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In this dissertation, we seek to accomplish the following related goals: (1) to �nd a

unifying framework to address localization, detection, and recognition of objects, as three

sub-tasks of image-interpretation, and (2) to �nd a computationally e�cient and reliable

solution to recognition of multiple, partially occluded, alike objects in a given single image.

The second problem is to date an open problem in computer vision, eluding a satisfactory

solution. For this purpose, we formulate object recognition as Bayesian estimation, whereby

class labels with the maximum posterior distribution are assigned to each pixel. To e�-

ciently estimate the posterior distribution of image classes, we propose to model images

with graphical models known as irregular trees.

The irregular tree speci�es probability distributions over both its structure and im-

age classes. This means that, for each image, it is necessary to infer the optimal model

structure, as well as the posterior distribution of image classes. We propose several infer-

ence algorithms as a solution to this NP-hard problem (nondeterministic polynomial time),

which can be viewed as variants of the Expectation-Maximization (EM) algorithm.

After inference, the model represents a forest of subtrees, each of which segments the

image. That is, inference of model structure provides a solution to object localization and

detection.

xii



With respect to our second goal, we hypothesize that for a successful occluded-object

recognition it is critical to explicitly analyze visible object parts. Irregular trees are conve-

nient for such analysis, because the treatment of object parts represents merely a particular

interpretation of the tree/subtree structure. We analyze the signi�cance of irregular-tree

nodes, representing object parts, with respect to recognition of an object as a whole. This

information is then exploited toward the ultimate object recognition.

Empirical results demonstrate that irregular trees more accurately model images than

their �xed-structure counterparts quad-trees. Also, the experiments reported herein show

that our explicit treatment of object parts results in an improved recognition performance,

as compared to the strategies in which object components are not explicitly accounted for.
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CHAPTER 1
INTRODUCTION

Image interpretation is a di�cult challenge that has long been confronting the computer-

vision community. A number of factors contribute to the complexity of this problem. The

most critical is inherent uncertainty in how the observed visual evidence in images should

be attributed to infer object types and their relationships. In addition to video noise, there

are various sources of this uncertainty, including variations in camera quality and position,

wide-ranging illumination conditions, extreme scene diversity, and the randomness of object

appearances, clutter and locations in scenes.

One of the critical hindrances to successful image interpretation is that objects may

occlude each other in a complex scene. In the literature, the initial research on the inter-

pretation of scenes with occlusions appeared in early nineties. However, in the last decade

relatively small volume of the related literature was published. In fact, a majority of the

recently proposed vision systems is not directly aimed at solving the problem of occluded-

object recognition; experiments on images with occlusions are reported as a side result only

to illustrate the versatility of those systems. This suggests that recognition of partially

occluded objects is an open problem in computer vision, which motivates us to seek its

solution in this dissertation.

In the initial work, local features (e.g., points, line and curve segments) are used to

represent objects, allowing the unoccluded features to be matched with object features, by

computing a scalar measure of model �t [1,2,3]. The unmatched scene features are modeled

as spurious features, and the unmatched object features indicate the occluded part of the

object. The matching score is either the number of matched object features or the sum of a

Gaussian-weighted matching error. The main limitation with these approaches is that they

do not account for the spatial correlation among occlusions.

Statistical approaches to occluded-object recognition have also been reported in the

literature. For instance, Wells [4], and Ying and Castanon [5] propose probabilistic models

1
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to characterize scene features and the correspondence between scene and object features.

The authors model both object-feature uncertainty and the probability that the object

features are occluded in the scene. They introduce two statistical models for occlusion.

One model assumes that each feature can be occluded independently of whether any other

features are occluded, whereas the second model accounts for the spatial correlation to

represent the extent of occlusion. The spatial correlation is computed using a Markov

Random Field (MRF) model with a Gibbs distribution [6]. The main drawback of these

systems is a prohibitive computational load; the run-time of these algorithms is exponential

in the number of objects to be recognized.

Other related work exploits auxiliary information provided, for example, by image

sequences or stereo views of the same scene [7,8,9,10,11,5], where occlusions are transitory.

Since this information in general may not be available, and/or occlusions may remain

permanent, in our approach we do not use the strategies of these systems.

A review of the related literature also suggests that the majority of vision systems are

designed to deal with only one constrained vision task, such as, for example, image segmen-

tation [10, 11, 5]. However, to conduct image interpretation, as is our goal, it is necessary

to perform three related tasks: (1) localization, (2) detection (also called image segmenta-

tion), and (3) ultimate recognition of object appearances (also called image classi�cation).

Further, in many systems in which the three sub-tasks are addressed, this is not done in a

uni�ed manner. Here, as a drawback, the system’s architecture comprises a serial connec-

tion of separate modules, without any feedback on the accuracy of the ultimate recognition.

Moreover, vision systems are typically designed to recognize only a speci�c instance of ob-

ject classes appearing in the image (e.g., face), which, in turn, is assumed dissimilar to

other objects in the image. However, the assumption of uniqueness of the target class may

not be appropriate in many settings. Also, the success of these systems usually depends on

ad hoc �ne-tuning of the feature-extraction methods and system’s parameters, optimized

for that unique target class. With current demands to design systems capable of classifying

thousands of image classes simultaneously, it would be di�cult to generalize the outlined

approaches.
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The small volume of published research addressing occlusions in images suggests that

the problem is not fully examined. Also, the drawbacks of the above systems{namely: con-

strained goals and settings of operation, poor spatial modeling of occlusion, and prohibitive

computational load{motivated us to conduct the research reported herein. Our motivation

is that most object classes seem to be naturally described by a few characteristic parts or

components and their geometrical relation. We hypothesize that it is not the percentage of

occlusion that is critical for object recognition, but rather which object parts are occluded.

