed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 29 73 10 73 7
60 77 77 9 77 6
70 77 77 8 77 5
80 77 77 5 77 4
80 77 77 4 77 4

Table F.3: Correct segmentation for Salesman image sequence (gray-level).
Tolerance

%
GT

Regions
Proposed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 42 94 28 333 6
60 77 77 22 77 4
70 77 77 17 77 4
80 77 77 12 77 2
80 77 77 8 77 1
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Table F.4: Correct segmentation for Susie image sequence (gray-level).
Tolerance

%
GT

Regions
Pro]posed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 24 59 13 159 3
60 77 77 9 7? 2
70 77 77 6 7? 2
80 77 77 5 77 1
80 75 77 0 77 0

Table F.5: Correct segmentation for Table tennis image sequence (gray-level).
Tolerance

%
GT

Regions
Pro :>osed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 16 29 10 210 6
60 77 77 9 77 5
70 77 77 8 77 3
80 77 57 8 77 1
80 77 77 4 7? 1

Table F.6: Correct segmentation for Carphone image sequence (color).
Tolerance

%
GT

Regions
Proposed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 73 66 59 78 48
60 77 77 54 77 44
70 77 77 46 77 36
80 7? 77 36 77 31
80 77 77 30 77 26

Table F.7: Correct segmentation for Foreman image sequence (color).
Tolerance

%
GT

Regions
Proposed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 82 73 69 97 86
60 77 77 62 77 77
70 77 77 52 77 67
80 77 77 42 77 55
80 77 77 34 77 46
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Table F.8: Correct segmentation for Miss America image sequence (color).
Tolerance

%
GT

Regions
Pro]posed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 37 45 30 47 34
60 55 55 28 55 31
TO 55 55 26 55 28
80 55 55 19 55 24
80 55 55 14 55 20

Table F.9: Correct segmentation for Mother & daughter image sequence (color).
Tolerance

%
GT

Regions
Pro oosed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 37 50 29 36 25
60 55 55 26 55 23
70 55 55 24 55 20
80 55 55 17 55 18
80 55 55 9 55 14

Table F.10: Correct segmentation for Salesman image sequence (color).
Tolerance

%
GT

Regions
Proposed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 44 57 37 86 30
60 55 55 30 55 24
70 55 55 27 55 20
80 55 55 21 55 18
80 55 55 16 55 13

Table F .l l :  Correct segmentation for Table tennis image sequence (color).
Tolerance

%
GT

Regions
Pro]Dosed Dorins’s

MS regions Cor. regions MS regions Cor. regions
50 12 16 12 11 11
60 55 55 11 55 9
70 55 55 8 55 9
80 55 55 6 55 8
80 55 55 3 55 4
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Appendix G

Number of Clock Cycles for the 
Segmentation Architecture

Note: The system parameters are the same as those used in Chapter 4. The unit of 

time is second.
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Table G.l: Detailed time analysis of the VLSI architecture for QCIF image sequences.

Subsystems Worst-case parameters Mean parameters
No. of clocks Time (400 MHz) No. of clocks Time (400 MHz)

Feat. ext. 6.653e5 16.632e-4 6.653e5 16.632e-4
Feat. filt. 1.127e5 3.172e-4 1.127e5 3.172e-4

Feat. norm.& 
weig.&labeling

0.255e5 0.636e-4 0.255e5 0.636e-4

Init. phase 0.818e5 20.440e-4 0.818e5 20.440e-4
Reg. Div. 1.269e5 3.172e-4 1.269e5 3.172e-4
Reg. Attr. 1.598e5 3.993e-4 1.115e5 2.788e-4
Neig. Info. 35.270e5 88.173e-4 19.032e5 47.580e-4
Energy cal. 24.389e5 60.971e-4 7.102e5 17.754e-4
Reg. Merg. 53.549e5 133.872e-4 5.899e5 14.743e-4

Combine 1.016e5 2.539e-4 1.016e5 2.539e-4
Sec. phase 117.087e5 292.717e-4 35.429e5 88.573e-4

Total 125.263e5 313.156e-4 43.605e5 109.012e-4
For the mean parameters, Avg. Nri = 430.6, Avg. RegL =  4.02, iV/oop = 3.83.

Table G.2: Detailed time analysis of the VLSI architecture for 256 x 256 image 
sequences.

Subsystems Worst-case parameters Mean parameters
No. of clocks Time (400 MHz) No. of clocks Time (400 MHz)

Feat. ext. 17.204e5 43.001e-4 17.204e5 43.001e-4
Feat. filt. 3.279e5 8.196e-4 3.279e5 8.196e-4

Feat. norm.& 
weig.&labeling

0.656e5 1.640e-4 0.656e5 1.640e-4

Init. phase 21.138e5 52.844e-4 21.138e5 52.844e-4
Reg. Div. 3.280e5 8.199e-4 3.280e5 8.199e-4
Reg. Attr. 3.765e5 9.41 le-4 3.007e5 7.518e-4
Neig. Info. 100.553e5 252.382e-4 55.845e5 139.612e-4
Energy cal. 48.119e5 120.296e-4 17.669e5 44.172e-4
Reg. Merg. 56.457e5 141.141e-4 27.658e5 69.144e-4

Combine 2.625e5 6.561e-4 2.625e5 6.561e-4
Sec. phase 214.795e5 526.986e-4 110.082e5 275.203e-4

Total 235.932e5 589.830e-4 131.219e5 328.047e-4
For the mean parameters, Avg. Nti = 648.6, Avg. RegL =  4.83, Nioop =  3.83.
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Table G.3: Detailed time analysis of the VLSI architecture for SIF image sequences.

Subsystems Worst-case parameters Mean oarameters
No. of clocks Time (400 MHz) No. of clocks Time (400 MHz)

Feat. ext. 22.546e5 56.364e-4 22.546e5 56.364e-4
Feat. filt. 4.296e5 10.740e-4 4.296e5 10.740e-4

Feat. norm.& 
weig.&labeling

0.860e5 2.149e-4 0.860e5 2.149e-4

Init. phase 27.702e5 69.253e-4 27.702e5 69.253e-4
Reg. Div. 4.297e5 10.743e-4 4.297e5 10.743e-4
Reg. Attr. 4.625e5 12.000e-4 4.483e5 11.000e-4
Neig. Info. 136.398e5 341.000e-4 89.350e5 223.000e-4
Energy cal. 24.389e5 61.000e-4 9.271e5 23.000e-4
Reg. Merg. 313.711e5 784.000e-4 44.206e5 111.000e-4

Combine 3.483e5 8.595e-4 3.438e5 8.595e-4
Sec. phase 486.860e5 1217.000e-4 155.040e5 388.000e-4

Total 514.560e5 1286.000e-4 182.750e5 457.000e-4
For the mean parameters, Avg. Nri = 430.6, Avg. RegL =  13.63, Nioop =  3.83.

Table G.4: Detailed time analysis of the VLSI architecture for CCIR601 image se­
quences.

Subsystems Worst-case parameters Mean parameters
No. of clocks Time (400 MHz) No. of clocks Time (400 MHz)

Feat. ext. 90.720e5 226.800e-4 90.720e5 226.800e-4
Feat. filt. 17.282e5 43.204e-4 17.282e5 43.204e-4

Feat. norm.& 
weig.&labeling

3.547e5 8.642e-4 3.547e5 8.642e-4

Init. phase 111.459e5 278.646e-4 111.459e5 278.646e-4
Reg. Div. 17.285e5 43.213e-4 17.285e5 43.213e-4
Reg. Attr. 17.610e5 44.000e-4 17.468e5 44.000e-4
Neig. Info. 871.674e5 2179.000e-4 599.439e5 1499.000e-4
Energy cal. 24.388e5 61.000e-4 9.271.000e5 23.000e-4
Reg. Merg. 2444.808e5 6112.000e-4 249.930e5 875.000e-4

Combine 13.829e5 34.573e-4 13.829e5 34.573e-4
Sec. phase 3389.600e5 8474.000e-4 1007.200e5 2518.000e-4

Total 3501.100e5 8753.000e-4 1118.700e5 2729.000e-4
For the mean parameters, Avg. Nri =  430.6, Avg. RegL = 54.82, N[oop — 3.83.
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Appendix H

Hardware Complexity for the 
Segmentation Architecture

Note: Image size temporary buffers for each subsystem marked as are shared. 

Please see the memory requirements for entire system. The system parameters are 

the same as those used in Chapter 4.
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Table H.l: Hardware complexity of the VLSI architecture for the QCIF image se­
quences.

Sub­
systems

Memory
(bit)

Registers 
(avg. width)

Adders 
(avg. width)

Multipliers 
(avg. width)

Comparators 
(avg. width)

Feature - 1993 232 27 2
extraction. (9.54) (11.56) (8.0) (10.50)

Feature - 2272 0 0 0
filtering (1) (0) (0) (0)
Feature - 66 7 21 0

norm.&weig. (8.85) (8.0) (8.0) (0)
Feature - 1883 392 343 49
labeling (11.80) (33.00) (16.00) (35.00)
Initial - 6154 631 391 51
phase (7.08) (24.84) (15.02) (34.04)

Region 0.025 M 655 0 0 5
division (5.99) (0) (0) (8.0)

EF: region 0.38 M 50 4 0 14
attributes (17.48) (8.0) (0) (13.72)
EF: neigh. 0.05 M 308 2 0 5

info. (5.83) (6.0) (0) (6.0)
EF: energy 0 M 37 8 7 3
calculation (11.25) (8.0) (23.00) (10.34)
EF: region 0 M 12 4 0 2

merging (17.50) (15.00) (0) (10.50)
EF: total 0.43 M 407

(8.10)
18

(9.34)
7

(23.00)
24

(11.42)
Text: region 0.25 M 12 3 0 2
attributes (8.50) (8.0) (0) (6.0)

Text: neigh. 0.001 M 291 0 0 5
info. (6.01) (0) (0) (6.0)

Text: energy 0 M 12 4 4 2
calculation (14.00) (8.0) (23.00) (10.50)

Text: region 0 M 10 3 0 2
merging (16.40) (15.00) (0) (10.50)

Text: total 0.26 M 325
(6.71)

10
(10.10)

4
(23.00)

11
(7.82)

Combine “ 580
(6.00)

0
(0)

0
(0)

8
(8.0)

Second 0.71 M 1967 28 11 48
phase (6.55) (9.61) (23.00) (9.67)
Entire 3.76 M 82131 659 402 99
system (6.95) (24.19) (15.24) (22.23)
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Table H.2: Hardware complexity of the VLSI architecture for the 256 x 256 image
sequences.

