ACTIVE OBJECT RECOGNITION CONDITIONED BY PROBABILISTIC EVIDENCE AND ENTROPY MAPS

Tal Arbel

Department of Electrical Engineering McGill University, Montréal

November 1999

A Thesis submitted to the Faculty of Graduate Studies and Research in partial fulfilment of the requirements for the degree of Doctor of Philosophy

© Tal Arbel, 1999

Abstract

This thesis introduces a novel method for sequentially accumulating evidence as it pertains to an active observer seeking to identify an object in a known environment. First, a probabilistic framework is developed, based on a generalized inverse theory, where assertions are represented by conditional probability density functions. In order to resolve ambiguous assertions from single view measurements, a sequential recognition strategy is developed in which evidence is accumulated over successive viewpoints until a definitive assertion can be made. The main contribution of the thesis is a strategy for conditioning the inference and the measurement processes with feedback from prior information.

The problem of interest is that of model-based recognition, where the task is to identify an unknown model from a database of known objects on the basis of parameter estimates. The robustness of the algorithm is illustrated through its application to two very different domains: (1) recognition of 3-D parametric models estimated directly from laser rangefinder data, (2) recognition of objects based on signatures extracted from optical flow images that they generate as they move with respect to a camera. The latter approach is completely novel and presents a major contribution to the field. Experimental results verify the strength of the approach at overcoming difficulties encountered in both contexts, as rapid convergence to the correct solution occurs in most cases.

With this framework in place, it is further shown how an active recognition strategy could be built by using entropy maps to guide an active observer along an optimal trajectory for confidently inferring object identity and pose, while minimizing the amount of data that must be gathered. Specifically, these maps are used to encode prior knowledge about the discriminability of objects as a function of viewing position. The thesis applies the strategy to the context of recognition based on optical flow signatures, and shows how a gaze-planning strategy can be formulated by using entropy minimization as a basis for choosing a next best view. Experimental results are presented which show the strategy’s effectiveness at converging to the optimal solution in a minimum short number of steps.

Résumé

Cette thèse présente une nouvelle méthode pour accumuler séquentiellement des évidences dans le contexte d’un observateur actif cherchant à reconnaître un object dans un environnement connu. Premièrement, un cadre probabilistique est développé, basé sur une théorie inverse généralisée, où les assertions sont représentées par des fonctions de densité de probabilité. De manière à résoudre les assertions ambigües obtenues à partir de mesures uniques, une stratégie de reconnaissance séquentielle est développée et permet d’accumuler les évidences pour les différents points de vues visités en utilisant une chaîne d’accumulation bayesienne jusqu’à ce qu’une décision définitive puisse être faite. La contribution principale de cette thèse est une stratégie de mise en forme des procédés de déduction et d’acquisition de donn’ees par une contre-réaction utilisant l’information acquise apriori.

Le problème d’intérêt est celui de la reconnaissance d’objets basée sur leur modélisation, où la tâche consiste à identifier un nouveau modèle à partir d’une banque de données de modèles d’objets connus sur la base de l’estimation de paramètres. La robustesse de l’algorithme est illustré par son application à deux domaines très différents: (1) la reconnaissance de modèles paramt́riques 3D obtenus directement de données télémétriques, (2) la reconnaissance d’objets basée sur la signature extraite du flot optique quíls génèrent losqu’ils se déplacent par rapport à une caméra. Cette dernière approche est complètement nouvelle et représente une contribution majeure dans ce domaine. Des résultats expérimentaux permettent de juger de la puissance de cet approche pour aider à surmonter les difficultés rencontrées dans les deux applications, puisqu’une convergence rapide à la bonne solution est vérifiée dans la plupart des cas.

Avec ce cadre de reconnaissance d’objets établi, il est démontré comment il peut être utilisé pour établir une stratégie utilisant des cartes d’entropie pour guider un observateur actif le long d’une trajectoire optimale pour identifier l’objet de manière fiable tout en minimisant la quantité de données qui doit être acquise. Spécifiquement, ces cartes sont utilisées pour pré-encoder l’information disponible sur la discriminabilité des objets en fonction du

RÉSUMÉ

point de vue. La thèse applique cette stratégie dans le contexte de la reconnaissance basée sur les signatures de flot optique et démontre comment une stratégie d’exploration visuelle peut être formulée en utilisant la minimization d’entropie pour choisir la prochaine meilleure vue. Des résultats expérimentaux montrent l’efficacité de la stratégie pour converger á la solution optimale dans un nombre minimum d’étapes.

iii

TABLE OF CONTENTS

LIST OF FIGURES

1.1 Ill-posedness of recognition problem. (a) Database of objects, (b) Laser-rangfinder data from two viewpoints, (c) Resulting probability distributions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3 2.1 Flowchart of inverse theory. . . . . . . . . . . . . . . . . . . . . . . . 19 2.2 Flowchart of inverse theory applied to recognition. . . . . . . . . . . . 22 2.3 Flowchart of sequential recognition system. . . . . . . . . . . . . . . . 29 3.1 Bottom-up system for acquiring 3D model parameters. . . . . . . . . 36 3.2 Sequential recognition system. . . . . . . . . . . . . . . . . . . . . . . 44 4.1 Stages of processing of the flow image. . . . . . . . . . . . . . . . . . 52 4.2 Motion basis along viewsphere. . . . . . . . . . . . . . . . . . . . . . 55 4.3 Bottom-up system for acquiring parametric flow descriptors. . . . . . 57 4.4 Sequential recognition system based on appearance flows. . . . . . . . 64 5.1 (a) Navigation setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . 69 5.2 Navigation strategy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74 5.3 Computing entropy maps. . . . . . . . . . . . . . . . . . . . . . . . . 77 5.4 (a) Two views of an entropy map, (b) corresponding smoothed maps. 79 5.5 Gaze planning with flow images. (a) Flow image acquisition, (b) pose estimation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80 5.6 Gaze planning with flow images. (c) Best view selection and motion transform computation, (d) sensor moved to best location. . . . . . . 81

LIST OF FIGURES

6.1 The CRS gantry robot used for experiments. The mobile laser rangefinding system that was used to construct object models was mounted onto the end-effector of the robot arm. . . . . . . . . . . . . . . . . . 85 6.2 The reference parts resulting from training. . . . . . . . . . . . . . . 86 6.3 Recognition results for the potato-head and the alarm. . . . . . . . . 87 6.4 Results for the left leg (LL) of the alarm clock (a–b) and the left ear (ERL) of the potato-head (c–d) over time. . . . . . . . . . . . . . . . 89 6.5 (a) Reference block model, (b)–(f) sample alarm models. . . . . . . . 91 6.6 Experimental setup used for gathering flow images. Camera is anchored on the end of a gantry robot arm, and object placed on rotary table. 93 6.7 25 database objects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94 6.8 Flow image acquisition during training. . . . . . . . . . . . . . . . . . 95 6.9 Motion basis and test trajectory along viewsphere. Liquid Drano bottle example: (a)–(b) Flow images along basis used for training. (c)–(d) Flow images along trajectory. . . . . . . . . . . . . . . . . . . . . . . 96 6.10 Recognition results for the appearance flows. . . . . . . . . . . . . . . 98 6.11 Examples of recognition results with and without probabilistic feedback.100 6.12 Average number of steps to convergence. . . . . . . . . . . . . . . . . 101 6.13 The hamburger and duck distributions in the database, and a sample hamburger flow image projected onto 3D eigenspace. . . . . . . . . . 101 6.14 Recognition results with previously unseen objects. . . . . . . . . . . 102 6.15 Results of recognizing a panda moved by hand. . . . . . . . . . . . . 105 6.16 (a) Informative and (b) uninformative views of dinosaur (Di). Corresponding distributions with entropy values of (c) 0.24 and (d) 0.72 respectively. 106 6.17 (a) Dinosaur and (b) tiger dolls seen from the same viewpoint. . . . . 107 7.1 (a) Entropy map, (b) Smoothed entropy map using training data for glue bottle. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111 7.2 Glue bottle object entropy maps corresponding to four directions: (a) 0^∘, (b) 45^∘, (c) 90^∘, (d) 135^∘, (e) Final overall entropy map. . . . . . 112

LIST OF FIGURES

7.3 (a) Two views of the glue bottle, (b) Corresponding views of the entropy map, (c) Corresponding smoothed map. . . . . . . . . . . . . . . . . 114 7.4 (a) Images of a dinosaur, (b) smoothed entropy maps at corresponding locations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115 7.5 (a) First robot position, (b) Second robot position, (c) First camera view of fish, (d) Final camera view of fish, (e) Entropy over time. . . 117 7.6 Results of several on-line navigation experiments with the dinosaur. . 118 7.7 Percentage correct recognition results at convergence (Perfect pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120 7.8 Percentage correct recognition results at convergence (KNN Pose Estimation).122 7.9 Comparison of entropy map and random navigation strategies: (a) First view on smoothed map, (b) last view on smoothed map, (c) last view on overall entropy map. . . . . . . . . . . . . . . . . . . . . . . . . . . 124 7.10 Navigation results over time for (a) Old Dutch bottle, (b) chala (bread) roll. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125 7.11 Breakdown of entropy maps into components. . . . . . . . . . . . . . 125 C.1 Images of the 25 Database Objects (The first 20 are shown here). . . 145 C.2 Images of the 25 Database Objects (The last 5 are shown here). . . . 146 D.1 Comparison of two strategies from arbitrary viewpoints (Perfect pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148 D.2 Comparison of two strategies from arbitrary viewpoints (KNN pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149 D.3 Comparison of two strategies from ambiguous viewpoints (Perfect pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150 D.4 Comparison of two strategies from ambiguous viewpoints (Perfect pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151 D.5 Comparison of two strategies from ambiguous viewpoints (KNN pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

LIST OF FIGURES

D.6 Comparison of two strategies from ambiguous viewpoints (KNN pose estimation). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153 E.1 Breakdown of entropy maps. . . . . . . . . . . . . . . . . . . . . . . . 155 E.2 Breakdown of entropy maps (cont.). . . . . . . . . . . . . . . . . . . . 156 E.3 Breakdown of entropy maps (cont.). . . . . . . . . . . . . . . . . . . . 157 E.4 Breakdown of entropy maps (cont.). . . . . . . . . . . . . . . . . . . . 158 E.5 Breakdown of entropy maps (cont.). . . . . . . . . . . . . . . . . . . . 159 F.1 Average pose error for each object in database. . . . . . . . . . . . . 160

LIST OF TABLES

6.1 Comparison of bayesian chaining and voting strategies. . . . . . . . . 90 6.2 Voting strategy results using different thresholds. . . . . . . . . . . . 90

CHAPTER 1

Introduction

Computer vision research has always focused its efforts on solving a fundamental inverse problem: given a set of measurements, determine the underlying structure that generated it. An inference problem of particular interest is object recognition, the focus of a tremendous amount of research for over thirty years. Object recognition involves identifying objects in a given scene based on acquired sensor data. Most strategies attempt to solve the recognition problem from data acquired from single viewpoints. The primary difficulty in solving this problem lies its under-determined nature: ambiguous cases exist where more than one reasonable interpretation is possible. In order to attain a unique solution, many recognition approaches embed implicit constraints in their strategies. These may include constraints on the image formation parameters, or even on the shape of the solution space. As a result, these strategies may work in one situation, but cannot be easily modified to work elsewhere.

The thesis introduces a novel solution to the ambiguous recognition result, by describing a sequential recognition strategy, that chooses to improve uncertain interpretations by gathering evidence in all possible hypotheses over a sequence of views and conditioning the inference process with prior information from previous views until convergence to a plausible solution set is attained. The claim is that this leads to a more robust interpretation. As identification based on individual measurements can be ambiguous and even erroneous, a major contribution of the thesis is the development of a general Bayesian inference strategy to qualify assertions at each iteration. This way, recognition results can be assessed and actions can be planned based on them. In fact, this thesis illustrates how to condition the measurement process as well, by introducing an active recognition strategy that makes maximal use of a priori information in order to plan an optimal gaze trajectory in on-line

1.1 MOTIVATION

recognition experiments. As this approach can certainly be used in other areas of computer vision, this strategy would be of interest to the field in general.

1. Motivation

Object recognition has been one of the central problems addressed in the field of computer vision. Traditionally, it has been defined as the task of assigning a label to an unknown object, given a set of sensor measurements acquired during on-line experiments. The most common approach is to match the unknown to one of a predetermined set of known objects residing in a database computed off-line [9].

Despite the unifying goal of the research, the strategies developed over the years have varied dramatically in the types of features used, the way in which objects have been represented, as well as the matching strategies employed. Historically, earlier work made use of low level features, such a corners and edges, for matching objects. In later work, midlevel features extracted from reconstructed object surfaces became available for recognition. With the maturation of the field, high level models became available for object representation, from which features could be extracted for identification. Still, the scope of the types of objects that the models could represent was quite narrow. Additionally, industrial applications, such as assembly line automation, lead to the development of many specialized vision systems. A clear element in the slow rate of development of a general-purpose recognition system was the shortage of stable, high level object representatives.

Over time, pressure mounted for the development of vision systems that performed specific tasks in environments where modeling was not always feasible. This led to the advent of appearance-based recognition strategies, where rather than build intermediary object models, the raw data measurements were used as inputs for recognition. Once again, demands for a wide variety of applications, such a face and gesture recognition, spawned much research in this area. To date, there are still few general, high level computer vision systems capable of recognizing a wide variety of objects using one framework.