Not all components of an object are equally important for its recognition, especially when

that object is partially occluded. Given two similar objects in the image, the visible parts of

one object may mislead the algorithm to recognize it as its counterpart. Therefore, careful

consideration should be given to the analysis of detected visible object parts. One of the

bene�ts of such analysis is the 
exibility to develop various recognition strategies that weigh

the information obtained from the detected object parts more judiciously. In the following

section, we review some of the reported part-based object-recognition strategies.

1.1 Part-Based Object Recognition

Recently, there has been a 
urry of research related to part-based object recognition.

For example, Mohan et al. [12] use separate classi�ers to detect heads, arms, and legs of

people in an image, and a �nal classi�er to decide whether a person is present. However,

the approach requires object parts to be manually de�ned and separated for training the

individual part classi�ers. To build a system that is easily extensible to deal with di�erent

objects, it is important that the part selection procedure be automated. One approach in

this direction is developed by Weber et al. [13, 14]. The authors assume that an object is

composed of parts and shape, where parts are image patches, which may be detected and

characterized by appropriate detectors, and shape describes the geometry of the mutual

position of the parts in a way that is invariant with respect to rigid and, possibly, a�ne

transformations. The authors propose a joint probability density over part appearances

and shape that models the object class. This framework is appealing in that it naturally

allows for parts of di�erent sizes and resolutions. However, due to computational issues, to

learn the joint probability density, the authors choose heuristically a small number of parts
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per each object class, rendering the density unreliable in the case of large variations across

images.

Probabilistic detection of object parts has also been reported. For instance, Heisele

et al. [15] propose to learn object components from a set of examples based on their dis-

criminative power, and their robustness against pose and illumination changes. For this

purpose, they use Support Vector Machines. Also, Felzenszwalb and Huttenlocher [16] rep-

resent an object by a collection of parts arranged in a deformable con�guration. In their

approach, the appearance of each part is modeled separately by Gaussian-mixture distribu-

tions, and the deformable con�guration is represented by spring-like connections between

pairs of parts. The main problem of the mentioned approaches is that they lack the analysis

of object parts through scales. It is assumed that parts cannot contain other sub-parts, and

that objects are unions of mutually exclusive components, which is hard to justify for more

complex object classes.

To address the analysis of object parts through scales Schneiderman and Kanade [17]

propose a trainable multi-stage object detector composed of classi�ers, each making a de-

cision about whether to cease evaluation, labeling the input as non-object, or to continue

further evaluation. The detector orders these stages of evaluation from a low-resolution to

a high-resolution search of the image.

The aforementioned approaches are not suitable for recognition of a large number of

object classes. As the number of classes increases there is a combinatorial explosion of

the number of their parts (i.e., image patches) that need to be evaluated by appropriate

detectors.

In this dissertation, we seek a solution to the outlined problems. Our goal it to design a

vision system that would analyze multiple object classes through their constituent, "mean-

ingful" parts at a number of di�erent resolutions. To this end, we resort to a probabilistic

framework, as discussed in the following section.

1.2 Probabilistic Framework

We formulate image interpretation as inference of a posterior distribution over pixel

random �elds for a given image. Once the posterior distribution of image classes is inferred,
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each pixel can be labeled through Bayesian estimation (e.g., maximum a posteriori{MAP).

Within this framework, it is necessary to specify the following:

1. The probability distribution of image classes over pixelrandom �elds,

2. The inference algorithms for computing the posterior distribution of image classes,

3. Bayesian estimation for ultimate pixel labeling, that is, object recognition.

Our principal challenge lies in choosing a statistical model for specifying the probability

distribution of image classes, since this choice conditions the formulation of inference and

Bayesian estimation. A suitable model should be computationally manageable, and su�-

ciently expressive to represent a wide range of patterns in images. A review of the literature

o�ers four broad classes of models [18]. The descriptive models are constructed based on

statistical descriptions of image ensembles with variables only at one level (e.g., [19, 20]).

The pseudo-descriptive models reduce the computational cost of descriptive models by im-

posing partial (or even linear) order among random variables (e.g., [21,22]). The generative

models consist of observable and hidden variables, where hidden variables represent a �nite

number of bases generating an image (e.g., [23, 24]). The discriminative models directly

encode posterior distribution of hidden variables given observables (e.g., [25,26]).

The available models di�er in structural complexity and di� culty of inference. At one

end lie descriptive models, which build statistical descriptions of image ensembles only at

the observable (i.e., pixel) level. Other modeling paradigms (i.e., generative, discriminative)

impose varying levels of structure through the introduction of hidden variables. However,

no principled formulation exists, as of yet, to suggest one approach superior to the others.

Therefore, our choice of model is guided by the goal to interpret scenes with partially

occluded, alike objects. We seek a model that o�ers a viable means of recognizing partially

occluded objects through recognition of their visible constituent parts. Thus, a prospective

model should allow for analysis of object parts towards recognition of objects as a whole.

To alleviate the computational complexity arising from the treatment of multiple

object-parts of multiple objects in images, we seek a model that is capable of modeling

both whole objects and their sub-parts in a uni�ed manner. That is, a candidate model

must be expressive enough to capture component-subcomponent relationships among re-

gions in an image. To accomplish this, it is necessary to analyze pixel neighborhoods
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