Sub­
systems

Memory
(bit)

Registers 
(avg. width)

Adders 
(avg. width)

Multipliers 
(avg. width)

Comparators 
(avg. width)

Feature - 1993 232 27 2
extraction (9.54) (11.56) (8.0) (10.50)

Feature - 2272 0 0 0
filtering (1) (0) (0) (0)
Feature - 66 7 21 0

norm.&weig. (8.85) (8.0) (8.0) (0)
Feature - 1883 392 343 49
labeling (11.80) (33.00) (16.00) (35.00)
Initial - 6154 631 391 51
phase (7.21) (24.84) (15.02) (34.04)

Region 0.066 M 1159 0 0 5
division (5.99) (0) (0) (8.0)

EF: region 0.59 M 50 4 0 14
attributes (18.24) (8.0) (0) (14.58)
EF: neigh. 0.077 M 532 2 0 5

info. (5.91) (6.5) (0) (6.0)
EF: energy 0 M 37 8 7 3
calculation (11.57) (8.0) (24.00) (10.67)
EF: region 0 M 12 4 0 2
merging (18.34) (16.00) (0) (11.00)

EF: total 0.66 M 631
(7.45)

18
(9.62)

7
(24.00)

24
(12.00)

Text: region 0.39 M 12 3 0 2
attributes (8.66) (8.0) (0) (6.0)

Text: neigh. 0.003 M 515 0 0 5
info. (6.01) (0) (0) (6.0)

Text: energy 0 M 12 4 4 2
calculation (14.67) (8.0) (24.00) (12.00)

Text: region 0 M 10 3 0 2
merging (17.20) (16.00) (0) (11.00)

Text: total 0.40 M 549
(6.46)

10
(10.40)

4
(24.00)

11
(8.00)

Combine “ 1028
(6.00)

0
(0)

0
(0)

8
(8.0)

Second 1.13 M 3367 28 11 48
phase (6.35) (9.99) (24.00) (10.00)
Entire 8.99 M 10529 659 402 99
system (6.93) (24.21) (15.27) (22.29)
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Table H.3: Hardware complexity of the VLSI architecture for the SIF image sequences.

Sub­
systems

Memory
(bit)

Registers 
(avg. width)

Adders 
(avg. width)

Multipliers 
(avg. width)

Comparators 
(avg. width)

Feature - 2833 232 27 2
extraction (9.01) (11.56) (8.0) (10.50)

Feature - 2272 0 0 0
filtering (1) (0) (0) (0)
Feature - 66 7 21 0

norm.&weig. (8.85) (8.0) (8.0) (0)
Feature - 1883 392 343 49
labeling (11.80) (33.00) (16.00) (35.00)
Initial - 7054 631 391 51
phase (7.19) (24.84) (15.02) (34.04)

Region 0.086 M 1105 0 0 5
division (6.60) (0) (0) (8.0)

EF: region 1.42 M 50 4 0 14
attributes (19.43) (8.0) (0) (15.63)
EF: neigh. 0.090 M 508 2 0 5

info. (5.90) (6.5) (0) (6.0)
EF: energy 0 M 37 8 7 3
calculation (11.84) (8.0) (25.00) (11.00)
EF: region 0 M 12 4 0 2

merging (19.17) (17.00) (0) (11.50)
EF: total 1.51 M 631 18 7 26

(7.76) (9.84) (25.00) (12.93)
Text: region 0.97 M 12 3 0 2

attributes (8.84) (8.0) (0) (6.0)
Text: neigh. 0.003 M 491 0 0 5

info. (6.01) (0) (0) (6.0)
Text: energy 0 M 12 4 4 2
calculation (15.34) (8.0) (25.00) (12.50)

Text: region 0 M 10 3 0 2
merging (18.00) (17.00) (0) (11.50)

Text: total 0.97 M 525 10 4 11
(6.51) (10.70) (25.00) (8.19)

Combine - 980 0 0 8
(6.00) (0) (0) (8.0)

Second 2.56 M 3223 28 11 50
phase (6.42) (10.15) (25.00) (10.60)
Entire 12.87 M 10277 659 402 101
system (6.95) (24.22) (15.30) (22.44)
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Table H.4: Hardware complexity of the VLSI architecture for the CCIR 601 image
sequences.

Sub­
systems

Memory
(bit)

Registers 
(avg. width)

Adders 
(avg. width)

Multipliers 
(avg. width)

Comparators 
(avg. width)

Feature - 4957 232 27 2
extraction (8.60) (11.56) (8.0) (10.50)

Feature - 2272 0 0 0
filtering (1) (0) (0) (0)
Feature - 66 7 21 0

norm.&weig. (8.85) (8.0) (8.0) (0)
Feature - 1883 392 343 49
labeling (11.80) (33.00) (16.00) (35.00)
Initial - 9178 631 391 51
phase (6.93) (24.24) (15.35) (22.72)

Region 0.35 M 2167 0 0 5
division (6.00) (0) (0) (8.0)

EF: region 6.24 M 62 4 0 18
attributes (21.39) (8.0) (0) (17.56)
EF: neigh. 0.20 M 980 2 0 5

info. (5.95) (7.0) (0) (6.0)
EF: energy 0 M 37 8 7 3
calculation (12.44) (8.0) (27.00) (11.67)
EF: region 0 M 12 4 0 2

merging (20.84) (19.00) (0) (12.50)
EF: total 6.44 M 1091

(7.21)
18

(10.34)
7

(27.00)
28

(14.50)
Text: region 4.25 M 12 3 0 2

attributes (9.17) (8.0) (0) (6.0)
Text: neigh. 0.008 M 963 0 0 5

info. (6.01) (0) (0) (6.0)
Text: energy 0 M 12 4 4 2
calculation (16.67) (8.0) (27.00) (13.50)

Text: region 0 M 10 3 0 2
merging (19.60) (19.00) (0) (12.50)

Text: total 4.26 M 997
(6.31)

10
(11.30)

4
(27.00)

11
(8.56)

Combine - 1924
(6.00)

0
(0)

0
(0)

8
(8.0)

Second 11.04 M 6179 28 11 52
phase (6.27) (10.68) (27.00) (11.62)
Entire 52.52 M 15357 659 402 103
system (6.93) (24.24) (15.35) (22.72)
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Appendix I 

Source Codes for the Segmentation 
Algorithm

rarararammraramxmrarammraramramxmraxrararamrarax
f u n c t i o n  [ c o l F e a t ]  =  c o l F e a t G e n ( f n ,  d i m ,  w s ,  d i s p )

' / . c o l F e a t G e n  f e a t u r e  v e c t o r  g e n r e r a t i o n  f o r  c o l o r  im a g e (Y U V  f o r m a t ) .

X M o t i o n  v e c t o r s  a n d  U  a n d  V c o m p o n e n t s  a r e  s c a l e d  u p  t o  1 2 8 .

X A l s o ,  E i g  v a l u e s  a r e  t r u n c a t e d  t o  u n i t 8  b e c a u s e  t h e  h i g e r  v a l u e s  

X g i v e  t h e  s a m e  e f f e c t  a s  o r i g i n a l  i n  o u r  i m p l e m e n t a t i o n .

’/ . ALL THE FEATURE ARE 1 B y t e  RANGES ! ! ! .

X
X RETURNS

X C o m F e a t  C o m b in e d  f e a t u r e  v e c t o r s .  [ Y U V  m o tX  m o tY  STD Y m ea n  E I G ]  f o r  e a c h  p i x e l .

7, d a t a  a r e  s t o r e d  a s  c o l u m n w i s e .

7. . .  1 s t  c o l  - >  2 n d  c o l .  o f  i n p u t  im a g e  2 D .

7.
7, C o p y r i g h t  ( c )  1 9 9 9  b y  J i n S a n g  K im ,  CSU E E .

jmnnfflzfflmmmfflzmmfflmramuffimmiznranmramuramn
e r r o r ( n a r g c h k ( 4 ,  4 ,  n a r g i n ) )  7. c h e c k  n o .  o f  i n p u t  a r g s  i s  c o r r e c t  

f n C o l  =  f n . c o l ;  fn M o tX  =  f n . m o t X ;  f n M o tY  =  f n .m o t Y ;  f n P S  =  f n . p s ;  

t o t a l  =  d i m ( l , l ) * d i m ( l , 2 ) ;

'/, r e a d  a  c o l o r  im a g e  a n d  c o n v e r t  t o  YUV f o r m a t .

c o l l m g  =  i m r e a d C f n C o l , ’ b m p ’ ) ; y u v  =  r g b 2 y u v ( c o l I m g ) ; i n t l m g = y u v ( : , : , 1 ) ;

'/, M o t i o n ,  e s p .  f o r  A n a n d a n  d i s p l a c e m e n t  v e c t o r s .  

f id M o t X  =  f o p e n C f n M o t X , ’ r ’ ) ; 
i f  f id M o t X  <  0  

e r r o r ( [ ’ C a n n o t  o p e n  ’ f n M o t X ] ) ;  

e n d

M otX  =  f r e a d C f i d M o t X , ’ u c h a r ’ )  ; ‘/ .C o lu m n  v e c t o r .
X r e p l a c e  N aN  v a l u e  t o  'O ’
M otX  =  n a n o p s ( M o t X ) ;

M otX  =  r e s h a p e  (M o tX , d i m ( l  , 1 )  , d i m ( l , 2 ) )  ; 7. n o t  t r a n s p o s e d

X M otY

f id M o t Y  =  f o p e n C f n M o t Y , ’ r ’ ) ;  

i f  f id M o t Y  <  0  

e r r o r ( [ ’ C a n n o t  o p e n  ’ f n M o t Y ] ) ;  

e n d

M o tY  =  f r e a d ( f i d M o t Y , ’ u c h a r ’ ) ;
7. r e p l a c e  N aN  v a l u e  t o  'O '
M otY  =  n a n o p s ( M o t Y ) ;
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M otY  =  r e s h a p e ( M o t Y , d i m ( l , l ) , d i m ( l , 2 ) ) ; '/, n o t  t r a n s p o s e d  

f c l o s e ( ’ a l l ’ ) ;

7, T e x t u r e  f r o m  a n  i n t e n s i t y  I m a g e (  s t d  a n d  I m e a n ) . 

m u s =  9 ;  o r d e r  =  1 0 ;  I m e a n  =  c o i f i l t ( i n t l m g , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e a n ’ ) ;

I s t d  =  c o i f i l t ( d o u b l e ( i n t I m g ) , [ u s  u s ] , ’ s l i d i n g ’ , ’ s t d ’ ) ;

I s t d  =  c o l f i l t ( I s t d , [ m u s  m u s ] , ’ s l i d i n g ’ , ’m i n f i l t ’ . o r d e r ) ;

7. t e x t u r e d n e s s  m e a s u r e  ( c o n f i d e n c e  v a l u e )  ( e i g e n v a l u e  c a l c u l a t t i o n )  .