Despite varying contexts, the problem of recognition remains an inverse problem in the classic sense: given a set of measurements, determine the object that generated those measurements. Like many inverse problems, the recognition problem is ill-posed primarily due to the fact that several objects can give rise to identical measurements, generating a potential lack of uniqueness in the solution. In addition, the measurements themselves are uncertain.

1.1 MOTIVATION

The ill-posedness of the problem is illustrated in Figure1.1. Here, the task is to match the unknown object to one of the models in the database, based on laser-rangefinder measurements (seen in Figure 1.1(b)). The figure illustrates that, from some viewpoints, it is impossible to say which model generated the data. Figure 1.1(c) illustrates the recognition result of likelihoods of matches with each of the models in the database. In the second case in Figure 1.1(b), there is no clear winner as all the likelihoods are equal. This case illustrates the ill-posedness of the recognition problem, as a unique solution cannot be guaranteed.

(a)

(b)

(c) On the top row are three models in the database. Beneath these, are two range images of one of the objects in the database taken from two different viewpoints. In the bottom row, one can see the probability distributions resulting from two recognition experiments, i.e. the likelihood of each model in the database: S (sharpener), C (clock) and D (doll) given the measurement. Notice that the system is unable to make a clear assertion in the second case.

Figure 1.1. Ill-posedness of recognition problem. (a) Database of objects, (b) Laser-rangfinder data from two viewpoints, (c) Resulting probability distributions.

The difficulty in solving the recognition problem, combined with its ill-posed and illconditioned nature, leads to shortcomings in existing strategies:

1. Shortage of general solutions. Despite its obvious importance, the issue of the ill-posedness of the recognition result is hardly addressed in the literature. The main strategy for overcoming it has been to impose strong, often implicit, constraints on the solution space in order to achieve a single object identification. Due to the hidden constraints, the solution may work well in a particular situation, but cannot be easily modified to work elsewhere. This is illustrated by the enormous variety

1.1 MOTIVATION

of approaches in existence, ranging from model-based to appearance-based, that are geared towards the specific task at hand and do not generalize easily. There is a lack of a general solution that applies to a large class of recognition problems.

2. Most strategies are deterministic. Most recognition strategies are deterministic in nature. This implies that the uncertainties of the problem are not explicitly represented in the solution. Further, these solutions often return a single object label from a set of measurements. Due to the possibility of an ambiguous (or even erroneous) result, it would be more instructive to qualify assertions so as to be able to assess the validity of the result. The best way to do this is through probabilistic methods.

3. Most strategies are static. Most recognition research focuses on the problem of identifying an object based on a data acquired from a single viewpoint of a scene which contains it. However, results based on a single image are clearly not sufficient. The world is dynamic, with the observer being able to move through it, gathering information and changing perceived notions of its constituents. Many active vision systems exist, particularly in the field of mobile robotics. However, very few active recognition strategies are reported in the literature. The philosophy of this work is that the ill-posedness of the result can, at least in part, be resolved by gathered data over time (i.e. over multiple viewpoints). The issue of how to do this is rarely dealt with in the literature.

In this thesis, I sought to develop and implement a system that addresses each of these issues in the most general manner possible, to ensure that the resulting strategies are applicable to a wide variety of inverse problems in vision, as well as in other fields. In the course of developing a solution, the following difficult problems were dealt with:

1. Embedding Uncertainty into the Solution. Inherent to all inference problems are the many sources of uncertainty that render them difficult (e.g. measurement uncertainty, variation in the database information). By choosing to ignore them, deterministic strategies are unwillingly biasing their solutions. Furthermore, as recognition from a single data set can lead to erroneous results, it would be instructive to assess the level of confidence in the result from a particular viewpoint. This would involve exposing the uncertainty in the recognition solution in a form that could be easily evaluated by an external agent. This leads to two major issues addressed by this thesis: Can we enumerate and represent all sources of uncertainty as probability

1.1 MOTIVATION

density functions? Can we represent the solution in the form of a probability density function?

2. Temporal regularization. From any particular viewpoint, there is a large amount of information that can be acquired for the recognition engine to process. Given the availability of a dynamic system, where data can be acquired from multiple viewpoints, there are various levels at which information can be combined over time, e.g. on the level of the data, on the surface level, etc. The amount of information available can be overwhelming. However, with limited resources, an active agent moving through a scene must be able to process information quickly and efficiently. Furthermore, prior information can serve to condition the inference in order to overcome the ill-posedness of the problem. This process can be referred to as “temporal regularization”. This leads to the problem of how to efficiently fuse information over time?

3. Planning gaze based on prior information. In order to reduce the number of false assertions while processing the smallest amount of information, an efficient strategy would choose to actively gather data from viewpoints that lead to maximal object discriminability. The question is how to find these views. Many strategies attempt to compute them on-line and slowly move the sensor towards these positions. However, an interesting approach would be to find these viewpoints a priori and navigate based on them on-line. The question is: How do you make maximal use of a priori information to best plan gaze (i.e. camera viewpoints) for recognition?

4. Recognition Based on Flow Images. Many contexts exist where object-centered representations are not available. In these cases, one popular solution has been to apply appearance-based techniques to the problem of recognition. However, the major shortcoming of such an approach has been the lack of robustness in the face of slight changes in lighting and background. In overcoming this problem, an interesting approach would be one that considers differential image properties, which could be obtained from processing subsequent images acquired by a camera moving with respect to an object of interest. The question is: Can a system be built that recognizes an object based on the optical flow images it generates as it moves with respect to a camera?

In the next section, I will summarize my contribution to the solution of each of these problems, as well as to other open problems in the field.

1.2 CONTRIBUTIONS OF THE WORK

2. Contributions of the Work

In this thesis, several contributions are made to the field of computer vision, in particular to the area of object recognition. The main results addressing the major difficulties encountered in recognition (as described in Section 1) are described here, as well as the other novelties of the work that would be of interest to the community at large.

2.1. Main Contributions.

1. The primary contribution of this thesis is the development of a sequential recognition system that accumulates evidence in the various object hypotheses over time by conditioning the inference process, at each iteration, with feedback from the previous view. Rather than force a solution from a single measurement, probabilistic evidence regarding the different object hypotheses is fused over viewpoints about the object of interest. The novelty in the approach is that the system “closes the loop” around inference by conditioning the recognition process in one view with prior information from the previous view. This leads to convergence to a correct object label in a short number of steps.

2. Another main contribution is the development of a general probabilistic framework for the solution of inverse problems such as sequential object recognition. The ill-posedness of the recognition problem is addressed by a Bayesian strategy that is used to (a) qualify the recognition result and (b) gather evidence over time. The generality of the framework is shown through its application to two very different recognition problems: 3D part recognition, and appearance-based recognition based on optical flow images. The application of the theory to either problem is novel. Presenting a unifying framework that is applicable to both is an important contribution to the field. This framework is based on an inverse theory first introduced in the field of Geophysics [93]. Its application to the problem of sequential recognition is novel as well.

3. A contribution of this thesis is an active recognition strategy that makes use of a priori information to guide a sensor to locations of maximal discriminability. A novel facet of the thesis is that maximal use of prior information is made, through building maps off-line that link inference ambiguity (based on entropy) to sensor position. A navigation strategy uses these maps during on-line

1.2 CONTRIBUTIONS OF THE WORK

recognition experiments in order to guide the sensor to areas of maximal discriminability, thus converging to the correct recognition result more often and in a fewer number of steps. This strategy is completely novel and presents a major contribution to the field of recognition.

4. A main contribution of this thesis is the introduction of a strategy that recognizes objects based on the optical flow images they generate as they move with respect to a camera. Although optical flow images have been used for identifying actions, to my knowledge, they have never been used for the recognition of objects. This thesis shows how the general recognition framework can be applied to the problem of recognizing moving objects based on signatures in the optical flow images they generate.

5. This thesis introduces the notion of characteristic motions. This thesis extends the notion of characteristic views to the motion domain by defining a set of characteristic motions as a set of camera positions and movements (with respect to an object of interest) that capture a sufficient amount of the essential structure of the object to permit its recognition from novel motion sequences. The thesis illustrates how to gather and train on a small set of motions in practice, and empirically shows how this leads to recognition based on a wider set of movements.

2.2. Other Contributions. This thesis makes other contributions to the field of computer vision. Some of these are of particular interest to those in the area of object recognition. Others should be of interest to the field at large.

(i) This thesis contributes a strategy for determining the informativeness of the recognition result through information theoretic techniques applied to the resulting distribution. This is a significant result as external processes (such as active agents) can use this information in order to decide what action to take next (whether to gather more data for example). As most recognition strategies are deterministic, a probabilistic solution is rarely present in the literature.

(ii) Progress in finding solutions to 3D object recognition has been slow due, in part, to the lack of a stable bottom-up system that builds reliable models from sensor data. In this work, a solid contribution was made in the area of 3D object recognition, by building a sequential recognition module on top of a complete bottom-up system

1.4 THESIS OUTLINE

built at the Artificial Perception Lab at McGill University’s Center for Intelligent Machines (see Chapter 3 for details).

(iii) Very few recognition strategies use superellipsoid models as part representatives due to problems of degeneracies in their representations. Previous iterations of this work [1] have shown how to overcome most of these difficulties. This thesis presents the first time superellipsoid models are used within a sequential recognition strategy.

(iv) This thesis will show how the 3D recognition framework can be easily extended to include the solution to other difficult problems that are still open topics of research such as: 3D multi-part object recognition, and verification of the existence of 3D parts in a scene.

(v) Due to the difficulty of the task, very few successful dynamic recognition systems have been implemented in practice. This thesis builds two very different real active control systems for training and recognizing objects. The theory is demonstrated to be working in both of these vision domains.

3. Literature Overview

As the work presented in this thesis covers various topics and does not fit into only one category of the mainstream literature, it was felt that it would be more appropriate to place specific comparisons with other work throughout the thesis where relevant. In particular, an overview of model-based recognition can be found in Chapter 3. A brief overview of existing appearance-based techniques, as well as those related to matching based on optical flow images can be found in Chapter 4. An overview of active vision, with emphasis on those approaches related to active recognition can be found in Chapter 5. Furthermore, other approaches will often be described after the presentation of the proposed approach so as to emphasize the differences in strategies.

4. Thesis Outline

The philosophy of this thesis is that by gathering evidence from multiple viewpoints, and conditioning the inference process with the results from each view, ambiguity inherent in recognition from single views will be resolved quickly and efficiently. A novel sequential recognition strategy is developed, where evidence in all possible hypotheses is fedback to the system at each iteration, leading to convergence to a plausible solution set in a short number of steps.

1.4 THESIS OUTLINE

The problem of interest is object recognition based on a set (or sets) of parametric object descriptors. This differs from the problem of parameter estimation, where the goal is to recover a parametric object representation from measurements, given prior constraints on the shape of the solution set (i.e. from a predetermined set of functions) and an optimization metric to minimize error. Within this category are the model-based representation schemes that attempt to constrain the search for optimal parameters by forcing a fit to one of a set of predetermined model categories, stored in a database prior to the experiment [32, 59, 72, 74, 105]. This is a type of top-down fitting process. For the model-based recognition problem considered in this thesis, the assumption is that a bottom-up measurement process will provide a parametric descriptor of the object, from which object labels are inferred.

Other matching strategies in the literature that focus on parametric model-based recognition differ in their devised metrics for measuring the distance between parametric models in appropriate parameter spaces, e.g., Mahalanobis distance [54] and dot products [76]. Most strategies rarely include both the uncertainties in the parameters of the measured models and the ambiguities of the representations in the database. However, when fitting a model to noisy data, there is an inherent lack of uniqueness in the parameters that describe the model. In many cases, it is impossible to make a definitive statement as to which model fits the data best [98]. For this reason, rather than choose external constraints that would force the choice of one model over another, it would be more instructive to embed the uncertainty of the chosen description into the representation. This is precisely the approach that is taken in this thesis in computing the recognition solution.

Chapter 2 shows how to cast the recognition problem in probabilistic terms from the point of view of an inverse theory [93]. The strategy makes each of the sources of information available to the recognition engine explicit. These include: (i) information from measurements, (ii) it a priori information about models, and (iii) information from the physical theory relating measurements and models. Each of these sources of knowledge are then represented as probability density functions that can be easily combined using standard Bayesian techniques. The result is an a posteriori (discrete) conditional density function, which describes the degree of likelihood of the unknown object matching each of the objects in the database, given a set of measurements. Application of the theory to a particular inverse problem becomes the straight-forward task of defining the appropriate form of each of the component probability density functions.

1.4 THESIS OUTLINE

Based on this result, the thesis shows how the resulting distributions can be used to sequentially recognize an unknown object by accumulating evidence in the various hypotheses at the probabilistic level. Chapter 2 illustrates how the probabilities are conditioned based on the recognition result from the previous view. The method is a Bayesian chaining strategy whereby the posterior from one view is fed in as the prior for the next view.

The robustness of the strategy is shown through application of the theory to two very different, and very difficult recognition problems: (i) 3D parametric object recognition (Chapter 3), and (ii) appearance-based object recognition based on optical flow images (Chapter 4). The method will be used to resolve uncertainties associated with the recognition of objects in both of these challenging contexts. This will be verified through experimentation with two real vision systems.

Chapter 3 focuses on the application of the theory to three-dimensional object recognition, where objects are represented by parametric shape descriptors (i.e. models) such as superellipsoids [12, 13, 39, 79], deformable solids [27, 76], and algebraic surfaces [91]. In this context, models are constructed through a process of autonomous exploration [98, 102, 103] in which a part-oriented, articulated description of an object is inferred through successive probes with a laser range-finding system. The bottom-up system that was used to build the representations consists of several stages of computation. These include: data acquisition, surface reconstruction, segmentation into convex parts, and fitting the models to the individual data patches (here, superellipsoids were used). The inherent noise uncertainties associated with each stage of the bottom-up system renders recognition based on the resulting parameters difficult, and often unpredictable. Empirical evidence indicates that applying the sequential recognition strategy to this problem leads to the quick resolution of ambiguous results through the accumulation of evidence over different viewpoints.

Recognition in cases where an object-centered model representing the data is not readily available is discussed in Chapter 4. In addition, theses cases are more general, the scene more complex, the data noisier and the conditions less controlled. This leads to application of the theory to an appearance-based recognition strategy that builds on the works of Nayar et al. [71] and Turk et al. [95]. Appearance-based recognition has gained tremendous popularity in the Computer Vision community over the past few years due to its fast indexing time and its ability to deal with complex scenes where model-building becomes infeasible. Most of the existing strategies [16, 19, 53, 56, 11, 71, 75, 87, 95, 66] focus on applications (e.g. face recognition), where using only the raw grey-scale images as input

1.4 THESIS OUTLINE

to an appearance strategy has worked quite well. The major drawback is that tight control over lighting and background has to be enforced in order to ensure similar appearance.

In order to overcome these drawbacks, inputs for an appearance-based recognition strategy are taken to be the optical flow images induced on the retina by the relative motion between camera and object. This approach offers some advantages, as the optical flow field is relatively invariant to scene illumination (provided it stays constant during the acquisition). In addition, it provides some figure/ground separation in the case of a moving object and a stationary observer.

Recognition based on flow images presents its own series of problems. It is well-known that optical flow images are composed of a mixture of information regarding object shape, object texture, camera geometry, and relative motion. By imposing constraints on the camera geometry (orthographic projection), and on the possible relative motions, it will be shown empirically that it is indeed possible to extract a signature that is largely correlated with object shape from the instantaneous optical flow for the expected range of motions. The resulting noisy and relatively low resolution images are perfect candidates for testing the sequential recognition system, in that a single such image is rarely sufficient to make assertions about object identity. The hypothesis is that a sequential strategy should resolve ambiguous interpretations over time, should a maximum a priori (MAP) solution prevail. The system shows empirical robustness in its ability to recognize based on previously unseen motion patterns.

Both recognition problems were tested in two sets of real recognition experiments (Chapter 6). Two different control systems were built and the strategy was tested in a series of experiments. The results in both scenarios indicate the system’s ability to converge to the correct object hypothesis in a short number of iterations. The strategy was proven to be general, working well in both widely different systems. This generality will permit easy adaptability to other recognition contexts.

The concept of sequential recognition was then extended by the introduction of an active recognition strategy that chooses an optimal trajectory in order to recognize an unknown object. Chapter 5 considers the case where a mobile agent is moving through a scene with the task of identifying the objects within it. Limits are placed in the number of steps it can take. The specific application involves a monochrome television camera mounted on the end effector of a gantry robot. The gantry is free to move about the workspace where different test objects are placed (i.e. stationary environment). As the camera moves relative

1.4 THESIS OUTLINE

to an object, an optical flow pattern, induced on the image plane, results in a discrete image sequence. The task that the system must perform is to generate an optimal trajectory (i.e. the shortest sequence) that will result in the correct object identity.

The first step in addressing this problem is to build a model of how measurement parameters influence the confidence for the resulting assertions. In Section 1, the concept of Shannon entropy is used to define a measure of ambiguity for the resulting a posteriori probability distributions called an entropy map. Here the entropy map is used to relate ambiguity to camera (viewing) position and serves as the basis for an active vision system. By choosing viewpoints that minimize ambiguity, the system seeks out locations that are maximally informative. Hence fewer observations are required to arrive at a confident assertion. Other strategies use entropy on-line in order to maximize information gain during navigation [22, 23]. The key difference in this work is that the a priori information available is maximized, by building the entropy maps off-line and using them to guide the on-line navigation. The hypothesis, which is supported by the experiments presented in Chapter 6, is that the correct assertion will become apparent over time. It is shown that gaze planning using the entropy map further increases overall robustness (i.e. the probability of making correct assertions) by avoiding viewpoints that are inherently ambiguous.

CHAPTER 2

Sequential Bayesian Object Recognition

The problem of object recognition consists mainly of inferring from measurements of an unknown object, that model (or models) which most closely represents it in a database of known objects. Hadamard [44, 45]) defines a problem to be well-posed if a solution: (a) exists, and (b) is unique, and (c) varies continuously with the data. Like many inverse problems, the recognition problem is ill-posed primarily due to the fact that that several models can give rise to identical measurements. As a result it is not possible to identify the unknown object uniquely, and several solutions may be equally viable. Imposing a closedworld assumption (i.e. only the database objects can exist) overcomes the first condition. However, requiring a single object identity to be chosen often leads to instability in the solution, and a violation of the condition of continuity. In addition, the solution process can be ill-conditioned (i.e. not robust against noise), and experimental uncertainty gives rise to highly uncertain measurements. There are various ways of conditioning ill-posed problems, but these all require strong, and often implicit, a priori assumptions about the nature of the world. As a result a method may work well only in specific cases and, because of the hidden implicit nature of the conditioning assumptions, is not portable to other contexts.

For these reasons, a solution to the recognition problem is sought that satisfies the following requirements: (i) The solution should be robust. (ii) The solution should be general enough so that its application to a wide variety of problems becomes possible. (iii) The approach should place emphasis on the evidence from the data, rather than on strong a priori constraints. (iv) Rather than generate a unique object label from a single data set (which might be impossible with competing hypotheses), qualification of recognition

CHAPTER 2. SEQUENTIAL BAYESIAN OBJECT RECOGNITION

assertions is required. This will permit higher level processes to assess the result and decide what action to take next (This might include deciding whether a particular viewpoint is informative or not in terms of recognition, or deciding where to move the sensor next to gather more data). (v) The strategy needs to be efficient and work at minimal computational expense.

This thesis addresses these requirements through the introduction of a sequential recognition strategy that seeks to improve recognition results by accumulating evidence in the various hypotheses over a sequence of viewpoints. Rather than having to make a decision based on limited information from one data set alone, ambiguous results can be resolved over time, a concept we refer to as temporal regularization. In this fashion, convergence to a correct winner can be achieved in relatively few steps and a more robust solution can be attained.

For a sequential recognition process to work, the strategy should be able generate a measure of confidence in various hypotheses at each iteration. This can indeed be accomplished through application of the inverse theory first presented by Tarantola [93] in the field of geophysics. This theory provides a solution to the general inverse problem, and earlier work [7, 1, 3, 8] has shown that it can be easily applied to the problem of parametric shape recognition. The beauty of the theory lies in the fact that all the sources of knowledge used to obtain inverse solutions are made explicit, so if conditioning is required, the necessary assumptions about that knowledge are apparent and can be examined to see if they are realistic. The result is expressed in the form of a posterior conditional probability density function, which, in the context of object recognition, assigns confidence in each of the objects in the database. This complies with the standard definition of statistical inference, which refers to the assignment of probabilities to hypotheses, given a defined hypothesis space and a particular data set [67]. By rendering the solution explicit, the results are available to higher level processes for assessment. Decisions about the usefulness of the solution can only be made in the domain of the task at hand. Because of experimental uncertainties, there is always the possibility that an object will be identified incorrectly. Only the task can know if the likelihood of errors is acceptable.^1

This leads to the interesting issue of what to if the level of errors is not acceptable. Because the sources of knowledge are explicit they are not only visible to the operational

1Solutions to such problems fall under the category of decision theory, which refers to choosing between alternative actions on the basis of the probabilities in order to minimize the expectation of a loss function.

CHAPTER 2. SEQUENTIAL BAYESIAN OBJECT RECOGNITION

tasks, but are also potentially open to manipulation by them. In principal it should be possible for the task to condition or actively acquire the a priori knowledge required to make the solution acceptable. Whaite et al. [100, 101] demonstrated that autonomous exploration functions well by providing feedback at the model building level. The intention of this chapter is to show that, with the aid of this theory, one can incorporate feedback from the recognition task. Chapter 5 will illustrate that the optimal sensor position for recognition can be incorporated into the feedback process as well.

The question then arises: At what level of representation should the evidence in the various models be accumulated? One approach would be to merge data on the level of features (e.g. surface geometry) as the agent moves through a scene. At each iteration, the degree of confidence in each hypothesis could be recomputed based on the total data gathered thus far. Unfortunately this would be computationally prohibitive, largely due to the expense of data fusion [88]. A more efficient strategy would be to perform lowlevel processing on each data set separately and avoid the fusion problem at the data level altogether by seeking instead to combine information at the highest level of inference, at the level of belief in the various hypotheses. In accordance with Marr’s “Principal of Least Commitment” [69], all decision-making is deferred to the highest level of processing. An active agent could then gather evidence until the composite belief associated with a particular hypothesis exceeds a prescribed figure of merit. This chapter will illustrate how such evidence can be accumulated efficiently through a Bayesian chaining strategy, whereby the entire posterior distribution from one viewpoint is fed back as a prior for the next view.

Section 1 of this chapter will describe the Bayesian recognition strategy which is based on the inverse theory, and illustrate its pertinence to the problem of parametric object recognition. For clarity, the inverse theory will be described using standard probabilistic notation, rather than the more unfamiliar notation introduced by Tarantola. In order to illustrate that the final inverse solution degenerates to the same result as those obtained through standard Bayesian techniques, the analogous Bayesian solution will be derived. The result naturally leads to a strategy, described in Section 2, for sequentially recognizing objects through Bayesian chaining of the posterior beliefs of one stage as priors for the next stage. Later chapters will illustrate how the framework can be applied to two different real-world recognition problems.

2.1 BAYESIAN RECOGNITION

1. Bayesian Recognition

The classic definition of the recognition result is the assignment of a single label to an unknown object in a scene [9, 25]. The majority of the approaches taken in obtaining this solution are deterministic in nature, but the benefits of statistical approaches to inference over deterministic ones are many-fold. First, all sources of uncertainty entering the formulation are explicitly represented within the probability density functions. This is advantageous as many approaches ignore the effects of uncertainty in their solution. Second, a mathematically sound recipe for combining the information exists, therefore removing the need for artificially imposed heuristics that are not based on mathematical foundations. Subjective prior information that is available can still be factored into the formulation, with emphasis on the information from the data sets as they are collected. Finally, statistical strategies permit qualification of the recognition result, permitting assessment of the results by the higher level processes which rely on them to make decisions. It is precisely this qualification that permits the extension to a sequential recognition strategy.

In this work, the recognition problem is re-defined as follows: Given a set of measurements of an unknown object, compute the degree of likelihood of it matching each of the objects in a stored database. In order to outline the solution to this problem, some notation must be introduced. The set of K possible object hypotheses is defined as {O_i}|_{i=1..K} . A Bayesian recognition strategy is introduced whereby the posterior beliefs over the entire set of K object hypotheses, given a set of measurements d in a scene, is represented by a posterior discrete (conditional) probability density function p(O_i|d)|_{i=1..K} . A framework for obtaining this result applying Tarantola’s general inverse theory to the problem of shape recognition was first introduced in [7, 1, 3, 8]. The advantage of applying the theory to the recognition problem is that it defines a formal recipe for explicitly enumerating all the information available in solving this inverse problem, defining each as a probability density function, and introducing a recipe for combining them in order to obtain the inverse solution.

In this section, it will be shown how this formalism can be used to build a general framework for the inverse problem of inferring object labels based on measurements. For clarity and simplicity, the theory is presented using standard probability notation, rather than the notation introduced by Tarantola. In many cases, the final result reduces to a

2.1 BAYESIAN RECOGNITION

standard Bayesian formulation. In order to illustrate this point, the analogous Bayesian result will be derived.

1.1. Tarantola’s Inverse Theory. Tarantola’s inverse theory begins with the description of a general physical system that can be conveniently visualized as a mapping between two different spaces: the model space M and the data space D. It is assumed that M and D are vector spaces with a finite number of real valued parameters. M is defined as an abstract space of points, each representing a conceivable model of the system, and D will refer to the space of all possibly “observable” instrumental responses. A model in M is represented by m = (m_1, m_2, . . . , m_m), and a measurement in D by d = (d_1, d_2, . . . , d_n).

The view taken by the theory is that knowledge of a physical parameter (model or measurement) is subjective in that it varies from observer to observer depending upon the data gathered and on the observer’s prior model. This subjective knowledge can be quantified by a probability, which Tarantola defines as a state of information, assigning a positive number that reflects our belief that the true value of the parameter lies within some given range. For a vector space the rule is represented by a probability density function.

Thus, the first postulate of the inverse theory is that knowledge about a set of parameters is described by a probability density function over the parameter space. This involves devising appropriate density functions in order to represent what we know about the world. However, probability theory does not specify the way in which to choose the rule that assigns probabilities. In general, the form of these distributions depends on the the interpretation one wishes to place on mathematical probability in the context of a physical system. Deciding whether the chosen form is appropriate requires experimentally confirming predictions.