7, m in  f i l t e r i n g

[ g x o . g y o ]  =  g r a d i e n t ( d o u b l e ( i n t I m g ) ) ;

e i g V a l  =  s m E i g e n ( g x o . g y o , u s ) ;  c h o o s e  s m a l l  e i g e n v a l u e ,

m in u s  =  5 ;  o r d e r  =  7 ;

E i g  =  c o i f i l t ( e i g V a l ,  [ m i n u s  m i n u s ]  , ’ s l i d i n g ’ , ’ m i n f i l t ’ . o r d e r )  ; 7, m in  f i l t e r i n g .

7 m e d ia n  f i l t e r i n g  i f  n e c e s s a r y .

’ N o u  m e d i a n  f i l t e r i n g  . . . . ’ t  =  c p u t i m e ;  Y =  

c o i f i l t ( d o u b l e ( i n t I m g ) , [ u s  u s ] , ’ s l i d i n g ’ , ’m e d i a n ’ ) ; U =  

c o i f i l t ( d o u b l e ( y u v ( : , : , 2 ) ) , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e d i a n ’ ) ;  V =  

c o l f i l t ( d o u b l e ( y u v ( : , : . 3 ) ) , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e d i a n ’ ) ; 0 = 0 +

1 2 8 ;  V =  V +  1 2 8 ;

M otX  =  c o i f i l t ( M o t X , [ u s  u s ]  , ’ s l i d i n g ’ , ’ m e d i a n ’ ) ;

M otY  =  c o i f i l t ( M o t Y , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e d i a n ’ ) ;

I s t d  =  c o i f i l t ( I s t d , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e d i a n ’ ) ;

I m e a n  =  c o i f i l t ( I m e a n , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e d i a n ’ )  ;

E i g  =  c o i f i l t ( E i g , [ u s  u s ] , ’ s l i d i n g ’ , ’ m e d i a n ’ )  ; 

i f ( d i s p  = =  1 )

f i g u r e ;  o r i e n t  t a l l ;

s u b p l o t ( 4 2 1 ) ; i m s h o u ( c o l l m g ) ; t i t l e ( ’ c o l o r  i m a g e ’ ) ;  

s u b p l o t ( 4 2 2 ) ;  i m s h o u ( u i n t 8 ( y u v ( : , : , 1 ) ) ) ; t i t l e ( ’ Y ’ ) ; 

s u b p l o t ( 4 2 3 ) ; i m s h o u ( u i n t 8 ( 0 ) ) ; t i t l e ( ’ 0 ( s c a l e d  t o  d i s p l a y ) ’ ) ;  

s u b p l o t ( 4 2 4 ) ; i m s h o u ( u i n t 8 ( V ) ) ; t i t l e ( ’ V ( s c a l e d  t o  d i s p l a y ) ’ ) ;  

s u b p l o t ( 4 2 5 ) ; i m s h o u ( u i n t 8 ( a b s ( M o t X + M o t Y . * i ) ) ) ; t i t l e ( ’ M o t m a g n i t u d e ’ ) ; 

s u b p l o t ( 4 2 6 ) ;  i m s h o u ( m a t 2 g r a y ( I s t d ) ) ; t i t l e ( ’ S T D ’ ) ;  

s u b p l o t ( 4 2 7 ) ; i m s h o u ( u i n t 8 ( I m e a n ) ) ; t i t l e ( ’ Y m e a n ’ ) ;  

s u b p l o t ( 4 2 8 ) ; i m s h o u ( u i n t 8 ( E i g ) ) ; t i t l e ( ’ E I G : t r u n c a t e d ,  0  " 2 5 5 ’ ) ;  

f e v a l ( ’ p r i n t ’ , ’ - d p s ’ , f n P S ) ; 

e n d

7. r e s h a p i n g .

Y =  r e s h a p e ( y u v ( : , : , 1 ) . t o t a l , 1 ) ;  0  =  r e s h a p e ( 0 , t o t a l , 1 ) ;  V =  

r e s h a p e ( V , t o t a l , 1 ) ;  M o tX  =  r e s h a p e ( M o t X , t o t a l , 1 ) ;  M o tY  =  

r e s h a p e ( M o t Y , t o t a l , 1 ) ;  I s t d  =  r e s h a p e ( I s t d , t o t a l , 1 )  ; I m e a n  =  

r e s h a p e ( I m e a n , t o t a l , 1 ) ;  E i g  =  r e s h a p e ( E i g , t o t a l , 1 ) ;

’ N o u  C o m b i n i n g  f e a t u r e  d a t a  i n t o  o n e  f i l e ’ 

c o l F e a t  =  [Y  U V M otX  M o tY  I s t d  I m e a n  E i g  ] ;  

c o l F e a t  =  u i n t 8 ( c o l F e a t ) ;

f u n c t i o n  [ r x ]  =  s m E i g e n ( g x , g y , u s )

[ r x ]  =  s m E i g e n ( g x . g y , u s )

'/, s m a l l e r  e i g e n v a l u e  o f  Z m a t r i x  f o r  O p t i c a l

7. f l o u  c o n t r a i n t  e q u a t i o n  t o  m e a s u r e  t e x t u r e d n e s s  o f

7. i n p u t  i m a g e  x .

7. B y  J i n S a n g  K im  CSU ECE 1 9 9 9 .

[ r , c ]  =  s i z e ( g x ) ;

7. u e i g h t i n g  u i n d o u  f o r  g i v e  m o r e  i m p o r t a n c e  a t  c e n t e r  o f  u i n d o u .  

7. g a u s s i a n  -  l i k e  u i n d o u  f o r  ONLY 5 x 5  u i n d o u .  

i f ( u s  = =  5 )

u u  =  [  . 1 2 5 ,  . 2 5 ,  . 2 5 ,  . 2 5 ,  . 1 2 5 ;

. 2 5  ,  . 5 0 ,  . 7 5 .  . 5 0 ,  . 2 5 ;

1 7 3
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. 2 5  ,  . 7 5 ,  1 ,  . 7 5 ,  . 2 5 ;

. 2 5  ,  . 5 0 ,  . 7 5 ,  . 5 0 ,  . 2 5 ;

. 1 2 5 ,  . 2 5 ,  . 2 5 ,  . 2 5 ,  . 1 2 5 ] ;

e l s e i f ( w s  = =  3 )  

ww =  [ . 5 0 ,  . 7 5 ,  . 5 0 ,  ;

. 7 5 ,  1 ,  . 7 5 ,  ;

. 5 0 ,  . 7 5 ,  . 5 0 ,  ] ;

e l s e
ww =  o n e s ( u s , u s ) ; 

e n d

ww =  r e s h a p e ( w w , u s * w s , l ) ;

g x 2  =  c o i f i l t ( g x , [ u s  w s ] , ’ s l i d i n g ’ , ’ g s q s u m ’ , u u ) ; 

g y 2  =  c o l f i l t ( g y , [ w s  w s ] , ’ s l i d i n g ’ , ’ g s q s u m ’ ,w w ) ; 

t m p  =  g x  . *  g y ;  g x y  =  c o i f i l t ( t m p , [ w s  w s ] , ’ s l i d i n g ’ , ’ g s u m ’ , w w ) ;

’/.  g r a d i e n t  v a l u e s  s h o u l d  b e  p o s i t i v e .  

g x 2  =  r e s h a p e ( g x 2 , r * c , l ) ; 

g y 2  =  r e s h a p e ( g y 2 , r * c , l ) ; 

g x y  =  a b s ( r e s h a p e ( g x y , r * c , l ) ) ;

s m a l l e r  e i g e n v a l u e  o f  Z m a t r i x ,  

z m a t  = [ g x 2 ’ ; g x y ’ ; g x y ’ ; g y 2 ’ ]  ; 4  x  r * c  m a t r i x

z m a t  =  c o l 2 i m ( z m a t , [ 2  2 ] , [ 2  2 * r * c ] , ’ d i s t i c t ’ ) ; r x  =  

b l k p r o c ( z m a t , [ 2  2 ] , ’ s m a l l E i g V a l ’ ) ;  r x  =  r e s h a p e ( r x , r , c ) ;

f u n c t i o n  n e t  =  s o m C o l ( E p o c h s ,  c o d e S i z e ,  C o m m e n t , n o r m F l a g ,  p a r a m s , . . .

T H c o n f , s a v e P a t h , SUBSAM PLE)

’/, T r a i n i n g  SOFM w i t h  s o f t  w e i g h t i n g .

'/.
'/, E p o c h s  e p o c h s  f o r  t r a i n i n g

7. C o d e s i z e  c o d e b o o k  s i z e  e x :  [ 4 8 ] ;

7. C om m n et c o m m e n t  f o r  t i t l e ,  s h o u l d  b e  s t r i n g  a r r a y ,  e x :  ’ 1 0 K _ 1 6 x l 6 ’ ;

7. s h o u l d  h a v e  b l a n k  l i k e  t h i s  : " t e s t "

'/. RETURN

7, n e t  ( s t r u c t )  n e t w o r k  i n f o r m a t i o n .

•/. B y  J i n S a n g  K im  CSU ECE 1 9 9 9 .

p a r a m s  =  p a r a m s ( : ,  ( 1 : 7 ) ) ; ' / . e x c l u d e  t h e  c o n f i d e n c e  m e a s u r e .  

n o r m F u n c  =  ’ n o r m a l _ t s ’ ;

raxmmmmxmmmmy/mmmxmmraram
L o a d  i n p u t  d a t a  a n d  ra m d o m  s a m p l i n g  

7, a c c o r d i n g  t o  g i v e n  f e a t u r e l n d e x

d a t a  a r e  s u b s a m p l e d  b e c a u s e  o f  "OUT OF MEMORY" p r o b l e m s .

'/.
d im  =  [ 2 8 8  3 6 0 ] ;

l o a d  c l a i r e O F e a t . m a t ;  '/. c a l t 0 _ 2 5 6  l o a d e d .