The general inverse problem illustrates how to compute a probabilistic representation of the posterior information on model parameters. In attaining this solution, the theory makes explicit each of the relevant sources of knowledge about the world, and states that each should be represented by a probability density function. Each of the sources of information specified by the theory will be described next, with intentional omission of its notation for clarity.

1. Information Obtained from Physical Theories. A physical theory is the solution to the forward problem. It describes how to predict the values of the observed

2.1 BAYESIAN RECOGNITION

data given a model. This includes information on the physical correlation between observable parameters and model parameters.

2. A Priori Information on Models. It is often the case that other specific information is available about the models that can be useful. This can include knowledge that only a finite number of models can exist. Such information can provide a powerful constraint on the solution set, eliminating the need to examine all possible solutions. The problem is that this kind of knowledge often appears in the form of ad-hoc selection criteria applied at a late stage of processing, or as conditioning constraints embedded in the formulation of the model. This type of knowledge is referred to as a priori information on models.

3. Information From Measurements. Much of the knowledge about a problem comes in the form of experimental measurements of observed parameters. All instruments are subject to varying degrees of uncertainty so knowledge of the observable parameters is imperfect. The theory requires the explicit specification of the information from measurements, and its associated uncertainties.

Each of these sources of information can be represented by probability density functions, whose form will vary depending on the context of the problem to be solved. Tarantola then describes a simple framework for combining each of these sources of information by defining a logical operation of conjunction of states of information [93, pages 29–31]. The definition involves combining the joint prior information with the joint theoretical information, to get the a posteriori state of information on models. The flowchart of the inverse theory can be found in Figure 2.1.

In the next section, the inverse theory will be described within the context of object recognition.

1.2. The Inverse Theoretic Approach to Recognition. With this framework in place, the general inverse theory is applicable to any inverse problem where the physical system can be characterized by a set of parametric descriptors. As such, the theory is applicable to the problem of parametric shape recognition where raw data extracted from a scene is represented by a set of features in parametric vector form. In the remainder of this section, an inverse theoretic framework is built for the problem of parametric shape recognition. However, it is important to note that this framework is generalizable to a wide variety of such inverse problems.

2.1 BAYESIAN RECOGNITION

Figure 2.1. Flowchart of inverse theory.

The solution to the general inverse problem is a probability density function describing the beliefs in a set of parametric models. For the problem of object recognition, what is desired is a probability density function describing the belief in a set of object labels. The general inverse theory can easily be used to attain this goal. This is accomplished through an additional level of inference, involving a mapping between the model space M and the space of all possible model labels, denoted O. This space can be visualized as a separate space, where each point is assigned a particular label i (i.e. the object corresponding to this label is O_i), or as simply a subspace of the set of all possible models parameters M, i.e. object labels can be linked to a particular set of model parameters. For the particular case of object recognition, the space O is discrete, with each point in O denoting a particular object in the database.

The general inference chain for this type of inverse problem can be represented by:

d → m → O_i (2.1)

2.1 BAYESIAN RECOGNITION

This implies a level of inference from raw data, d, to model parameters, m, and one from parameters, m, to labels, O_i.

Each source of knowledge enumerated by the inverse theory can then be described within this context:

1. Information Obtained from Physical Theories. Within this context, the forward problem consists of predicting the values of the observed parameters, m, given a particular model label, O_i. In the case of parametric shape recognition, a measurement of an object produces a vector description of object features. The theory is rarely exact due to modelization uncertainties. This information is represented by a conditional probability density function, p(m|O_i), describing how the observed parameters m vary given a particular object, O_i. This information is usually obtained during a training or learning phase of the recognition process. The general form of this function over the entire space of objects is p(m|O). 2. A Priori Information on Models. Here, information from unspecified sources about the kinds of models which exist in the world is explicitly represented by the probability density function p(O). The theory does not specify the form of the function. For the particular case of object recognition, this implies a priori belief in each of the objects in the database, p(O_i), i.e. a discrete distribution.

3. Information From Measurements. In the first stage of inference, data extracted from the scene lead to a set of parametric descriptors. In fact, estimating the parameters of the underlying model that generated the data set is an inverse problem in and of itself. Solution to such a problem using an inverse theory framework was addressed in [101]. The result of such a measurement is represented by the probability density function p(m|d).

With this framework in place, the next section will illustrate how the inverse theory can be directly invoked to obtain the desired probabilistic solution to the inverse problem.

1.3. The Inverse Theory Solution to Recognition. In order to obtain the desired solution, each of the sources of information are combined using the definition of the conjunction of states of information. This involves combining the joint prior information, p(d, m), with the joint theoretical information, p(m, O) to get the a posteriori state of information, p(O, m|d). Previous work [1, 8] has shown how to derive this result using the inverse theory notation. Using the standard probabilistic notation defined above, the

2.1 BAYESIAN RECOGNITION

conjunction of states of information yields: p(O, m|d) = p(m, O) p(d, m) p(d) p(m)

. (2.2)

The a posteriori marginal information about the objects can be obtained by marginalizing out the parametric information: p(O|d) = ∫ M p(O, m|d) dm. (2.3)

Substituting the terms in (2.2) gives: p(O|d) = ∫ M p(m, O) p(d, m) p(d) p(m) dm. (2.4)

Standard probability techniques indicate that: p(m, O) = p(m|O) p(O), p(d, m) = p(m|d) p(d). (2.5)

This leads to: p(O|d) = ∫ M p(m|O) p(O) p(m|d) p(d) p(d) p(m) dm, = ∫ M p(m|O) p(O) p(m|d) p(m) dm. (2.6)

The final recognition result using this framework becomes: p(O|d) = p(O) ∫ M p(m|O) p(m|d) p(m) dm. (2.7)

This is the inverse solution to the general inverse problem as it applies to the problem of object recognition.

In the context of object recognition, the existence of the solution to the inverse problem simply means that p(O|d) is not identically null. If it were then this would indicate incompatibility between the theory, the experimental results, and a priori assumptions.

An important result of the applying this framework to the recognition problem is that the final solution, p(O|d), is unique, in that there is only one uniquely defined solution. In this sense, the ill-posedness of the problem is alleviated. However, this is not the standard consideration for the term ill-posed. It is actually the shape of the distribution that determines the ill-posedness of the recognition result in the classic sense. For instance, many

2.1 BAYESIAN RECOGNITION

peaks in the distribution may lead to the conclusion that the identification is non-unique. As such, the usual notion of ill-posedness is left as an operational issue, dependent on the task at hand.

The flowchart of the inverse theory applied to recognition can be found in Figure 2.2.

Figure 2.2. Flowchart of inverse theory applied to recognition.

1.4. The Bayesian Recognition Solution. The inverse theory provides a general framework for solving inverse problems. Under the conditions described in this chapter, the final inverse solution degenerates to the Bayesian solution [93, page 61]. Although the framework is a comprehensive strategy for solving inverse problems, at times it may be more convenient to describe it in strict Bayesian terms. In this section, the analogous Bayesian solution will be described, in order to illustrate that the result could have been alternatively derived using standard Bayesian techniques.

The goal of the system is to compute a degree of confidence in a set of object labels in a predetermined database, given a set of measurements. The a posteriori information

2.1 BAYESIAN RECOGNITION

about the object labels is given by the marginal probability density function: p(O|d) = ∫ M p(O, m|d) dm. (2.8) The equation for the marginal a posteriori density function becomes p(O|d) = ∫ M p(O|m, d) p(m|d) dm. (2.9) Simplifications can be attained based on the following postulate:

Postulate 1 (sufficient statistic). m is a sufficient statistic for O, therefore: p(O|m, d) = p(O|m). (2.10) Thus p(O|d) reduces to: p(O|d) = ∫ M p(O|m) p(m|d) dm, (2.11) which, by invoking Bayes’ rule: p(O|m) = p(m|O) p(O) p(m)

. (2.12) becomes: p(O|d) = ∫ M p(m|O) p(O) p(m|d) p(m) dm, = p(O) ∫ M p(m|O) p(m|d) p(m) dm. (2.13) Notice that the solution using Bayesian techniques led to the same final solution as in the case of the inverse solution (Equation (2.7)).

Should the posterior information from measurements, p(m|d), not be available, then the solution can be equivalently expressed in terms of the physical theory for measurements, p(d|m), as: p(O|d) = p(O) p(d) ∫ M p(m|O) p(d|m) dm, (2.14) where p(d) is a constant of proportionality such that: p(O|d) ∝ p(O) ∫ M p(m|O) p(d|m) dm. (2.15)

2.1 BAYESIAN RECOGNITION

Equation (2.15) is the Bayesian solution to the general parametric recognition problem. In fact, its form is general and can be applied to inverse problems where the posterior belief in (parametric) model hypotheses is desired.

In general terms, the evidence for the hypotheses is determined by the p(d|O) term. In this formulation, the evidence refers to: p(d|O) = ∫ M p(m|O) p(d|m) dm. (2.16)

The evidence, p(d|O), is the Bayesian’s transportable quantity for comparing alternate models [67]. As data are gathered, the subjective part of inference, the original prior p(O), will typically be overwhelmed by the objective term, the evidence. This further illustrates that the strategy emphasizes the evidence from the data in determining the posterior results, rather than depending on strong subjective priors. Later chapters will show how the form of the evidence will change based on the context of the problem to be solved.

Although the final Bayesian solution was equivalent to that obtained using the inverse theory, following the formulation of the inverse theory offers an advantage in that it provides an easy recipe for solving inverse problems. In general, the problem with obtaining the solution using the standard Bayesian approach is that the formalism begins with a general statement and requires the expansion of this solution into its components using standard probability rules. As there are many ways to expand the equation, this requires foresight into what terms will be of interest in the final solution. The beauty of using a formalism such as one developed in this thesis is that all the components of the solution are explicitly specified first, and a recipe for their combination provides an easy solution for a wide set of inverse problems. As a result, the strategy can easily be followed by other vision researchers with similar inverse problems.

The result of applying the theory to the context of parametric object recognition is that rather than a solution in the form of a single object identity (as is popular, see [9, 25]), the system produces a probability density function describing the likelihood of the various objects in the database having generated the measurements. Later chapters will show how solving the inverse problem in different contexts becomes a simple matter of defining the form of each of the probability density functions, and representing them in this final solution.

1.5. Other Work Related to Statistical Recognition. Other statistical strategies for object recognition exist in the literature. Work by Subrahmonia, Keren, and

2.2 ACCUMULATION OF EVIDENCE

Cooper [54, 91] involved the application of Bayesian techniques to the problem of recognition of objects modeled by fourth order polynomials. The key difference in their work is in the methods used to attain the solution. The inverse solution forces all information to be made explicit, and provides a general recipe for its combination in a formal and structured fashion. In addition, they were interested in generating a single object identity. Here, a fundamental goal is the propagation of evidence over time, requiring a qualification of the recognition results at each stage of processing.

Other strategies use statistical methods to perform recognition through alignment [77, 97]. This implies attempting to find the transformation that takes the unknown image features into model coordinates. This is a different problem than the one considered here, as it is closer to a view registration problem, using probabilities to refine a search for features, rather than a general recognition problem.

Moghaddam et al. [11] present a Bayesian approach to a different type of problem: face recognition. Here, statistical methods are used to model the probability of two different classes of face variations: intra-personal (variation in appearance of the same person) and extra-personal (variation in appearance due to difference in identity).

Nair and Aggarwal [70] also use Bayesian strategies for a part-based recognition strategy. An aspect graph approach is taken, and the strategy is to train on the appearance of parts from various viewpoints. Parts are represented as EM mixture models, combined from data from different views. Prior beliefs in each part are computed through a saliency measure that computes how far part is from the rest in the database. Unfortunately, they do not specify the details of the workings of their approach.

Shimshoni and Ponce [86] use local geometric descriptors, such as angles and length ratios, in a probabilistic recognition strategy that links identification to pose estimation. The idea is to find peaks in the probability of correct match surface, where the probability of a match is increased if spatial coherence (i.e. pose) is verified.

Other strategies that use statistical methods in a sequential recognition domain will be described in the next section.

2. Accumulation of Evidence

The majority of the recognition strategies in the literature have a static approach to recognition, and therefore would be satisfied with basing an interpretation on a single data set. This would imply that the final recognition solution outlined in Equation (2.7) would

2.2 ACCUMULATION OF EVIDENCE

be satisfactory for most recognition problems. The key difficulty with such a solution is that even with strong a priori knowledge, there are still ambiguous cases where a “significant” belief in more than one model exists. Operationally, this is further complicated by the noise and quantization error inherent in most practical algorithms. This will be particularly evident later in Chapter 4 in the context of recognizing an object from its optical flow patterns. Because of the confounding of motion, structure, and imaging parameters it is unlikely that the identity of an object can be resolved from measurements taken from a single viewpoint. Even with direct surface measurements provided by a laser rangefinder (Chapter 3), ambiguities still exist as a result of occlusion, projective singularities, and errors in parameterization and modeling. Robustness should increase if decisions could be deferred until a sufficient confidence interval had been established. For these reasons, it becomes apparent that evidence from more than one viewpoint is needed. The question becomes: how do we accumulate evidence from different views, when the evidence is in the form of a conditional probability density function?