E IG  =  d o u b l e  ( c o l F e a t  ( :  , 8 ) )  ; ' / . c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e  ( c o l F e a t  ( : ,  ( 1 : 7 ) ) )  ; 

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t , p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

1 1  =  c o l F e a t ( 1 : S U B S A M P L E : d i m ( l , l ) * d i m ( l , 2 ) , : ) ;

d i m  =  [ 2 4 0  3 5 2 ] ;  

l o a d  f o o t b a l l O F e a t . m a t ;

E IG  =  d o u b l e  ( c o l F e a t  ( :  , 8 ) )  ; / ( c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t , p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

1 2  =  c o l F e a t ( 1 : SU BSA M P LE: d i m ( 1 , 1 ) * d i m ( 1 , 2 ) , : ) ;

d i m  =  [ 2 4 0  3 5 2 ] ;

174
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l o a d  g a r d e n O F e a t . m a t ;

E IG  =  d o u b l e C c o l F e a t ( : , 8 ) )  ; ' / . c o n f i d e n c e  v a l u e .  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) )  ; 

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t , p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M C c o l F e a t ,E I G ,T H c o n f ) ;

1 3  =  c o l F e a t ( l : S U B S A M P L E : d i m ( l , l ) * d i m ( l , 2 ) , : ) ;

d i m  =  [ 5 1 2  5 1 2 ] ;  

l o a d  m a l l O F e a t . m a t ;

E IG  =  d o u b l e ( c o l F e a t ( : , 8 ) ) ;  / ( c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t ,  p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

1 4  =  c o l F e a t ( l : S U B S A M P L E : d i m ( l , l ) * d i m ( l , 2 ) , : ) ;

d im  =  [ 5 1 2  5 1 2 ]  ; 

l o a d  m i t O F e a t . m a t ;

E IG  =  d o u b l e ( c o l F e a t ( : , 8 ) ) ;  ^ c o n f i d e n c e  v a l u e .  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t , p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

1 5  =  c o l F e a t ( l : S U B S A M P L E : d i m ( l , l ) * d i m ( l , 2 ) , : ) ;

d im  =  [ 2 4 0  3 5 2 ] ;  

l o a d  m o b i l e O F e a t . m a t ;

E IG  =  d o u b l e  ( c o l F e a t  ( :  , 8 ) )  ; ’/ ( c o n f i d e n c e  v a l u e .  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t , p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

1 6  =  c o l F e a t ( 1 : S U B S A M P L E : d i m ( l , l ) * d i m ( l , 2 ) , : ) ;

T S a m p le  =  [ I 1 ; I 2 ; I 3 ; I 4 ; I 5 ; I 6 ]  ; '/. n o r m a l i z e d  f e a t u r e  v e c t o r ,

c l e a r  I *  c o l F e a t  E I G ;

[ M i n D a t a . Y i ]  =  m i n ( T S a m p l e ) ;

[ M a x D a t a ,  Y a ]  =  m a x ( T S a m p l e ) ;

'/.-----------------------
'/. T r a i n i n g  SOMF

M in M a x D a ta  =  [ M i n D a t a ; M a x D a ta ]  ; 

n e t  =  n e w s o m ( M in M a x D a t a ’ , c o d e S i z e ) ; 

n e t . t r a i n P a r a m . e p o c h s  =  E p o c h s ;  

n e t  =  t r a i n ( n e t , T S a m p l e ’ ) ;

r a m r a r a % r a r a r a m m r a m n r a r a r a m n m m m m r a r a y .r a r a m .m %
f u n c t i o n  s o m C o l T e s t ( f n n e t ,  c o d e S i z e , C o m m e n t . n o r m F l a g , p a r a m s , T H c o n f . s a v e P a t h )

'/, SOFM t e s t i n g  w i t h  a d a p t i v e  w e i g h t i n g .

'/.
E p o c h s  e p o c h s  f o r  t r a i n i n g

% C o d e s i z e  c o d e b o o k  s i z e  e x :  [ 7 7 ] ;

’/, C o m m n et c o m m e n t  f o r  t i t l e ,  s h o u l d  b e  s t r i n g  a r r a y ,  e x :  ’ 1 0 K _ 1 6 x l 6 ’ ;

s h o u l d  h a v e  b l a n k  l i k e  t h i s  : 11 t e s t ”

7.
'/, B y  J i n S a n g  K im  CSU ECE 1 9 9 9 .

p a r a m s  =  p a r a m s ( : ,  ( 1 : 7 ) )  ; / ( e x c l u d e  t h e  c o n f i d e n c e  m e a s u r e .  

n o r m F u n c  =  * n o r m a l _ t s ’ ;

’/ ,  l o a d  t r a i n e d  n e t w o r k .

f e v a l ( ’ l o a d ’ , f n n e t )  ; ' / ( n e t  c o d e S i z e  E p o c h s  a r e  l o a d e d .

--------------------------------
7. T e s t i n g  SOFM w i t h  WEIGHT
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•/.-------------------------------
NCOD =  c o d e S i z e ( l , l ) * c o d e S i z e ( l , 2 ) ;  

c w d  =  p w d ;

d im  =  [  1 4 4  1 7 6  ] ;  7. Q C IF i m a g e .  

f e v a l C ’ c h d i r ’ . s a v e P a t h ) ;

f i g u r e  

o r i e n t  t a l l ;

l o a d  c a r p h o n e O F e a t . m a t ;  1, c a l t 0 _ 2 5 6  l o a d e d ,  

s u b p l o t ( 3 2 1 )

E IG  =  d o u b l e ( c o l F e a t ( ;  , 8 ) ) ;  ' / . c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t , p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

L a b i  =  s i m ( n e t , ( c o l F e a t ) ’ )  ;

S o f m O u t  =  s o m G e t L a b e l s l ( L a b i , c o d e S i z e , d i m ) ;

c o l o r e d  =  i n d 2 r g b ( S o f m O u t , [ 0  0  0  ; j e t ( m a x ( N C O D ) ) ] ) ; i m s h o w ( c o l o r e d ) ; 

t n a m e  =  s t r c a t C c a r p h o n e O ’ . C o m m e n t ,n o r m F l a g )  ; 

t i t l e ( t n a m e ) ;

f e v a l C s a v e ’ , t n a m e ,  ’ S o f m O u t ’ )  ;

l o a d  f o r e m a n O F e a t . m a t ;  s u b p l o t ( 3 2 2 )

E IG  =  d o u b l e ( c o l F e a t ( :  , 8 ) )  ; ' / . c o n f i d e n c e  v a l u e .  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a K n o r m F u n c , c o l F e a t , p a r a m s )  ; 

c o l F e a t  =  a d a p t W t C o lK I M ( c o l F e a t , E I G ,T H c o n f ) ;

L a b i  =  s i m ( n e t , ( c o l F e a t ) ’ ) ;

S o fm O u t  =  s o m G e t L a b e l s l ( L a b i , c o d e S i z e , d i m ) ;

c o l o r e d  =  i n d 2 r g b ( S o f m O u t , [ 0  0  0  ; j e t ( m a x ( N C O D ) ) ] ) ; i m s h o w ( c o l o r e d ) ; 

t n a m e  =  s t r c a t ( ’ f o r e m a n O ’ .C o m m e n t ,n o r m F l a g ) ; 

t i t l e ( t n a m e ) ;

f e v a l C s a v e ’ . t n a m e ,  ’ S o fm O u t  ’ )  ;

l o a d  m is s A m O F e a t .m a t ;  s u b p l o t ( 3 2 3 )

E IG  =  d o u b l e  ( c o l F e a t  ( :  , 8 ) )  ; ’/ . c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ;  

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t . p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

L a b i  =  s i m ( n e t , ( c o l F e a t ) ’ ) ;

S o fm O u t  =  s o m G e t L a b e l s l ( L a b l , c o d e S i z e , d i m ) ;

c o l o r e d  =  i n d 2 r g b ( S o f m O u t , [ 0  0  0  ; j e t ( m a x ( N C O D ) ) ] ) ; i m s h o w ( c o l o r e d ) ; 

t n a m e  =  s t r c a t ( ’ m is s A m O ’ . C o m m e n t .n o r m F l a g ) ; 

t i t l e ( t n a m e ) ;

f e v a l C s a v e ’ . t n a m e ,  ’ S o f m O u t ’ ) ;

l o a d  m o m f c d a u O F e a t .m a t ; s u b p l o t ( 3 2 4 )

E IG  =  d o u b l e  ( c o l F e a t  ( :  , 8 ) ) ;  ' / . c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) )  ; 

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t . p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

L a b i  =  s i m ( n e t , ( c o l F e a t ) ’ ) ;

S o f m O u t  =  s o m G e t L a b e l s K L a b l , c o d e S i z e , d i m )  ;

’/ .S o f m O u t  =  m a t 2 g r a y ( S o f m O u t ,  [ 0  N C O D ]);

c o l o r e d  =  i n d 2 r g b ( S o f m O u t , [ 0  0  0  ; j e t ( m a x ( N C 0 D ) ) ] ) ;  i m s h o w ( c o l o r e d ) ; 

t n a m e  =  s t r c a t C m o m & d a u O ’ . C o m m e n t ,n o r m F l a g ) ; 

t i t l e ( t n a m e ) ;

f  e v a l ( ’ s a v e ’ , t n a m e , ’ S o f m O u t ’ ) ;

l o a d  s a l e s m a n O F e a t . m a t ; 

s u b p l o t ( 3 2 5 )

E IG  =  d o u b l e ( c o l F e a t ( :  , 8 ) ) ;  ’/ c o n f i d e n c e  v a l u e .  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : ,  ( 1 : 7 ) ) )  ; 

c o l F e a t  =  f e v a K n o r m F u n c , c o l F e a t , p a r a m s ) ;
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c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

L a b i  =  s i m ( n e t , ( c o l F e a t ) ’ ) ;

S o f m O u t  =  s o m G e t L a b e l s l ( L a b l , c o d e S i z e , d i m ) ;

c o l o r e d  =  i n d 2 r g b ( S o f m 0 u t , [0  0  0  ; j e t ( m a x ( N C 0 D ) ) ] ) ;  i m s h o v ( c o l o r e d ) ; 

t n a m e  =  s t r c a t ( ’ s a l e s m a n O ’ , C o m m e n t , n o r m F l a g ) ; 

t i t l e ( t n a m e ) ;

f e v a l C s a v e ’ . t n a m e ,  ’ S o f m O u t ’ )  ;

l o a d  t a b l e O F e a t . m a t ;  

s u b p l o t ( 3 2 6 )

E IG  =  d o u b l e ( c o l F e a t ( :  , 8 ) ) ;  ' / ( c o n f i d e n c e  v a l u e ,  E i g e n v a l u e .  

c o l F e a t  =  d o u b l e ( c o l F e a t ( : , ( 1 : 7 ) ) ) ; 

c o l F e a t  =  f e v a l ( n o r m F u n c , c o l F e a t . p a r a m s ) ; 

c o l F e a t  =  a d a p t W t C o l K I M ( c o l F e a t , E I G ,T H c o n f ) ;

L a b i  =  s i m ( n e t , ( c o l F e a t ) ’ ) ;

S o f m O u t  =  s o m G e t L a b e l s l ( L a b i , c o d e S i z e , d i m )  ;

c o l o r e d  =  i n d 2 r g b ( S o f m O u t , [ 0  0  0  ; j e t ( m a x ( N C 0 D ) ) ] ) ;  i m s h o w ( c o l o r e d ) ; 

t n a m e  =  s t r c a t ( ’ t a b l e O ’ . C o m m e n t .n o r m F l a g ) ; 

t i t l e ( t n a m e ) ;

f e v a l C s a v e ’ . t n a m e ,  ’ S o f m O u t ’ ) ;

s t r  =  s t r c a t ( ’ c o l ’ .C o m m e n t ,n o r m F l a g ) , 

f e v a l ( ’ p r i n t ’ , ’ - d p s c ’ , s t r ) ; 

f e v a l ( ’ c h d i r ’ , c w d ) ;

rafflnm m ram rafflzm m m fflrararam im im m m m m m nm nn
f u n c t i o n  c o l E d g e F u s i o n ( T H s m a l l , T H s t a t , m a r g , T H e i g , c o n C o m p , . . .