In previous stages of this work [3], a “winner” was not selected in ambiguous situations, but rather all beliefs above a threshold were labelled as indications of equally likely hypotheses. In order to communicate the validity of all hypotheses above a particular threshold, the beliefs were binarized at this threshold value. By normalizing our confidence values in this manner, combining them from different viewpoints became straightforward: Should the resulting distributions be bi-modal, and the maximum likelihood hypothesis prevail in a largely view-invariant manner, then after a sequence of trials, a robust interpretation could be made by tabulating the votes for each one (represented by the binarized beliefs) and picking the hypothesis with the highest score. In this fashion, a clear winner should emerge. In addition, the confidence in the incorrect models should become insignificant.

Although the voting strategy provides an interesting method for accumulating information from a sequence of views, its weakness lies in the fact that valuable information is lost by not quantifying the degree of confidence in each of the hypotheses. In addition, the results from each particular viewpoint were attained independently, discarding valuable knowledge gained prior to each experiment in the calculations. Finally, the previous strategy considered only the likelihoods (unnormalized beliefs) in their tabulation and used the binarization as their method of normalization. The method sought here works directly on the posterior probabilities themselves.

2.2 ACCUMULATION OF EVIDENCE

2.1. The Sequential Recognition Framework. Through the process of merging information over a sequence of images, evidence can be accumulated for each model hypothesis, O_i, until a prescribed confidence is attained. In order to attain an inexpensive solution to this problem, a rather strong assumption is made that each data set sampled at a time interval is statistically independent of all other data sets acquired thus far, i.e. knowledge about a data set in one iteration adds no specific information about the raw data acquired in the next iteration. In general, this assumption is considered to be valid and simplifies computations significantly. Let us denote data acquired at time intervals t and t + 1 as d_t and d_{t+1} respectively. The independence assumption can be expressed as follows:

Assumption 1. Data Independence.

p(d_{t+1}|d_t) = p(d_{t+1}) iff d_{t+1} is independent of d_t. (2.17)

This leads to the main result of the thesis: should the data sets attained at each interval be statistically independent of each other, then information can easily be merged at the level of probabilities by using a recursive Bayesian chaining strategy. This implies that the posterior distribution at time t, p(O|d_t), can be fed back to the system as the prior at time t + 1. This can be expressed by re-writing equation (2.13) as: p(O|d_{t+1}) ∝ p(O|d_t) ∫ M p(m|O) p(d|m)_{t+1} dm. (2.18)

This result can be informally derived as follows:

p(O|d_t, d_{t+1}) = p(O) p(d_t, d_{t+1}) ∫ M p(m|O) p(d_t, d_{t+1}|m) dm. (2.19)

Given Assumption 1,

p(O|d_t, d_{t+1}) = p(d_t, d_{t+1}|O) p(O)

p(d_t, d_{t+1})

, (2.20) = p(d_t|O) p(d_{t+1}|O) p(O) p(d_t) p(d_{t+1}) , = p(d_{t+1}|O) p(d_{t+1}) p(O|d_t). (2.21)

2.2 ACCUMULATION OF EVIDENCE

By definition, we know that: p(d_{t+1}|O) p(d_{t+1}) = p(O|d_{t+1}) p(O) . (2.22)

Substituting into (2.20), gives:

p(O|d_t, d_{t+1}) = p(O|d_t) p(O) p(O|d_{t+1}). (2.23)

By Equation (2.15), we know that: p(O|d_{t+1}) ∝ p(O) ∫ M p(m|O) p(d_{t+1}|m) dm. (2.24)

This gives us the result we want as:

p(O|d_t, d_{t+1}) ∝ p(O|d_t) p(O) p(O) ∫ M p(m|O) p(d_{t+1}|m) dm, (2.25) ∝ p(O|d_t) ∫ M p(m|O) p(d_{t+1}|m) dm. Equation 2.18 indicates that the sequential recognition strategy is, in fact, a Markov process in the classical sense [26], in that computations at each interval depend only on the results from the previous iteration. Formulating the problem as a Markov process stands in contrast to strategies that perform computations, at each iteration, based on the entire data collection gathered thus far. This leads to a more efficient and inexpensive approach. The notation is chosen such that the term p(O|d_{t+1}) actually refers to p(O|d_t, d_{t+1}). The term p(O|d_{t+1}) is used in order to emphasize that only the data from the current interval, d_{t+1}, is considered directly. The data from the previous intervals are considered implicitly through the information contained in the posterior density function p(O|d_t). The flowchart of the sequential recognition system can be found in Figure 2.3.

By propagating information in this manner, evidence in the true model should grow over a short number of views, while the belief in the others (as defined by their posterior probabilities) should decline. The strength of the approach is that occasionally ambiguous viewpoints (in terms of several likely hypotheses) are resolved by the strong prior evidence in the correct model collected over the previous views. Furthermore, it need not be the case that the correct model have significantly higher belief than the other models over all views. Should a consistent belief in the correct hypothesis prevail over the viewpoints, then evidence in that model grows, leading to a strong prior for subsequent viewpoints.

2.2 ACCUMULATION OF EVIDENCE

Figure 2.3. Flowchart of sequential recognition system.

Cascading information at this high a level permits the system to communicate to higher levels all that it has learned to date without a large computational expense. Furthermore, by quantifying the level of confidence in the various hypotheses at each stage, an active agent would then be able to gather evidence in this fashion until the composite belief associated with a particular hypothesis exceeds a prescribed figure of merit, or until a clear winner emerges.

2.2. Other Work Related to Sequential Recognition. Relatively little work in sequential recognition exists in the computer vision literature. Various strategies for accumulating evidence in various hypotheses will be discussed here. A discussion of the existing literature in active recognition, with particular emphasis on where to move the sensor to gather data for recognition, will be addressed in Chapter 5, where it will be more relevant.

Several strategies in combining evidence have opted for the Dempster-Shafer formalism [29] over standard Bayesian techniques. These include Hummel and Landy [47], Kittler

2.2 ACCUMULATION OF EVIDENCE

and Hancock [57], and Onishi et. al [65] to name a few. This technique assigns an upper and lower bound on the possibility of evidence and shows how to combine them. It is designed to eliminate problems encountered by standard probability-based systems. As such, the methodology used to merge evidence does not follow standard statistical rules (i.e. Cox’s axioms) and therefore the result is not a probability per say, but a belief in different possibilities. Consequently, the result has been criticized for inconsistencies in that changing the order of data events substantially changes the resulting beliefs.

Black et al. [18, 17, 16] apply a sequential probabilistic model to the problem of identifying actions, i.e. gesture and facial expression recognition. The structure of their solution is different from the one presented in this work, as they apply the CONDENSA- TION algorithm first introduced in [51] to sample, predict and merge information from the posterior probability distribution over model parameters (whose shape is unknown) over time. Here, Bayesian chaining of the posterior probabilities can be directly applied, due to a well-defined posterior distribution.

Herbin [46] also presents an iterative strategy for recognition, whereby the posterior information on objects is propagated recursively as the prior for the next iteration. The formulation of the solution is different than the one presented here in several aspects. The formulation requires the computation of conditional state (in terms of observable parameters) transition probabilities: the probability of the next state of the system given the current state. This is attained by observing the frequencies of occurrence of the different states based on different camera trajectories. In addition, at each iteration, the system rejects data based on computation of confidence intervals for the estimation. This causes the rejection of data from viewpoints that do not clearly favor one object over the others. This may lead to biased results as viewpoints that lead to several winners still contain valuable information for the recognition engine, information that could alter the final result.

Several other approaches use a model similar in flavor to that presented in previous iterations of this work [3], whereby the frequency of occurrence of local descriptors is used to determine the most probable overall model over time [78, 84]. This strategy is quite robust, however it has the disadvantage of ignoring the likelihood of the different possibilities at each iteration. This important information can alter the results substantially (see Section 2 for a discussion.).

In the robotics literature, various solutions exist for merging the acquired data as a mobile robot explores its environment. In [33, 80], the authors apply Bayesian updating

2.3 IDENTIFYING INFORMATIVE VIEWS

methods in order to fuse information from different sensors. The authors apply the technique to the problem of tracking.

3. Identifying Informative Views

The byproduct of a probabilistic solution to recognition is that an external agent can asses the quality of the results from a particular viewpoint, and determine whether or not the viewpoint is informative. The notion of informativeness is subjective, and often depends on the goal of the task at hand. For the purposes of object identification, it usually refers to the degree to which the data supports discrimination of an object from the others in a database.

There are various reasons for wanting to be able to asses the quality of the information from a particular view. For one thing, it can act as a useful stopping criterion for an active agent gathering data and accumulating evidence in the various object hypotheses. Should the results from a particular view indicate a significant belief of one model over the rest, the agent may choose to cease gathering data (decisions regarding the degree of significance sufficient for recognition is left as an operational issue). In some situations, it might be useful to reject data from a particular viewpoint should it not lead to a clear winner. This subjective choice of rejection criteria is dangerous as omitting data sets in the recognition process could lead to biased results. Finally, it would be useful to store the degree to which each camera viewpoint is informative for recognition. Chapter 5 will illustrate an active recognition strategy that stores this information during a learning phase, and then uses it on-line during recognition in order to guide a sensor towards viewpoints that are considered maximally informative.

There are many strategies for computing the degree of informativeness of data from a particular view. One strategy would be to label a view as informative if there is a significant belief in one object over the others, as defined by a predetermined confidence threshold [46]. Of course this strategy is sensitive to the particular choice of threshold. Another measure of recognition ambiguity given a particular data set would be to compute the entropy of the posterior distribution. In fact, this is a natural extension of the derived recognition result, leading to a notion of informativeness described in terms of Shannon’s entropy [26]: H(P (O|d)) = ∑ i p(O_i|d) log 1 p(O_i|d) , (2.26)

2.4 SUMMARY

A high entropy result implies high ambiguity associated with the data set, and therefore a rather uninformative recognition result. This is precisely the measure taken in Chapter 5.

4. Summary

In this chapter, a general framework for object recognition was presented. The approach is based on a sequential estimation process that accumulates evidence in the various hypotheses over time in an efficient manner, by propagating information on the highest level of inference, the level of the probabilities. The approach uses a Bayesian recognition strategy at each iteration that generates a degree of confidence in the various hypotheses in the form of a conditional probability density function. The strategy is based on an inverse theory that provides a recipe for enumerating the components of the problem, and for combining them in an easy manner. The final result is shown to be useful for determining the degree to which a viewpoint is informative with respect to object identification.

In the next chapters, the generality of the approach will be illustrated through its application to two different real-world recognition problems: Chapter 3 illustrates the problem of recognizing the articulated parts of 3-D models as computed from laser rangefinder data. Chapter 4 focuses on identifying objects moving in complex environments from their optical flow images. Both of these involve various stages of processing, each of which is noisy and uncertain, in order to obtain the required set of parametric descriptors of shape. The versatility of the approach will be showcased by showing that application of the theory to these very different cases is simply a matter of choosing the appropriate probability density functions to describe the relevant information.

CHAPTER 3

Recognition of 3D Models

The first recognition application addressed in this thesis involves identifying objects consisting of multiple parts, where a part is defined as a shape primitive. The focus is recognition of objects whose shapes are complex, where the main difficulty lies in finding adequate model representations. Adding to the challenge is the added possibility of self-occlusion. Two alternatives for representing complex objects have been explored in the literature: The first approach involves finding a single complex model to represent the entire object (for example, see [54, 91]). This implies fitting a complex model to an intricate data set, generated from a complicated object shape. Choosing a single model that is appropriate for the task at hand, without compromising the generality of the system, is one of the fundamental tradeoffs in vision. Furthermore, many complex models are not object-centered, thus limiting recognition to viewer-centered matching schemes. Finally, these approaches are very sensitive to partial object occlusion.

The second approach is recognition-by-parts [70, 74], where an object is represented as a collection of parts, and recognized based on identification of its constituent parts. This approach alleviates the problem of trying to find a single model for complex shapes, and degenerates to the easier problem of recognition of simple individual parts. Furthermore, this approach is not as sensitive to partial object occlusion, in that recognition based on a subset of the total set of parts is generally feasible. Finally, object-centered representations for the individual parts is still possible, rendering the solution robust with respect to changes in viewpoint. For these reasons, a part-based approach to recognition is adopted in this chapter.

3.1 BOTTOM-UP SYSTEM

The generality of the theory described in Chapter 2 will be illustrated through its application to the recognition of 3D parametric models of object parts. Part models are generated through a real bottom-up vision system developed by several researchers at the Artificial Perception Lab at McGill University. This system, described in Section 1, gathers laser rangefinder data, reconstructs and segments the data into patches, fits 3D parametric models to each of the patches and autonomously decides where to move the sensor next to gather more data. Each stage of this inference chain requires solution to an ill-posed vision problem. This leads to a difficult recognition problem where making assertions from a single viewpoint can lead to ambiguous results. Section 2 will illustrate how the Bayesian formalism introduced in the previous chapter can be used to enumerate all sources of information available and compute the degree of confidence in the various part hypotheses. Section 3 will illustrate how the recognition ambiguities can be successfully resolved by accumulating evidence in the different parts over time.

The versatility of the recognition strategy is further exemplified through its application to other related problems. Section 4 describes extension of the result to the problem of object detection. The goal of this problem is to detect a particular object among a set of objects in a cluttered scene. In a recognition-by-parts strategy, this involves locating the object through identification of its parts. A solution to this problem is shown to be quite simple using the described formulation. In fact, a Bayesian formulation improves upon the standard result by qualifying the degree to which the system is confident in the object’s parts being among the measured parts in the scene. This is further extended to computing the belief in the object itself being in the scene.

1. Bottom-up System

The application of interest pertains to three-dimensional object recognition, where objects are represented by parametric shape descriptors (i.e. models) such as superellipsoids [12, 13, 39, 79], deformable solids [27, 76], and algebraic surfaces [91]. Although the strategy is general, the current context is one in which models are constructed through a process of autonomous exploration [98, 103, 102] in which a part-oriented, articulated description of an object is inferred through successive probes with a laser range-finding system. In this section, each stage of the bottom-up system will be briefly described.

From any particular sensor viewpoint, surfaces are reconstructed based on the raw data measurements acquired. Inferring the underlying surfaces often requires smoothing

3.1 BOTTOM-UP SYSTEM

the raw data, while maintaining surface structure. This is a difficult problem, one that requires a solution that is robust at many scales. From here, the surfaces are segmented into their constituent parts. The notion of what constitutes a part is not well-defined, and has been largely subjective. In this context, the strategy of Lejeune and Ferrie [38, 62] for reconstruction and segmenting the surfaces is adopted. Their notion of object parts consists of convex data patches separated by concave discontinuities. They apply non-linear diffusion to the range data, and generate a hybrid representation at the boundaries: both edge-based and region-based. These two complementary systems are integrated through a relaxation process. The process is generally stable even with the presence of large amounts of noise. However, due to issues of scale and to the fact that the convex patch constraint is somewhat restrictive, errors in segmentation are inevitable. The result is a set of convex parts of an articulated object.

Each convex data patch is then fit to individual parametric models. This leads to compression of the data to a few parameters per patch. Although any parametric primitive would be acceptable, non-deformable superellipsoid models were chosen because of the range of shapes they can represent, as well as their computational simplicity[39]. In addition, their parameters are object-centered, therefore robust to changes in viewing position. Associated with each primitive is a covariance matrix C which embeds the uncertainty of its representation. This covariance matrix can be used to plan subsequent gaze positions where additional data can be acquired to reduce this uncertainty further [98, 103]. Data registration is performed according to the strategy in [88] prior to the next fitting procedure. The system iterates until the resulting model meets some operationally-defined stopping criterion. A system which automatically builds object models based on this principle is reported in [62, 102]. In this chapter, the parameters and covariances of the models are used as features for recognition.

Figure 3.1 illustrates the entire bottom-up system that generates the parametric models used for recognition, as well as the exploration strategy used to gather more data. Each processing stage in the system presents its own challenge, and the effects of compounded noise and uncertainty will be illustrated in Chapter 6.

The benefit of having a stable model building system such as this one is that recognition based on the resulting parameters becomes feasible. In fact, very few, if any such systems exist in the field. Due to a shortage of reliable 3D model-building systems that generate repeatable parameters, very little work is reported on recognition based on the intrinsic

3.1 BOTTOM-UP SYSTEM

In this flowchart, one can see the entire bottom-up system used to generate part models: (i) The system starts by acquiring laser rangefinder data (seen as dashed red lines). (ii) Surfaces are reconstructed and segmented into part patches (each part is displayed as a different colored patch). (iii) Each patch is then fit to a superellipsoid model. These are shown with the data superimposed on them. (iv) The uncertainties in the parameters are shown superimposed onto the models, and colored such that areas that are highly uncertain are seen in “hot” colors (reds, yellows), and areas that are certain are seen in “cold” colors (blues, greens). (v) The next view is chosen based on the uncertainties of the models.

Figure 3.1. Bottom-up system for acquiring 3D model parameters.

parameters of 3D models. The majority of the recognition systems in the literature focus

on identification either based on low level or intermediate level features, or even on global

features (such as the number of edges or features) either derived from the raw image or from

higher level surface or model representatives. Low level features used for recognition might

3.2 3D PART RECOGNITION

include linear edge fragments, and circular arcs [41, 42, 43], line segments, corners, zeros of curvature, or other 2D perceptual structures [50, 61, 64, 94]. Intermediate schemes extract features from reconstructed surface patches. These might include surface area, or surface type (cylindrical, spherical or planar) [40], surface normals, centroids, direction of axes of surfaces, centers of sphere [55], edge adjacency types, i.e. convex, or concave [35, 36, 37], or the area and diameter of the surface patches [52].

Higher level 3D object recognition schemes often focus on building object models, and extracting externally chosen features from them (see [31]). They usually consist of geometrical (low or intermediate) features, or rather unstable global features. In general, extrinsic features are usually much more sensitive to noise, occlusion and viewpoint than the intrinsic ones, such as the parameters of object-centered models. Strategies that concern themselves solely with global descriptors, such as the number of object parts, are generally quite unstable. For this reason, the strategy is often used in conjunction with other types of features, only to help prune the search space.

In more recent literature, a popular strategy entails doing away with model representations altogether, and recognizing based on the appearance of the pixels of the raw greyscale [71, 95] or range images [24]. More will be said about appearance-based approaches in the next chapter.

It has been stated [25] that in order to be able to recognize a wide variety of rigid parts, independent of viewpoint, one needs to be able to extract view-invariant 3D features and match them with features of 3D models. Examples of such features used in recognition schemes are the intrinsic properties of parametric models such as algebraic surfaces [54], or superquadrics [7, 76]. Here, the intrinsic properties used are the parameters of the models themselves. The strategy described in this chapter is applicable to any such representation. The strategies used for matching based on these parameter sets will be discussed in the next section.

With the problem context defined, the question of how to match objects based on parametric descriptors is raised. The next section will show how applying the Bayesian recognition framework to this recognition context is relatively straight-forward.

2. 3D Part Recognition

The goal of the part recognition system is to compute the likelihood of the unknown part matching each of the K object parts in the database. In this context, the 3D part

3.2 3D PART RECOGNITION

models, represented by appropriate parametric shape descriptors, can now be used in a part identification system.

The bottom-up system described above is used to gather a sequence of data sets from an object’s surface. The entire process, from range measurement to model fitting, is referred to as a measurement of an object. In this chapter, sequential recognition is passive and the choice of which navigation strategy to apply, whether it is autonomous exploration or random navigation, is left as an operational issue.

The system works as follows. From a particular viewpoint, range data are gathered and segmented into constituent parts. Let the data space, D, be defined as ℜ^{nd} in this context, where n_d refers the number of measurements for each data set. Let the segmented range data set for an observed part be denoted by d ∈ ℜ^{nd} , and let S be a discrete random variable measuring the parts in the database which, in this case, takes on a finite set of values, {S_i}|_{i=1...K} . The goal of the recognition strategy is to compute a discrete (conditional) probability density function p(S_i|d)|_{i=1...K} , describing the likelihood of each of the K parts in the database, {S_i}|_{i=1...K} , given the range data set, d. Solving the recognition problem within this context involves representing each source of information defined by the inverse theory (as described in Section 1.2) by its appropriate probability density functions. Below, each of these are described in terms of the context of 3D parametric recognition.

2.1. Information from Training. The first goal is to build an appropriate distribution to represent what is known about the physical theory that predicts estimates of the observed parameters given an object in the scene. As no such formal theory exists, an estimate is built empirically during a process called training or learning. Here, Monte Carlo experiments are run on measures of a known part exactly as in traditional statistical pattern classification methods. In the current context, this implies gathering many measurements (in the defined sense) from different viewpoints about the object of interest. Let the model space, M, be denoted ℜ^{nm} , such that n_m < n_d. Through a fitting process, each measurement leads to a parametric part descriptor, m ∈ ℜ^{nm} . The parameters of the N measurements gathered about each part, {m_j }|_{j=1...N} , are used to build a sample mean, μ_i, and a sample covariance matrix, C_i, for each part class, S_i|_{i=1...K} . This is accomplished using traditional methods:

μ_i = 1 N N∑ j=1 m_j, (3.1)

3.2 3D PART RECOGNITION

C_i = 1 N − 1 N∑ j=1 (m_j − μ_i)(m_j − μ_i)^T . (3.2)

The most concise and informative way to represent the physical theory information is through a probability density function so that all sources of uncertainty become apparent, and encompassing this information with a Bayesian strategy becomes feasible. A representative distribution for each class is built by making the following assumption:

Assumption 2. Multivariate Normal Distribution. Each object in the database can be represented by a single multivariate normal distribution in the n_m-dimensional parameter space.

This is a common assumption within the Bayesian community, due to its ability to simplify calculations. Its validity is indirectly verified empirically through experimentation with the entire system in Chapter 6. Should the multivariate normal assumption prove invalid, however, the distribution’s shape can be modified without modifying the underlying theory. The conditional probability density function representing this information, p(m|S_i), is calculated for each part in the database. This is formally represented as:

p(m|S_i) = N(μ_i − m, C_i), 1 . . . K, (3.3)

where N(x, C) denotes the multivariate normal distribution with a covariance matrix, C, such that:

N(x, C) = 1 (2π)^{nm}2 |C|^{12} exp [ − x^′ C^{−1} x 2 ] . (3.4)

The process of fitting the appropriate data set to a multivariate normal distribution is then repeated for each part in the database.

2.2. Information from Measurements. Much of the knowledge we have about a problem comes in the form of experimental measurements. In the current context, a fitting procedure takes an observed range measurement, d, and produces an estimate of the observed model parameters m, and also an estimate of their uncertainty in the covariance operator C_d. The probability density function representing the measurement information, p(m|d), measures the error in the model fitting process. This information must take into account both the errors in the approximation process as well as in the sensor noise. A direct solution to this problem is difficult to obtain due to the complexity of the physical

3.2 3D PART RECOGNITION

process as well as a shortage of a statistically sufficient number of samples[102]. In fact, the problem is, in general, ill-posed.

In [102], the solution was shown to be locally approximated by a Gaussian distribution, whose mean, m̂, is the maximum likelihood estimate attained using an iterative least squares minimization on the range data gathered. In this case, Bayesian techniques were not employed. However, the result can be interpreted as a likelihood distribution, which leads to an estimate of the posterior distribution by assuming a uniform prior on model parameters, p(m). The result is a multivariate normal distribution representing this information, denoted N(m̂ − m, C_d). This information is represented by the conditional probability density function p(m|d), such that:

p(m|d) = N(m̂ − m, C_d). (3.5)

2.3. A Priori Information on Models. In the current context, there are a discrete number of part hypotheses, {S_i}|_{i=1...K} . The probability density function used to convey this knowledge is: p(S) = K∑ i=1 p(S_i) δ(S, S_i), (3.6)

where p(S_i) is the subjective a priori probability that the i^{th} part occurs, and

δ(A, B) = 1 for A=B, 0 otherwise.

2.4. Bayesian Solution to the 3D Part Recognition Problem. With each of these sources of information explicitly expressed with the appropriate probability density function for the current recognition context, computing the Bayesian solution for each conditional probability, p(S_i|d), becomes a straightforward application of Equation (2.13).

p(S_i|d) = p(S_i) ∫ M p(m|S_i) p(m|d) p(m) dm, i = 1 . . . K, (3.7) = p(S_i) C ∫ M p(m|S_i) p(m|d) dm, i = 1 . . . K, as p(m) is the prior distribution on model parameters, previously assumed to be uniformly distributed, and therefore constant, C, over all i.

3.2 3D PART RECOGNITION

Substituting the sources of information from Equations (3.3), (3.5), (3.6) into this solution gives: p(S_i|d) ∝ p(S_i) ∫ M N(μ_i − m, C_i) N(m̂ − m, C_d) dm, i = 1 . . . K, (3.8) ∝ p(S_i) N(m̂ − μ_i, C_{Di} ), i = 1 . . . K, (3.9)

where C_{Di} = C_d + C_i. This result is derived from the fact that the convolution of two normal distributions is a normal distribution, whose mean is the difference of the two means, and whose covariance is the sum of the two covariances. This result was proved in [1]. In this case, the convolution of the two normal distribution expressed in (3.3) and (3.5) result in the normal distribution, N(m̂−μ_i, C_{Di} ). The term p(S_i) N(m̂−μ_i, C_{Di} ) will be denoted the belief for each part hypothesis S_i.

The constant of proportionality, C, is computed by summing the beliefs in each part: C = K∑ j=1 p(S_j ) N(m̂ − μ_j, C_{Di} ). (3.10)

This leads to the following discrete conditional probability density function:

p(S_i|d) ∝ p(S_i) N(m̂ − μ_i, C_{Di} ), i = 1 . . . K, (3.11) Alternately, this can be expressed as: p(S|d) ∝ K∑ i=1 p(S_i) N(m̂ − μ_i, C_{Di} ) δ(S, S_i). Intuitively, this result consists of a series of delta functions, one for each part in the database. where each delta function is weighted by the belief in each part. The final distribution represents the “state of knowledge” of the parameters of each part.

The advantage of the method is that rather than establish a final decision as to the exact identity of the unidentified object, it communicates the degree of confidence in assigning the object to each of the model classes. It is then up to the interpreter to decide what may be inferred from the resulting distribution.