T H e d g e , f u n c , s a v e P a t h , f n , c o l F v , d i m , c o m m e n t )

X E d g e  f u s i o n  f o l l o w i n g  a n  A l g o r i t h m .

X T H s m a l l  : s m a l l  r e g i o n  r e m o v a l .

'/. T H s t a t , T H e d g e :  p a r a m e t e r s  f o r  e d g e  f u s i o n .

’/ ,  m a r g :  im a g e  b o u n d a r y  m a r g i n  t o  b e  d e l e t e d .

X co m C o m p : 4  o r  8  c o n n e c t e d  c o m p o n e n t  a n a l y s i s .

'/. B y  J i n S a n g  K im  CSU ECE 1 9 9 9 .

'/, s h o w  NN o u t p u t  

f e v a l ( ’ l o a d ’ . f n . n n o u t )  ;'/, S o fm O u t  o r  S g m t lm g  l o a d e d .

i f ( f i n d s t r ( c o m m e n t , ’ P ’ ) )  X f o r  l o a d i n g  p o s t p r o c e s s i n g  o u t p u t .  

p o s t M a r g  =  m a r g - 5 ;

S o f m O u t  =  r e m B n d a r y O n e ( S g m t I m g ,p o s t M a r g ) ;

[ r t m p .c t m p ]  =  s i z e ( S g m t l m g ) ;

tm p  =  o n e s ( r t m p + 2 * 5 , c t m p + 2 * 5 ) ; X f o r  c o l F v .

[d u m m y . c o l F v ]  =  r e m B n d a r y ( t m p , c o l F v , m a r g ) ; 

e l s e

[ S o f m O u t , c o l F v ]  =  r e m B n d a r y ( S o f m O u t , c o l F v , m a r g ) ; 

tm p  =  S o f m O u t ;

e n d

X [ S o f m O u t , c o l F v ]  =  r e m B n d a r y ( S o f m O u t , c o l F v , p o s t M a r g ) ;

[ r , c ]  =  s i z e ( S o f m O u t ) ;

c o l o r e d O r g  =  i n d 2 r g b ( S o f m O u t , [0  0  0 ; j e t ( m a x ( S o f m O u t ( : ) ) ) ] )  ;

N r e g  =  g e t L a b e l F r o m R e g i o n ( S o f m O u t . c o n C o m p ) ;

’ MAX n u m b e r  o f  r e g i o n s  o f  NN o u t p u t ’

MAXR =  m a x ( N r e g O )

X g e t  t h e  l a b e l e d  r e g i o n  s t a t i c s  f o r  NN o u t p u t s ,  ( r e g i o n  l e n g t h ) .

X u s e d  f o r  HW r e g i o n  a c c e s s  t i m e .

[ A v g R e g L e n t h ,  m a x L e n g ,  m i n L e n g ,  NR ] =  r e g L e n g t h C a l ( N r e g , c o n C o m p )

i f  C i s e m p t y ( f n . s m N N o u t ) )

f e v a l C l o a d ’ . f n . s m N N o u t )  ; L b l R e g  =  g e t L a b e l F r o m R e g i o n ( L b l R e g , c o n C o m p )  ; 
e l s e
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’ s m a l l  r e g i o n  r e m v a l  s t a r t ’

L b lR e g  =  c o l S m a l l R e g M e r g ( c o l F v , S o f m O u t , T H s m a l l , T H s t a t , c o n C o m p ) ; 

f e v a l C s a v e ’ , f n . s m N N o u t ,  ’ L b l R e g ’ ) ;

’ s m a l l  r e g i o n  r e m v a l  e n d ’

e n d

i m s h o w ( m a t 2 g r a y ( L b l R e g ) ) ;  

sm N N o u t =  L b lR e g ;  

m a x (s m N N o u t )

N N c o n t  =  p l o t C o n t ( s m N N o u t ) ;

i m w r i t e ( u i n t 8 ( 2 S 5 * N N c o n t ) , g m a p , ’ c a r p h o n e N C .b m p ’ , ’ b m p ’ ) ; 

f i g u r e ; i m s h o w ( N N c o n t ) ;

c o l o r e d O r g  =  i n d 2 r g b ( s m N N o u t , [ 0  0  0  ; j e t ( m a x ( s m N N o u t ( : ) ) ) ] ) ; 

sm N N o u t =  g e t L a b e lF r o m R e g i o n ( s m N N o u t , c o n C o m p ) ;

’/,  m a s k  g e n e r a t i o n  f o r  t e x t u r e  r e g i o n s .

7. m o t i o n  c o n f i d e n c e  d a t a ,  ’ f i l t E I G ’ l o a d e d .  

f i l t E I G  =  c o l F v ( : , 8 ) ;  '/. e i g e n v a l u e s .

m a sk D im  = [ d i m ( l , l ) - 2 * m a r g  d i m ( l , 2 ) - 2 * m a r g ] ; m a sk M a r g  =  0 ;

t e x t H a s k  =  c o l T e x t M a s k G e n O n l y C o n f ( T H e i g . T H s m a l l , f i l t E I G ,  m a s k D im , m a s k M a r g ) ;

7. m e r g e  t e x t u r e  r e g i o n s  w i t h  ’ TEXTURE D IS T A N C E ’ ;

D i s t  =  ’ NoWGT’ ; 7. a s s u m e  n o  w e i g h t s ,  

f i g u r e ;  i m s h o w ( t e x t M a s k ) ;

[ t e x t M e r g R e g ]  =  c o l T e x t R e g O r d e r M e r g M a s k ( s m N N o u t , c o l F v , . . .

T H s m a l l , T H s t a t , D i s t , t e x t M a s k , c o n C o m p , c o m m e n t ) ;

[ t e x t M e r g R e g ]  =  c o l S m a l l R e g M e r g ( c o l F v , t e x t M e r g R e g , T H s m a l l , . . .

T H s t a t , c o n C o m p )  ; ' / . s m a l l  r e g i o n s  a f t e r  s p l i t t i n g ,  

f i g u r e ; i m s h o w ( m a t 2 g r a y ( t e x t M e r g R e g ) ) ;

7. n o n  t e x t u r e  r e g i o n s  a n d  d e t e r m i n e  t h e  p e r i m e t e r  ( c o n t o u r s ) . 

n o n T e x t R e g R  =  z e r o s ( r * c , l ) ; '/, 0  i s  b a c k g r o u n d .

[ i ,d u m m y ]  =  f i n d ( r e s h a p e ( t e x t M a s k , r * c , l )  = =  0 ) ;  7. n o n  t e x t u r e  r e g i o n s .

sm N N o u tR  =  r e s h a p e ( s m N N o u t , r * c , 1 ) ;

n o n T e x t R e g R ( i . l )  =  s m N N o u t R ( i . l ) ;

n o n T e x t R e g  =  r e s h a p e ( n o n T e x t R e g R , r , c ) ;

o r g N R  =  m a x ( n o n T e x t R e g ( : ) ) ;

7. l o a d  e d g e  l i n k e d  m a p  f o r  o r i g n a l  i m a g e s ,  v a l u e  0 ’ s  a r e  e d g e .

[ e d g e , m a p ]  =  f e v a l ( ’ i m r e a d ’ , f n . l o w E d g e , ’ b m p ’ ) ;

[ e d g e ]  =  r e m B n d a r y O n e ( e d g e ,m a r g ) ;

e d g e  =  ( d o u b l e ( e d g e )  /  2 5 5 ) ;  m a x ( e d g e ( : ) ) ;

7. o v e r w r i t e  t h e  e d g e  o v e r  n o n t e x t u r e  r e g i o n s  a n d  s p l i t  t h e  r e g i o n  b r o k e n  b y  e d g e s . 

m axN TR  =  m a x ( n o n T e x t R e g ( : ) ) ;

c o l o r e d O r g  =  i n d 2 r g b ( s m N N o u t , [ 0  0  0  ; j e t ( m a x ( s m N N o u t ( : ) ) ) ]  )  ;

s t r  =  s t r c a t C #  o f  m a x  R e g s  = ’ , n u m 2 s t r ( m a x ( n o n T e x t R e g ( : ) ) ) ) ;  y l a b e l ( s t r )  ;

e d g e D i s p  =  1 2 8  * a b s ( d o u b l e ( e d g e ) - l ) ;

[ e o i ,d u m m y ]  =  f i n d ( r e s h a p e ( e d g e D i s p , r * c , l ) ) ;

e d g e N T e x t R e g  =  n o n T e x t R e g R ;  e d g e N T e x t R e g ( e o i , : )  =  1 2 8 ;  

e d g e N T e x t R e g  =  r e s h a p e ( e d g e N T e x t R e g , r , c ) ;

[ N T E L b l ] =  r e g S p l i t E d g e E Z e r o ( e d g e , c o n C o m p , n o n T e x t R e g ) ;

e d g e S R  =  m a x ( N T E L b l ( : ) ) ;

c o l o r e d E d g e  =  i n d 2 r g b ( N T E L b l , [ 0  0  0  ; j e t ( m a x ( N T E L b l ( ; ) ) ) ] ) ;

7. s a v e  r e g i o n s  s p l i t t e d  b y  e d g e s .  

c u r P a t h  =  p w d ;

7. m e r g i n g  n o n T e x t u r e  r e g i o n s .
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'/. A s s u m e  t h e  M a s k  i s  ACCURATE a f t e r  r e f i n i n g  b y  u s i n g  e d g e  i n f o .

a n d  a n  i d e a  h o w  t o  m e r g e  r e g i o n s  b e t w e e n  t e x t u r e  a n d  n o n t e x t u r e  b o n d a r i e s .

N T E L b l =  g e t L a b e l F r o m R e g i o n E Z e r o ( N T E L b l , c o n C o m p ) ; 

i f  C i s e m p t y ( f n . h i g h E d g e ) )

[ h ig h E d g e ,m a p ]  =  f e v a l ( ' i m r e a d ’ , f n . h i g h E d g e , ’ b m p ’ ) ;

‘/ . e d g e  =  u i n t 8 ( d o u b l e ( e d g e ) / 2 5 5 )  ; ’/ . t o  b i n a r y  e d g e  m a p .