In computing the recognition result in this format, the strategy takes all the available sources of uncertainty into account. This leads to a more accurate assertion of the likelihoods of the various models. Not all matching strategies, however, take the uncertainties into

3.2 3D PART RECOGNITION

consideration. Pentland and Sclaroff [76] introduce a method for the recovery of physicallybased deformable superellipsoid models. Recognition is based on the modes of their finite element model. Using their scheme, proximity is measured by evaluating the normalized dot product between the mode values of the model of the unknown object and each of the database models in turn. The model with the highest dot product value is considered to be the one closest to the unknown, and is the model chosen. Taking the dot product alone (or alternately, taking the Euclidean distance), without consideration of the uncertainties involved, leads to a biased interpretation of proximity. In the case described in this chapter, the uncertainties described by the covariances warp the space such that distances are no longer linear. (Directions with high certainty have stricter distance requirements than those with low certainty.) A simple dot product would not take this warping into account.

A strategy that takes uncertainties into account can be found in [91]. Here, recognition based on complex parametric models, i.e. fourth order polynomials [54], measures similarity between the unknown and the models in the database by employing a Mahalanobis distance measure between the coefficient vectors. This distance measure includes the uncertainties in the measured model as well as in the stored models (see [91], Appendix, p.39). Recognition is achieved by choosing the model that results in the smallest Mahalanobis distance.^1 Other methods that include uncertainties in the features can be found in [49, 60].

Superellipsoids are powerful models, as they are able to represent a wide variety of shapes in relatively few, object-centered, parameters. In fact, the five parameters that I used for recognition have the advantage of being directly linked to physical object characteristics, such as object size and shape, permitting an intuitive understanding of the successes and failures of both the modeling and recognition modules. Yet, superellipsoid parameters have not been widely used for the purposes of recognition. This is due to the perceived difficulty in overcoming the non-uniqueness of parameters. However, in previous versions of this work [2], it was shown that there are a finite number of degeneracies in their representation, and that these can be dealt with relatively easily. For now, these models are primarily used in modeling (as in CAD design), and in recognition of simple objects [20]. In [79], the authors fit objects to superquadric models as well. However, the goal of their strategy is not to recognize the object, but rather to find an appropriate representation for it. The range of possibilities is limited to one of twelve predetermined categories of 3D shapes (geons).

1Differences between the strategy proposed in this thesis and their approach were discussed in the previous chapter.

3.4 EXTENSION TO MULTI-PART OBJECT DETECTION

Classification is based on low level features derived from the superquadric model, such as bent or straight axis, and straight or curved edges.

3. Accumulating Evidence Over Time

The recognition problem described above is difficult due to the noise and uncertainties associated with each stage in the bottom-up system. As a result, recognition from individual viewpoints can lead to ambiguous results in terms of similar levels of belief in more than one model. For this reason, a dynamic approach to recognition is taken whereby data are gathered from several viewpoints and evidence, in the form of the probability distributions, is accumulated using the strategy outlined in Section 2. Once again, the assumption of independent data sets is made here. Note that navigation through the scene does not alter the properties of the data set, such as their independence.

Following the outlined strategy leads to the representation of the posterior probabilities from the previous time interval t as the priors for the current interval. Application of this strategy to the recognition problem leads to following updating functions for p(S|d_{t+1}): p(S|d_{t+1}) ∝ K∑ i p(S_i|d_t) N(m̂_{t+1} − μ_i, C_{Di} ) δ(S, S_i). (3.12)

The idea is that ambiguities should be resolved as the data sets are gathered, leading to convergence to the correct hypothesis in a short number of iterations.

A flowchart illustrating the various stages in the sequential recognition process^2 in the context of 3D model recognition can be seen in Figure 3.2. It shows how data is represented by parametric models prior to being sent to the recognition engine. This information is combined with prior and database information (i.e. information from physical theories derived during training) to obtain the recognition solution, represented here by a discrete probability density function. This posterior density function is then fed in as a prior for the next iteration.

4. Extension to Multi-part Object Detection

With the part recognition strategy in place, extensions of the work can become simple matters of applying standard probability rules to the resulting probability density functions. In this section, the difficult problem of identifying multi-part articulated objects is

2The application of this Bayesian chaining strategy for the purposes of accumulating evidence can be referred to as probabilistic feedback, as the posterior is fed back as the prior for the next iteration.

3.4 EXTENSION TO MULTI-PART OBJECT DETECTION

Above one can see a diagram illustrating the workings of the sequential recognition system. Raw data measurements are parametrized prior to entering the recognition computations. This is combined with prior information and information from the database to obtain the posterior density function, represented as a discrete distribution showing the probabilities assigned to the different objects in the database. This becomes the prior for the next iteration. Notice that the belief in the true model, the clock (“C”) is growing over time.

Figure 3.2. Sequential recognition system.

addressed. The task of interest is to detect the presence of an object, or a part of an object, in an unknown scene. In a recognition-by-parts strategy, recognition of the object as a whole becomes the task of merging the information about the identities of its constituent parts.

4.1. Part Detection. Consider the case of a collection of object parts presented to the recognition module, where the parts result from the segmentation of one or more object data sets. The question that is asked is: Can we detect the presence of a particular part in the scene?

One motivating factor in addressing this issue is due to its interest to the community working on techniques for indexing through large databases of images. Problems in Content- Based Image Retrieval, for example, involve the following: Given a particular image of an object, find all images containing it. The context is quite different from the one considered thus far, where recognition implied a closed-world assumption: each of the parts in the scene have been seen a priori during training. In most detection problems, however, this assumption is violated. The interesting question is whether the strategy outlined in this thesis can be extended to address problems such as these.

3.5 SUMMARY

Let O denote an object in a database consisting of the collection of parts {S_i}. The scene consists of a set of N measured parts resulting from the data sets {d}. Previously, the task was to recognize each part in the scene as being one of a set of parts in a database. Here, the task of the system is reversed. The goal is to decide upon the likelihood of a particular database part, S, being among the measured scene. This is denoted by the conditional probability p(S|{d}).

The solution to this problem is to perform recognition for each of the data sets in the scene, maintaining the closed-world assumption. In this fashion, each of the data sets in the scene results in a posterior probability, p(S|d_i)|_{i=1...N} . The likelihood of a particular database part, S, being among the measured scene can be defined as follows: p(S|{d}) = 1 − N∏ i=1 (1 − p(S|d_i)). (3.13)

Intuitively, this implies that the probability that the part is among the measured parts is equal to the negation of the probability that it is not among any of the parts. Due to the probabilistic nature of the part recognition solution, extension to this problem is not difficult. Implicitly, it permits the possibility of other unidentified parts to be present in the scene.

4.2. Object Detection. With this framework in place, the extension to detection of multi-part objects is not difficult. Let R be the number of parts for a particular object, O. The collection of parts for O is {S_i}|_{i=1...R}. The posterior probability that O is within the scene, given a collection of part measurements, is denoted p(O|{d}). It can be defined as: p(O|{d}) = 1 − R∏ i=1 (1 − p(S_i|{d})). (3.14)

This implies that the probability that O is in the scene is the negation of the probability that none of its parts are in the scene. Both of these examples indicate that the probabilistic framework permits extensions to a wide variety of difficult vision problems.

5. Summary

In this chapter, the Bayesian solution was applied to the problem of 3D recognition-by-parts. This involved specifying the form of the probability density functions representing the sources of information enumerated in the previous chapter, and substituting them into the

3.5 SUMMARY

final solution. The particular context discussed in this chapter was that of recognition of 3D part models generated from a bottom-up system that performed various stages of processing: from laser rangefinder data to segmentation to model fitting. The benefits of having this stable system available is that recognition based on the resulting model becomes feasible. However, this problem is inherently difficult, due to the compounding uncertainties at each stage of processing, propagated throughout the system. Using a sequential estimation process should overcome the recognition ambiguities, and generate a clear winner in a short number of views. Empirical results will indeed illustrate that this is true (see Chapter 6).

This brings up the point that an interesting extension of the work would be to compute the uncertainties in the inverse solutions at each stage of processing. For example, it would be worthwhile to compute a density function describing the likelihood of the results of segmentation. A Bayesian formulation for propagating such information through the system, such as the one developed here, could easily be formulated for the entire bottom-up system. Such is the versatility of the Bayesian approach. Further, were this information available to the recognition module (where it would easily be incorporated into the final solution), it would certainly improve the final result. Currently, erroneous recognition results cannot be attributed to ambiguities at a particular stage of processing. Should uncertainties be incorporated in each stage, an external agent could decide to stop the process when insufficient information is available for a particular task. In addition, high level feedback could be provided to the system in order to aid lower level tasks.

This recognition context presented in this chapter is well suited to industrial applications whereby objects are placed on a platform, and an robot is free to move around it, examining it for identification purposes. The scene is not complex, and the viewing conditions are fairly controlled. The next chapter focuses on a difficult recognition task, whereby model fitting is not possible, the data is noisier, the scene more complex. The versatility of the Bayesian formulation presented in the previous chapter will be tested through its application to this difficult problem.

CHAPTER 4

Recognizing Objects Based on Optical Flow Images

The problem addressed in this chapter is structured as follows: consider the case of a user (human or machine) waving an object in front of a black and white camera connected to a computer system. The system’s task is to identify the moving object from a set of objects it had seen at an earlier stage. The difficulty of the task lies in the fact that the lighting conditions and background scene may have changed significantly since the learning stage. This difficulty is partially alleviated by focusing the problem as follows: As the object is moved in front of the camera, it invokes a motion pattern on the retina. The specific task of the system is to recognize the object from the signature encoded by this pattern. The pattern is commonly referred to as the optical flow.

The scope of this problem is more general than in the previous case, and has many more difficulties associated with it. The scene is more complex, data noisier, the requirements more general, and the relationship between data and model less obvious. In this case, no specific model (such as a superellipsoid) is assumed. Alternatively, object representations are viewer-centered, and the data/model relationship is made explicit though empirical evidence gathered during a training process. Specifically, an appearance-based object recognition strategy is devised that builds on the works of Nayar et al. [71] and Turk et al. [95], due to its fast indexing time and its ability to deal with complex scenes where model-building becomes infeasible. These methods build a lower dimensional subspace based on the entire set of raw images acquired, using Principal Components Analysis (PCA) [95]. The lower dimensional space in which the images are represented is referred

CHAPTER 4. RECOGNIZING OBJECTS BASED ON OPTICAL FLOW IMAGES

to as an appearance manifold^1. Recognition (or rather, indexing) is based on projecting images acquired on-line onto the manifold and finding the closest stored image.

The majority of the existing appearance-based strategies focus on applications such as face recognition [53, 56, 11, 87, 95], lip-reading [63], and others [18, 71, 75]. For most of these applications, using only the raw grey-scale images as input to an appearance strategy has worked quite well. The major drawback is that tight control over the image formation parameters, such as lighting and background, has to be enforced in order to ensure repeatable appearance. One way to avoid some of these difficulties is to make direct surface measurements, i.e. range measurements, of the object to be recognized. This is precisely the strategy taken by Campbell and Flynn [24].

In this thesis, difficulties regarding sensitivity to lighting and background are overcome through the development of an appearance-based object recognition strategy, whereby differential image properties are exploited. Here, inputs for recognition correspond to the optical flow images induced onto the image plane by the relative motion between camera and object. Optical flow images used in this appearance-based strategy will be referred to as appearance flows. Using flow images as the input offers some advantages over using the original grey-scale images. First, the resulting flow field is somewhat invariant to scene illumination (assuming that it is constant during acquisition). This lends itself to a more robust strategy whereby lighting conditions need not be identical to those used during training. Second, using flow provides a means of figure/ground separation in the case of a stationary observer. This is a major advantage in that appearance-based strategies that use raw grey scale images have to ensure the exact same background during recognition and training. Here, arbitrary stationary backgrounds are possible as the algorithm can focus on the moving object in the scene. Furthermore, once the moving object has been detected, the object can be centered within the image. This type of position normalization is not feasible using traditional inputs. Third, the flow field itself will be shown to provide coarse information regarding the object’s 3D structure. A final motivation for the approach has its roots in biology. A great deal of “wetware” in the mammalian brain is devoted to the computation of motion. This motivates the exploitation of its capabilities at solving many visual tasks.

Several strategies exist in the literature for recognition based on optical flow images. Primarily, these use the flow images for recognizing actions [18, 19, 28, 66]. These actions

1A manifold is an n-dimensional surface[73].

CHAPTER 4. RECOGNIZING OBJECTS BASED ON OPTICAL FLOW IMAGES

can include facial expressions, gestures, etc. The work presented here is distinguished from these strategies in that the focus is on recognizing the object itself, based on the signatures obtained from the flow field. After careful examination of the existing body of literature, it seems that this is the first work that uses flow for the purposes of recognizing objects.

Despite the advantages, there are difficulties associated with recognition based on motion images. It is well understood that the shape of the object, the relative motion between camera and object, as well as camera geometry are confounded in the resulting flow pattern. The problem of “factoring out” the different components can be exceedingly difficult (if not impossible). However, my contention is that it can be dealt with where suitable a priori constraints are available [10, 18, 96]. I attempt to get around the difficulty of “factoring out” the structural information by imposing constraints (a) on the camera geometry, by making the assumption that the image projection is scaled orthographically, and (b) on the permissible relative motions. Although this imposes some restrictions on the data acquisition stage, the resulting flow images (i.e. noisy and relatively low resolution signatures of object shape) are perfect candidates for testing the limits of the sequential recognition strategy. The challenge of the theory is to converge to a correct solution, even with such problematic input data.