[ h i g h E d g e ]  =  r e m B n d a r y O n e  ( h i g h E d g e  , m a r g )  ;

h i g h E d g e  =  ( d o u b l e ( h i g h E d g e )  /  2 5 5 ) ;  m a x ( h i g h E d g e ( : ) ) ;

e l s e

h i g h E d g e  =  e d g e ;

e n d

s t a t  =  s t r u c t ( 1o r g R ’ , o r g N R , ’ e d g e S R ’ . e d g e S R , ’ w g c P e r ’ , [ ] , ’ w b n d P e r ’ , [ ] , ’ e d g e M e r g R ’ ,  [ ] ) ;  

% d o  E d g e  F u s i o n  o n  n o n T e x t u r e  r e g i o n s .

% t h i s  f u n c t i o n  i s  e x a c t l y  s a m e  a s  g r a y  o n e  e x c e p t  f e a t u r e ( c o l F V ) .

[ m e r g E L b l ,  s t a t ] =  c o l M e r g W i t h E d g e ( e d g e , N T E L b l , h i g h E d g e , c o l F v ( : , 1 : 3 ) , . . .

T H e d g e , f u n c , c o n C o m p , s t a t , T H s m a l l ) ;

'/. m e r g e  t w o  m a s k  r e g i o n s .

[ m e r g L b l ]  =  m e r g 2 M a s k R e g ( m e r g E L b l , t e x t M e r g R e g , t e x t M a s k , c o n C o m p ) ;

7, s h o w  m e r g e d  r e g i o n s .  

m axR  =  m a x ( m e r g L b l ( : ) ) ;

d i s p ( [ ’ #  o f  r e g i o n s  a f t e r  m e r g i n g  w i t h  e d g e s = ’ , n u m 2 s t r ( m a x R ) ] )  

s t a t . e d g e M e r g R  =  m a x R ;

p l o t  t h e  r e s u l t s . 

f i g u r e ;  o r i e n t  t a l l ;

s h o w  a n  o r i g i n a l  i m a g e  

[ N o n f i l t O r g , m a p ]  =  f e v a l ( ’ i m r e a d ’ . f n . c o r g , ’ b m p ’ ) ;

N o n f i l t O r g  =  r e m B n d a r y O n e ( N o n f  i l t  O r g . m a r g ) ;

s u b p l o t ( 3 2 1 ) ; i m s h o w ( N o n f i l t O r g ) ; t i t l e C o r i g i n a l  I m a g e ’ ) ;

s u b p l o t ( 3 2 2 ) ; i m s h o w ( m a t 2 g r a y ( t e x t M e r g R e g ) ) ; t i t l e ( ’ t e x t  r e g i o n ’ ) ;

s u b p l o t ( 3 2 3 ) ; i m s h o w ( c o l o r e d O r g ) ; t i t l e ( ’ s m a l l  r e g i o n  r e m o v a l ’ ) ;

s u b p l o t ( 3 2 4 ) ; i m s h o w ( m a t 2 g r a y ( e d g e N T e x t R e g ) ) ;

t i t l e ( ’ o v e r l a y i n g  e d g e s  o n  n o n t e x t u r e  r e g i o n ( n o n b l a c k ) ’ ) ;

s u b p l o t ( 3 2 5 ) ; i m s h o w ( c o l o r e d E d g e ) ; t i t l e ( ’ a f t e r  s p l i t t i n g  r e g i o n s ’ ) ;

s t r  =  s t r c a t ( ’ #  o f  m a x  R e g s  = ’ , n u m 2 s t r ( l e n g t h ( u n i q u e ( N T E L b l ) ) ) ) ; y l a b e l ( s t r ) ;

s u b p l o t ( 3 2 6 ) ;

c o l o r e d m e r g L b l  =  i n d 2 r g b ( m e r g L b l , [ 0  0  0  ; j e t ( m a x ( m e r g L b l ( : ) ) ) ] ) ;  

i m s h o w ( c o l o r e d m e r g L b l ) ; t t e x t  =  s t r c a t ( ’ m e r g e d  r e g i o n  u s i n g  e d g e s  w i t h  ’ . c o m m e n t ) ;  

t i t l e ( t t e x t ) ;

m a x E lb lM  =  n u m 2 s t r ( m a x ( m e r g L b l ( : ) ) ) ;

s t r  =  s t r c a t O #  o f  m a x  R e g s  = ’ .m a x E l b l M ) ; y l a b e l ( s t r )  ;

'/. s a v e  t h e  r e s u l t ,  

i f ( s t r c m p ( f u n c , ’ e f u n c l ’ ) )  

s f  =  ’ F I ’ ; 

e l s e

s f  =  ’ F 2 ’ ;

e n d

f n a m e E x t  =  s t r c a t ( f n . s e q , ’ - ’ , s f , , n u m 2 s t r ( T H e d g e . a l p h a ) , ’ - ’ , n u m 2 s t r ( T H s t a t . t e x t ) ) ; 

f  e v a l ( ’ c h d i r ’ , s a v e P a t h ) ;

' / , f e v a l (  ’ s a v e a s ’ , g c f  . f n a m e E x t ,  ’ f i g ’ ) ; 

f e v a l ( ’ p r i n t ’ , ’ - d p s c ’ . f n a m e E x t ) ; 

f e v a l ( ’ s a v e ’ . f n a m e E x t , ’ m e r g L b l ’ , ’ s t a t ’ ) ;  

f e v a l ( ’ c h d i r ’ , c u r P a t h ) ; 

c l o s e  a l l ;

rararararam m ram uray/m raram raram rararam m m xraranrax
f u n c t i o n  [ A v g R e g L e n g t h ,  m a x L e n g ,  m in L e n g ,  NR ] =  r e g L e n g t h C a l ( L a b e l I m g ,c o n C o m p )

"/. f u n c t i o n  [ A v g R e g L e n t h ,  NR ] =  r e g L e n g t h C a K L a b e l l m g ,c o n C o m p )
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7. g e t  t h e  l a b e l e d  r e g i o n  s t a t i c s  ( a v g .  r e g i o n  l e n g t h  a n d  #  o f  r e g i o n s )  f r o m  a  l a b e l  i m a g e .  

I  u s e d  f o r  HW r e g i o n  a c c e s s  t i m e .

’/ .  C o p y r i g h t  ( c )  2 0 0 0  b y  J i n S a n g  K im , CSU E E .

s t a t s  =  i m f e a t u r e ( L a b e l l i n g ,  ’ B o u n d i n g B o x ’ .c o n C o m p )  ;

[N R ,d u m m y ] =  s i z e ( s t a t s ) ;  

r e g L e n g t h  =  [ ] ;  

f o r  i  =  1 :  NR

B o u n d B o x  =  g e t f i e l d ( s t a t s , { i , l } , ’ B o u n d i n g B o x ’ ) ;

r e g L e n g t h  =  [ r e g L e n g t h ;  B o u n d B o x ( :  , 4 ) ]  ; ’/. 4 t h  c o lu m n  i s  t h e  r e g i o n  l e n g t h .

e n d

A v g R e g L e n g t h  =  m e a n ( r e g L e n g t h ) ; 

m a x L e n g  =  m a x ( r e g L e n g t h ) ; 

m in L e n g  =  m i n ( r e g L e n g t h ) ;

% m x m m r a r a z r a r a % x r a m m ,/ . m m r a m m r a m m n ,/ . m m m % m m n m x
f u n c t i o n  [  t e x t M a s k  ]  =  c o l T e x t M a s k G e n O n l y C o n f ( T H e i g , T H s m a l l , f i l t E I G ,  d i m ,  m a r g )

•/.
I  M a sk  g e n e r a t i o n  f o r  t e x t u r e  a n d  n o n  t e x t u r e  r e g i o n s  b y  o n l y  u s i n g  c o n f . v a l u e .

7. 1 ’ s  a xe t h e

7. C o p y r i g h t  ( c )  1 9 9 9  b y  J i n s a n g  K im , C S U /E C E .

7
'/.-----------------------------------------------------------------------------------------------------------------
f i l t E I G  =  r e s h a p e ( f i l t E I G , d i m ( l , 1 ) , d i m ( l , 2 ) ) ;

[ f i l t E I G ]  =  r e m B n d a r y O n e ( f i l t E I G . m a r g ) ;

M a sk  =  r o i c o l o r ( f i l t E I G , T H e i g , m a x ( f i l t E I G ( : ) ) ) ;

d e l e t e  s m a l l  r e g i o n  i f  r e q u e s t e d ,  

i f ( " i s e m p t y ( T H s m a l l ) )

’/ . t e x t M a s k  =  r m S m a l lB w N o B n d y ( M a s k ,  T H s m a l l )  ; 

t e x t M a s k  =  r m S m a l lB w ( M a s k ,T H s m a l l ) ;

e n d

m y . r a r a x r a m x m m m m n m m m m n x v . m m . m m m r a x r a n m m m m x
f u n c t i o n  [ E L b l ] =  r e g S p l i t E d g e E Z e r o ( e d g e , c o n C o m p , R e g )

•/.
7, [ E L b l ] =  r e g S p l i t E d g e ( e d g e , c o n C o m p , R e g )

'/, s p l i t  t h e  r e g i o n s ( R e g )  b r o k e n  b y  e d g e s ( e d g e ) .  v a l u e  0 ’ s  a r e  e d g e s .

7. o n l y  w o r k s  o n  t h e  n o n z e r o  l a b e l  o f  R e g  ( i g n o r e  b a c k g r o u n d ) .

'/. c o n C o m p  i s  c o n n e c t e d  c o m p o n e n t .

7.
■/. C o p y r i g h t  ( c )  1 9 9 9  b y  J i n S a n g  K im  E C E /C S U .

‘/, o v e r w r i t e  t h e  e d g e  o v e r  n o n t e x t u r e  r e g i o n s  a n d  s p l i t  t h e  r e g i o n  b r o k e n  b y  e d g e .

[ r , c ]  = s i z e ( R e g ) ; 

m axR  =  m a x ( R e g ( : ) ) ;

R e g R  =  r e s h a p e ( R e g , r * c , l ) ;

E L b lR  =  z e r o s ( r * c , l ) ; 7. c o n t o u r s  o f  N o n  t e x t u r e  r e g i o n s  

e d g e R  =  r e s h a p e ( e d g e , r * c , l ) ; 

m a x E d g e R  =  0 ;  

f i g u r e ;  i m s h o w ( e d g e ) ;

f o r  r l  =  l im a x R  7. e x c l u d e  b a c k g r o u n d ,  t e x t u r e  m a s k .

’/ ,  i d e n t i f y  e a c h  s u b r e g i o n s  w i t h o u t  e d g e s  w h i c h  c a n  n o t  c o n t r i b u t e  t h e  r e g i o n s  s p l i t t i n g .  

tm p B w Im g R  =  z e r o s ( r * c , 1 ) ;  

tm p E d g e R  =  z e r o s ( r * c , l ) ;

[ i ,d u m m y ]  =  f i n d ( R e g R  = =  r l ) ;  '/, i  i s  t h e  p i x e l  l o c a t i o n  o f  o r i g i n a l  r e g i o n .  

t m p E d g e R ( i . l )  =  e d g e R ( i , l ) ;  tm p E d g e  =  r e s h a p e ( t m p E d g e R , r , c ) ;

[ L ,N ]  =  b v l a b e l ( t m p E d g e , c o n C o m p ) ;

'/. L i s  t h e  s u b r e g i o n s  m ap  c o n t a i n i n g  e d g e  p i x e l s  a n d ,

7. s o  l a b e l  t h e m  a f t e r  f i n d i n g  e d g e  l o c a t i o n s .

[ e i ,d u m m y ]  =  f i n d ( r e s h a p e ( L , r * c , l ) = = 0 ) ; 7. b a c k g r o u n d  a n d  e d g e s .  

s u b E d g e s  =  i n t e r s e c t  ( i ,  e i ) ; '/, o n l y  e d g e s  i n  t h i s  s u b r e g i o n .
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LR =  r e s h a p e d , r * c , l )  ;

'I e d g e  p i x e l  s t u f f i n g  w i t h  n e i g h b o r  l a b e l ,  

i f ( " i s e m p t y ( s u b E d g e s ) )

NE =  l e n g t h ( s u b E d g e s ) ; 

f o r  e  =  1 :  NE 

'/. f i n d  n e i g h b o r s  o f  e a c h  e d g e  p i x e l .

b w  =  z e r o s ( r * c , l ) ; b w ( s u b E d g e s ( e ) , 1 )  =  1 ;  b w = r e s h a p e ( b w , r , c ) ; 

n e i g h  =  b w n e i g h p ( b w ,c o n C o m p ) ; '/, 1  m e a n s  n e i g h b o r s ,  

n e i g h p  =  f i n d ( r e s h a p e ( n e i g h , r * c , l ) > 0 ) ;

t m p L b l  =  L R ( n e i g h p . l ) ; '/. c h o o s e  n o n  z e r o  m in im u m  v a l u e .  

t m p L b lG T Z e r o  =  f i n d ( t m p L b l > 0 ) ; 

i f ( " i s e m p t y ( t m p L b l G T Z e r o ) )

L R C s u b E d g e s ( e ) , 1 )  =  m in ( t m p L b l ( t m p L b l G T Z e r o ) ) ;  

e n d

e n d

e n d

7. r e l a b e l  r e g i o n s

E iL R ,d u m m y ) =  f i n d ( L R > 0 ) ;  '/. b a c k g r o u n d  s h o u l d  b e  a l w a y s  0 .

L R ( i L R . l )  =  L R ( i L R . l )  +  m a x E d g e R ;  

m a x E d g e R  =  ( N + m a x E d g e R ) ;

E L b l R ( i L R . l )  =  L R ( i L R . l ) ;  

e n d

E L b l  =  r e s h a p e ( E L b l R . r , c ) ;

r a ra r a r a ra m r a r a r a n r a r a r a r a r a r a r a r a r a m r a r a r a r a n m .r a % n ra
f u n c t i o n  [ m e r g E L b l ,  s t a t ]  =  c o l M e r g W i t h E d g e ( e d g e , E L b l , h i g h E d g e , c o l F v , . . .

T H e d g e , f u n c , c o n C o m p , s t a t , T H s m a l l )

7. [ m e r g E L b l]  =  c o lM e r g H i t h E d g e  ( e d g e , E L b l  . h i g h E d g e  , c o l F v  .T H e d g e  , f u n c ,  c o n C o m p )

’/. m e r g e  r e g i o n  s p l i t t e d  b y  e d g e s .

*/. IN P U T S

7. e d g e  e d g e ( 0  v a l u e s )  l i n k e d  m a p .

’/ . E L b l  r e g i o n s  s p l i t t e d  b y  e d g e s  ( z e r o  v a l u e s  m e a n s  o t h e r  m a s k ) .

'/. h i g h E d g e  e d g e  l i n e d  m ap  w i t h  h i g h  t h r e s h o l d .

7. c o l F v  f e a t u r e  v e c t o r . ( s h o u l d  b e  o n l y  f e a t u r e  o n  t h i s  m a s k ) .

T H e d g e  t h r e s h o l d  v a l u e s  f o r  m e r g i n g .

7. f u n c  e n e r g y  f u n c t i o n ,  ’ e f u n c l ’ o r  ’ e f u n c 2 ’

7
7. OUTPUTS

7. m e r g E L b l  m e r g e d  o u t p u t .

’/.
’/ .  ALGORITHM

!. w h i l e  ( #  o f  m e r g e d  r e g i o n s  > 0 )

7. f o r  i = l  s m a l l e s t  r e g i o n  t o  l a r g e s t .

7. -  e x c l u d e  n e i g h b o r s  w i t h  " w e a k  g e o m e t r i c  c o n n e c t i o n " .

’/,  -  c o m p u t e  t h e  e n e r g y  a n d  c h o o s e  t h e  m in  o f  j .

7. -  E i j  =  ( f e a t u r e  d i s t a n c e ) i j  +  a l p h a * ( b o u n d a r y  s t r e n g t h ) i j .

'/, E i j  a n d  a l p h a  = {  p o s i t i v e ,  i f  b o u n d a r y  i s  s t r o n g .

'/. {  n e g a t i v e ,  " w e a k .

7, -  m e r g e  t h e  r e g i o n  i  a n d  j  i f  E i j  < 0 .

'/, e n d

'/. e n d

’/,  C o p y r i g h t  ( c )  1 9 9 9  b y  J i n S a n g  K im , CSU E E .

[ r , c ]  =  s i z e ( E L b l ) ;

NMERG =  1 ;  '/. d u m m y.

NWGC =  0 ;  TN E IG  =  0 ;  NWBND =  0 ;

MAXNR =  0 ;  NLOOP =  0 ;

w h ile (N M E R G )

'/, r e g i o n  s t a t i s t i c s  (  r e g i o n  b o x  l e n g t h ) .

’ n o n t e x t u r e d  r e g i o n  ( e d g e  f u s i o n )  l e n g t h  s t a t i c s ’

7, g e t  t h e  l a b e l e d  r e g i o n  s t a t i c s  f o r  n o n t e x t u r e d  r e g i o n s ,  ( r e g i o n  l e n g t h ) .
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'/, u s e d  f o r  HW r e g i o n  a c c e s s  t i m e .

[ A v g R e g L e n t h ,  m a x L e n g ,  m in L e n g ,  NR] =  r e g L e n g t h C a l ( E L b l , c o n C o m p )

X s o r t  r e g i o n s  a g a i n .

s k i p Z e r o  =  1 ;  X s k i p  Z e r o  l a b e l  f o r  s o r t i n g ( b a c k g r o u n d ) . 

i n d e x  =  s o r t S m l 2 L r g ( E L b l , s k i p Z e r o ) ; ’/ .  i n d e x  i s  t h e  l a b e l  o r d e r .

NREG =  l e n g t h ( i n d e x ) ;

NMERG =  0 ;

NACTMERGREG =  0 ;  X t h e  n u m b e r  o f  a c t u a l  m e r g e d  r e g i o n  c o u n t e r s  p e r  l o o p .

TACTMERGREGRL =  0 ;  X t o t a l  r e g i o n  l e n g t h  o f  a c t u a l  m e r g e d  r e g i o n s .

f o r  i =  1:NR EG

X j u s t  s e l e c t  n e g h b o r s  w i t h  " s t r o n g  g e o m e t r i c  c o n n e c t i o n s " .

[ n e  i g L b l S G C , tmpNWGC] =  f i n d S t r C o n N e i g ( E L b l , i n d e x ( i ) , T H e d g e . s g c , c o n C o m p ) ;

NWGC =  NWGC +  tmpNWGC;

T N E IG  =  TN EIG  + l e n g t h ( n e i g L b l S G C ) ;

MAXNR =  m a x ( M A X N R ,l e n g t h ( n e i g L b l S G C ) ) ;

i f  (  ' i s e m p t y ( n e i g L b l S G C ) )

X c o m p u t e  b o u n d a r y  s t r e n g t h .

i f C i s e m p t y ( h i g h E d g e ) )  X i f  s p e c i f e d ,  u s e  h i g h e d g e  f o r  e d g e  s t r e n t h .  

e d g e  =  h i g h E d g e ;

e n d

[ b o u n d S t r , tmpNW BND] =  b n d y S t r g ( E L b l , e d g e , i n d e x ( i ) . n e i g L b l S G C . c o n C o m p , T H e d g e . b e t a ) ; 

NWBND =  NWBND +  tmpNW BND;

X c o m p u t e  f e a t u r e  m e a n  d i s t a n c e .  

f e a t D i s t _ Y  =  f e a t u r e M e a n D i s t ( E L b l , c o l F v ( : , 1 ) . i n d e x ( i ) . n e i g L b l S G C ) ; XY c o m p o n e n t .  

f e a t D i s t . U  =  f e a t u r e M e a n D i s t ( E L b l , c o l F v ( : , 2 ) , i n d e x ( i ) . n e i g L b l S G C ) ; % U  c o m p o n e n t .  

f e a t D i s t . V  =  f e a t u r e M e a n D i s t ( E L b l , c o l F v ( : , 3 ) , i n d e x ( i ) . n e i g L b l S G C ) ; X V  c o m p o n e n t .

X c o m p u t e  t h e  e n e r g y  a n d  c h o o s e  t h e  m i n .  o f  j .  c o lu m n  v e c t o r .

E i j  _Y  =  f e v a l ( f u n c , f e a t D i s t _ Y , b o u n d S t r , T H e d g e . a l p h a , T H e d g e . b e t a ) ;

E i j . U  =  f e v a l ( f u n c , f e a t D i s t _ U , b o u n d S t r , T H e d g e . a l p h a , T H e d g e . b e t a ) ;

E i j . V  =  f e v a l ( f u n c , f e a t D i s t _ V , b o u n d S t r . T H e d g e . a l p h a , T H e d g e . b e t a ) ;

X f i n d  i n d i c e s  f o r  a l l  z e r o  e n e r g i e s .  

n e g a Y i n d  =  f i n d ( E i j _ Y < = 0 ) ; 

n e g a U i n d  =  f i n d ( E i j _ U < = 0 ) ;

n e g a V i n d  =  f i n d ( E i j _ V < = 0 ) ; 

n e g a Y U V in d  =  i n t e r s e c t ( i n t e r s e c t ( n e g a Y i n d , n e g a U i n d ) . n e g a V i n d ) ;

X c a l c u l a t e  c u r r e n t  r e g i o n  s i z e .

c u r B w  =  r o i c o l o r ( E L b l , i n d e x ( i ) , i n d e x ( i ) ) ;

c u r B w A r e a  =  b w a r e a ( c u r B w ) ;

X m e r g  i f  E i j  i s  n e g a t i v e ,  c h o o s e  m in im u n  e n e r g y .

E L b lR  =  r e s h a p e ( E L b l , r * c , l ) ; 

i f ( " i s e m p t y ( n e g a Y U V i n d ) )

X c a l c u l a t e  #  o f  m e r g e d  r e g i o n  & s i z e .

NACTMERGREG =  NACTMERGREG +  1 ;

RL =  r e g L e n g t h C a l O n e R e g ( E L b l , c o n C o m p , i n d e x ( i ) ) ;

TACTMERGREGRL= TACTMERGREGRL +  RL ;

X f i n d  s m a l l e s t  e n e r g y  a s  a  m e r g i n g  r e g i o n .

E i j  = [ E i j _ Y  E i j _ U  E i j _ V ] ;

E i j _ n e g a  =  E i j ( n e g a Y U V i n d , : ) ;

[ d u m m y .m in ln d O f N e g a ]  =  m i n ( s u m ( E i j _ n e g a ' ) ) ; 

m e r g e d L b l  =  n e i g L b l S G C ( n e g a Y U V i n d ( m i n I n d O f N e g a ) ) ;

X m e r g e  t w o  r e g i o n s .

E L b lR  =  m e r g e 2 R e g ( E L b l R , i n d e x ( i ) , m e r g e d L b l ) ;

NMERG =  NM ERG+1;
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e l s e i f ( c u r B w A r e a < T H s m a l l )

E i j  = [ E i j  _ Y  E i j _ U  E i j . V ] ;

[ d u m m y .m in ln d ]  =  m i n ( s u m ( E i j ’ ) ) ;  

m e r g e d L b l  =  n e i g L b l S G C ( m i n l n d ) ;

'I m e r g e  t w o  r e g i o n s .

E L b lR  =  m e r g e 2 R e g ( E L b l R , i n d e x ( i ) . m e r g e d L b l ) ; 

NMERG =  NM ERG+1;

e n d

E L b l  =  r e s h a p e ( E L b l R , r , c ) ; 

e l s e

E L b lR  =  r e s h a p e ( E L b l , r * c , 1 ) ;

E L b l  =  r e s h a p e ( E L b l R , r , c ) ;

e n d

e n d

’ NLOOP a n d  NREG’

NLOOP =  NLOOP +  1  

NREG

’ T h e  n u m b e r  o f  r e g i o n s  o f  a c t u a l l y  m e r g e d  c u r r e n t  r e g i o n s  a n d  A v g .  R e g i o n  L e n g t h  ( R L ) ’ 

NACTMERGREG

ACTMERGRRLAVG =  TACTMERGREGRL /  NACTMERGREG

e n d

E L b l  =  g e t L a b e l F r o m R e g i o n E Z e r o ( E L b l , c o n C o m p ) ; 

m e r g E L b l  =  E L b l;  

s t a t . w g c P e r  =  [ ] ;  

s t a t .  w b n d P e r  =  [ ]  ; 

i f ( T N E I G  - = 0 )  

s t a t . w g c P e r  =  NW G C/TN EIG ; 

s t a t . w b n d P e r  =  NW B N D /T N EIG ; 

e n d

’ M a x . N e i g .  R e g i o n . ’

MAXNR

i n d e x  =  s o r t S m l 2 L r g ( E L b l , s k i p Z e r o ) ; ’/, i n d e x  i s  t h e  l a b e l  o r d e r .

NREG =  l e n g t h ( i n d e x ) ;

m a x L a b e l  =  i n d e x ( l e n g t h ( i n d e x ) )

I. f i n d  b i n a r y  im a g e  f o r  m a x L a b e l .

E L b lR  =  r e s h a p e ( E L b l , r * c , l ) ;

[ i , d u m ]  =  f i n d ( E L b l R  = =  m a x L a b e l ) ;

MAXRS =  l e n g t h ( i ) ;

tm p  =  z e r o s ( r * c , 1 ) ;

t m p ( i , l )  =  1 ;

tm p  =  r e s h a p e ( t m p , r , c ) ;

f i g u r e ; i m s h o w ( t m p ) ;

bw R P =  b w p e r i m ( t r a p , 4 ) ;

bw R PR  =  r e s h a p e ( b w R P , r * c , l ) ;

[ k ,d u m ]  =  f in d ( b w R P R  = =  1 ) ;

MAXRP =  l e n g t h ( k ) ;

’ m a x  r e g i o n  s i z e ’

MAXRS

’ m a x  p e r i m e t e r ’

MAXRP

f u n c t i o n  [ n e ig S G C ,  NW GC]= f i n d S t r C o n N e i g ( r e g , c u r L b l , T H s g c , c o n C o m p )

% [ n e i g L b l ] =  f i n d S t r C o n N e i g ( r e g , c u r L b l , n e i g L b l , T H w g c )

I. e x c l u d e  n e i g h b o r s  w i t h  " w e a k  g e o m e t r i c  c o n n e c t i o n s "  b y  T H w g c .

!, a l s o ,  e x c l u d e  0  l a b e l  n e i g h b o r ( b a c k g r o u n d ,  o t h e r  M A S K ). 

C i j / m i n ( P i , P j )

C o p y r i g h t  ( c )  1 9 9 9  b y  J i n S a n g  K im ,  CSU E E .
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[ r , c ]  =  s i z e ( r e g ) ;

r e g R  =  r e s h a p e ( r e g , r * c , l ) ;

'/, c u r r e n t  r e g i o n

c u r R e g B w  =  r o i c o l o r ( r e g , c u r L b l , c u r L b l ) ;  '/. c u r r e n t  r e g i o n s ,  

b w n p  =  b w n e ig h p ( c u r R e g B w , c o n C o m p ) ; '/, BW n e i g h b o r  r e g i o n s ,  

b u n p r  =  r e s h a p e ( b w n p , r * c , l ) ;

[ i l . j l ]  =  f i n d ( b w n p r ) ;

7. f i n d  n e i g h b o r  r e g i o n s  e x c e p t  0  l a b e l .

L l b l s  =  r e g R C i l , : ) ;

n e i g L b l  =  u n i q u e ( L l b l s ) ; % #  o f  n e g i b h o r .

[ k , 1 ]  =  f i n d ( n e i g L b l ) ; 

n e i g L b l  =  n e i g L b l ( k ) ;

NWGC =  0 ;

n e ig S G C  =  [ ]  ;

i f ( " i s e m p t y ( n e i g L b l ) )

7, c o u n t  p i x e l s  o n  co m m o n  b o u n d a r i e s . ( C i n )  .

% d e t e r m i n e  t h e  p i  a n d  p j ( j  i s  n e i g h b o r  o f  i ) . u s e  o u t s i d e  b o u n d a r i e s .

P i  =  l e n g t h ( i l ) ;

N N EIG  =  l e n g t h ( n e i g L b l ) ; 

f o r  i  =  1 :  NNEIG

[ v a l , i n d e x ]  =  f i n d ( L l b l s  = =  n e i g L b l ( i ) ) ;  

c i n ( i )  =  l e n g t h ( i n d e x ) ;

n e i g R e g B w  =  r o i c o l o r ( r e g , n e i g L b l ( i ) , n e i g L b l ( i ) ) ;

n e ig N p B w  =  b w n e ig h p C n e i g R e g B w ,c o n C o m p ) ; [ c i . d i ]  =  f i n d ( n e i g N p B w  = =  1 ) ;  P j ( i )  =  l e n g t h ( c i ) ;  

m i n P e r i ( i )  =  m i n ( [ P i  P j ( i ) ] ) ;  7. a c t u a l l y  o u t s i d e  r e g i o n  b o u n d a r i e s .  

c i n R a t i o ( i )  =  c i n ( i ) / m i n P e r i ( i ) ; 

e n d

7, e x c l u d e  n e i g h b o r s  w h o s e  r a t i o  i s  l e s s  t h a n  T H v g c .

[ d u m m y , in d e x ]  =  f i n d ( c i n R a t i o  > =  T H s g c ) ;

NWGC =  NNEIG -  l e n g t h C i n d e x ) ; 

n e ig S G C  =  n e i g L b l ( i n d e x ) ; 

e n d

mramnrararamm%my.mmranmramy.mmmmramr/.my.mrara
f u n c t i o n  [ b o u n d S t r , NWBND]=  b n d y S t r g C r e g , e d g e , c u r L b l , n e i g L b l S G C , c o n C o m p , b e t a )

7. b o u n d S t r  =  b n d y S t r g C r e g , e d g e , c u r L b l , n e i g L b l S G C )

'/. c a l c u l a t e  b o u n d a r y  s t r e n g t h  b e t w e e n  c u r L b l  a n d  n e i g L b l S G C .

7, E i j / C i j , t o  c a l c u l a t e  t h e  E i j ( #  o f  e d g e s  o n  t h e  b o n d a r i e s ) .

"/. c h e c k  t h e  e d g e s  o n  t h e  co m m o n  p e r i m e t e r  a n d  o u t s i d e  p e r i m e t e r s .

7, c h o o s e  l a r g e r  o n e  a s  a  r e s u l t .

'/, C o p y r i g h t  ( c )  1 9 9 9  b y  J i n S a n g  K im , CSU E E .

[r,c] = size(reg);
r e g R  =  r e s h a p e ( r e g , r * c , l ) ;

edgeR = reshape(edge,r*c,1);

7. current region
curRegBw = roicolor(reg,curLbl,curLbl) ; '/. current regions, 
bwnp = bwneighp(curRegBw,conComp); 7. BW neighbor regions, 
bwnpr = reshape(bwnp,r*c,l);
[il.jl] = find(bwnpr);

7, find neighbor regions.
L l b l s  =  r e g R C i l , : ) ;  ’/ . i l  i s  t h e  n e i g h b o r  p o s i t i o n .

'/, count pixels on common boundaries. (Cin).
7. d e t e r m i n e  t h e  p i  a n d  p j ( j  i s  n e i g h b o r  o f  i ) . u s e  o u t s i d e  b o u n d a r i e s .

NNEIG = length(neigLblSGC);
e i j  =  [ ] ;
for i = 1:NNEIG

[val,index] = findCLlbls == neigLblSGC(i));
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cij(i) = length(index); I  # of pixels for ith neighbor.
I, find the ith neighbor’s pixel position(column vector), 
[nposition,dummy] = find(regRCil) == neigLblSGC(i)); 
npi = il(nposition); ’/. position of a neighbor, columnized.

'I  find Eij C# of edges )on ith neighbor. 
subEdge = edgeR(npi); % edges on Cij. 
if("isempty(subEdge))
[ei,dummy] = find(subEdge == 0); 
eij(i) = length(ei); 

else
eij(i) = 0; 

end
end

boundStrOut = (eij ./ cij);
[k,l] = find(boundStr<beta);
NWBND = length(k);
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