The fundamental question of this chapter is now stated explicitly: Can appearance flows possibly be used for recognition purposes? The answer rests on the following two hypotheses:

Hypothesis 1. Appearance Flow Manifold. The manifold of appearance flows generated by training on the expected motions of an object can be used to distinguish between different objects.

Hypothesis 2. Accumulation of Evidence. Confounding information in the optical flow signatures can be resolved by accumulating support for different object hypotheses over a sequence of observations using the theory of Chapter 2.

This chapter describes how both of these hypotheses are used in conjunction with the theory in order to solve the problem of recognition based on flow images. Section 1 begins with a description of the algorithm that generates the flow images. Section 2 describes the generation of an appearance flow manifold during training, that will be used as a basis for on-line recognition experiments. The application of the Bayesian sequential recognition strategy described in Chapter 2 to the current context is described in Sections 3 and 4.

4.1 GENERATING OPTICAL FLOW IMAGES

It is important to emphasize that, in this chapter, flow images are used for recognition as they provide a good illustration of one application of the theory. The implication is not, however, that this strategy can necessarily solve the general recognition problem. For instance, flow can be successfully used to identify objects based on 3D structure. However, should the system need to discriminate objects based on greyscale texture patterns on its surface alone, then flow images are certainly not the best features for the task. To solve a more general recognition task, it would be instructive to use flow images in conjunction with other features extracted from the image. Examples of such features are: color, texture, etc. In this chapter, the goal is to illustrate the application of the theory to one type of recognition task. As the details of the system are introduced, it should become evident that the addition of other features sets is fairly easy. Extension to include other feature sets is therefore left as an operational task.

1. Generating Optical Flow Images

As the object moves with respect to the camera, optical flow images are computed from the sequence of images gathered. For the purposes of this thesis, any stable optical flow algorithm can be used as an input to the system. Deciding which one is most effective is largely an operational issue. It was found that the system developed by Benoit et al. in [14] generated stable optical flow images that were sufficient for these purposes. Their system is completely bottom-up, using pixel and region matching techniques coordinated during a two-phase gradient ascent algorithm: pixel matching error measures are locally minimized and flow field consistency constraints are applied to the low confidence neighbors. Convergence is usually attained after a single iteration for an image frame pair. Predictions for future flow fields are computed using temporal integration and Kalman filtering. The system is designed to be flexible: large displacements are tracked as easily as sub-pixel displacements while higher-level information feeds flow field predictions into the measurement process. An example of a flow field resulting from this algorithm can be found in Figure 4.1.

The prediction techniques are used to maintain a tracking window which follows the moving object through the scene. Once locked onto this moving target, the tracking window focuses entirely on the object of interest, computing the optical flow only within the window of interest. This implies two levels of figure/ground separation, virtually eliminating the effects of varying backgrounds: (a) removal of the static background image, and (b) removal of other moving distractors in other parts of the scene. The resulting image is padded with

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

zeros everywhere outside the tracking window. Finally, the object is centered within the resulting image. This offers an advantage over approaches which: (a) require constraints to be enforced on the position of the object within the image or (b) require training on all possible object positions prior to recognition.

The resulting flow image contains information regarding the direction of motion as well as the magnitude of flow at each pixel location. Approaches that are interested in action recognition use the direction of motion as features. In this thesis, the interest is in recognizing objects based on 3D structure, therefore only the magnitude of the flow images is used. For a particular set of motions, the magnitude images can be shown to provide a rough kinetic depth map, giving some insight into the object’s 3D shape. More will be said about this in the following section.

In the current context, the distance of the object from the camera is fixed to ensure the possibility of differentiation between objects with similar shape, but with varying size. Although no spatial scaling is performed, the system removes the effects of varying temporal scales by normalizing the magnitudes of the optical flow. This ensures that speed does not effect the appearance of the 3D structure, as well as adding more resolution to the values. An example illustrating the stages of processing for the flow input can be found in Figure 4.1. After processing, the flow images can be expressed as vectors in a high dimensional space. For the purposes of efficiency, a lower dimensional parametrization of the images is desired so as to concisely represent each input by a small set of features. The next section will indicate how to build the low dimensional basis for recognition, and how to represent the flow images in such a space, so as to best predict their appearance on-line. The off-line representation of the flow images is referred to as an appearance flow manifold.

2. Building an Appearance Flow Manifold

The goal of the system developed in this chapter is to be able to recognize objects from a wide variety of movements. In satisfying this requirement, the approach taken is to generate an appearance manifold for motion, that represents the set of possible motions for the object in question, and permits recognition from an even more general set. The motivation for this novel strategy originates from research in aspect graphs [21, 34, 58, 81, 89], where the common approach is to store a set of an object’s characteristic views as a basis for recognizing it from arbitrary positions. The desire is to extend this notion and pose the

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

(a) Sequence of Three Images.

(b) Resulting Optical Flow Image.

(c) Magnitude Image. (d) Centered Magnitude Image.

Above, one can see the stages of processing for a flow image. In (a), three greyscale images acquired in sequence are shown. In (b), one can see the computed flow vectors projected onto the object. In (c), the magnitude image is shown, shaded in accordance with the distance from the camera: from closest (in white) to furthest (in black). Notice that the background can easily be removed. In (d), the object is centered within the image.

Figure 4.1. Stages of processing of the flow image.

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

question: Is there a set of characteristic motions, analogous to characteristic views, which are sufficient to ensure successful recognition results from a wide set of motions?^2 In order to determine the sufficient set of motions required for building the appearance flow manifold, the constraints imposed on the expected motions of a mobile observer in a stationary environment (and vice-versa) are described. These will subsequently be used to generate the appearance flow manifold for each object in a database.

Assumption 3. Camera Constraints. Camera to object distances are bounded and scaled orthographic projection is assumed.

Assumption 4. Motion Constraints. The same motion model can be used to account for an object moving about a fixed observer provided that rotations are limited to axes that are approximately parallel to the image plane.

Assumption 5. Motion Decomposition. The trajectory of an observer moving through a stationary environment can be decomposed into a sequence of short, curvilinear segments. This motion model can be guaranteed in the case of an active vision system or mobile robot equipped with a suitable tracking system.

Assumption 3 ensures that the object is placed within reasonable distance from the camera. As well, the assumption of orthographic projection (as opposed to perspective projection) indicates that the object is far enough from the camera so that within-object warping is not a factor. This assumption is central to the optical flow algorithm chosen, and facilitates the computation. A scaled orthographic projection encompasses information with respect to the distance from the camera. Assumption 4 restricts motions to curvilinear motions that are subsets of rotations around axes that are parallel to the camera plane. This is because application of the orthographic projection assumption leads to the fact that translations and rotations in the camera plane provide little information about the 3D structure of the object. The combination of the first two constraints, imposed in conjunction with the optical flow algorithm described in the previous section, results in the magnitude image representing a rough kinetic depth map, whereby larger motion values indicate surfaces that are closer to the camera. This gives us the structural information needed for recognition. The claim is that the above assumptions are not overly restrictive and can account for a reasonably wide range of viewing situations.

2Portions of this work will appear in [6].

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

Assumption 5 is central to the main hypothesis regarding building an appearance manifold for motion. The implication is that should a motion trajectory be simply a collection of short motion sequences, then training based on a small set of such motions can lead to the recognition of a wide range of such motion trajectories. The requirement is to find an interesting set of such characteristic motions so as to be able to identify the objects based on their combinations. The restriction to curvilinear motions originates from the previous two assumptions, and exists in order to ensure motion information that provides insight into the 3D structure of the object rather than about the its trajectory.

This brings us to the central hypothesis regarding building an appearance flow manifold:

Hypothesis 3. Appearance Manifold for Motion. An appearance manifold for motion can be generated by the collection of a set of local motion descriptors taken uniformly about the object of interest.

Following the definition in [73, Equation 8.4], a manifold M is a set that is covered by the images of a collection of one-to-one functions (and the composite of function pairs are differentiable). The hypothesis is that an appearance manifold for motion can be built from a collection of characteristic motions gathered at locations about the object of interest during training, using standard appearance-based techniques. The implication is that the resulting manifold can be useful for on-line recognition experiments based on a more general set of motions. The advantage of this approach is that it avoids the problem of having to predict and learn all possible on-line motions. Instead, it provides the flexibility that trajectories permissible for recognition can be comprised of combinations of the learned set. This hypothesis will be verified empirically in later chapters.

As a practical matter, the object of interest is placed at the origin of the viewsphere. The viewsphere is evenly tessellated, such that each region, associated with a particular camera location, assumes approximately the same area on the sphere. There are various strategies for attaining a uniform tessellation of a sphere. Deciding which to use is largely an operational issue^3. In each segment, a local motion basis is computed by sweeping the camera along a set of short curvilinear arcs resulting in a motion sequence. These motions reflect segments of the expected on-line trajectories. An example of one type of tessellated viewsphere can be seen in Figure 4.2. Here, one can also see the arc-like motion

3One method to tessellate the viewsphere will be discussed in Chapter 6.

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

segments that form a basis for the training manifold, i.e. the elements in the manifold can be expressed as a combination of these segments.

Here one can see the tessellated viewsphere surrounding the object of interest. The perpendicular darker lines illustrate the arc-like trajectories comprising the motion basis for training. Figure 4.2. Motion basis along viewsphere.

With the strategy for building the appearance manifold in place, an interesting issue arises: What should the density of sampling be in order to sufficiently characterize the motion manifold? Sampling the viewsphere, in this context, refers to both position and motion space sampling, i.e. where and how to gather motion images. Surely, the strategy has to be frugal in the number of images it gathers, even if sampling is off-line, as space and processing time are limited. Deciding, a priori which viewpoints and motion images are the most important for recognition is a difficult and open ended research issue. A strategy for empirically determining how densely to sample the viewsphere will be described in Chapter 6.

The specifics of the off-line generation of the appearance flow manifold are now described. As the object moves with respect to the camera, a sequence of grey-scale images is gathered. Three images in sequence are used to compute the optical flow images as described in Section 1. Let this data vector, i.e. a single flow image, be defined by the vector d ∈ ℜ^{nd} . The dimension, n_d, can be very large for high resolution images. For instance, for a 640 × 480 image, the vector representation has dimension 307200. Representing each flow image in this high dimensional space is impractical, and unnecessary as many dimensions

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

are clearly redundant for these purposes. Therefore, a lower dimensional parameterization in which to represent the flow images is sought.

There are many strategies for choosing an appropriate parameterization strategy. An ideal solution would be to use an appropriate object-centered model that clearly expresses a physical relationship between data and model parameters (should it be available as in the previous case). However, an appearance-based strategy was chosen due to the difficulty in finding physical representations in dynamic real world environments. There are many viewer-centered approaches available in the literature. Most focus on the problem of storing representative or characteristic views of the objects in the database, and building some object representation based on the appearance of these views that would permit its recognition based on instances of (or slight variations of) one of the stored views[9, 25]. Most strategies use the raw grey-scale images as inputs to the system, leading to a strong dependence on the the pixel configurations being identical to those trained on. Variations due to clutter and noise, as well as background and lighting variations lead to parameter representations that vary widely from those trained on. Using differential properties of the image, such as flow, helps to solve some of these problems.

The appearance-based strategy employed here is one that has become quite popular in recent years, Principal Components Analysis (PCA) [15, 95], a methodology derived from the Karhunen Loeve (K-L) transform. Its appeal stems from its speed and ease of use. The strategy takes data of high dimension, n_d, and builds a lower dimensional basis, referred to as an eigenbasis. The compression is based on correlations of the input data. In this case, the entire set of p optical flow magnitude images gathered during training is used to determine a lower dimensional basis that spans the representation space, ℜ^{nm} where n_m < n_d,. An overview of the standard techniques involved in PCA can be found in Appendix A.

A representation for each object is then constructed by projecting its N corresponding flow image vectors {d_j }|_{j=1...N} onto this lower dimensional basis (see Figure 4.3). Let the projected flow vectors for a particular object in the training set be denoted {m_j}|_{j=1...N} , where m_j = m_j(d_j ) ∈ ℜ^{nm} refers to the projection.

Once the training images are represented as lower dimensional vectors, a concise representation for each object in the database is sought. In accordance with the inverse theory, this involves determining a physical theory, should one exist, that predicts estimates of the appearance flow parameters (i.e. positions in eigenspace) given an object in the scene. As

4.2 BUILDING AN APPEARANCE FLOW MANIFOLD

Figure 4.3. Bottom-up system for acquiring parametric flow descriptors. no such formal theory is readily available here, one is built empirically through learning. This information can be concisely represented through a probability density function. In order to estimate the distribution, the following assumption is made once again:

Assumption 6. Multivariate Normal Distribution. Each object in the database can be represented by a multivariate normal distribution in the lower dimension eigenspace.

This is a common assumption, one that was also made in the previous chapter. The validity of the assumption can be verified empirically. Should it prove invalid, the normal distribution can easily be replaced with a different distribution without modification of the theory.

A multivariate normal distribution N(μ_i − m, C_i), is then estimated for each object, O_i, using the standard techniques described in Section 2. μ_i and C_i are the sample mean and sample covariances generated by the N projected flow vectors, {m_j}|_{j=1...N} . This information is represented by the conditional probability density function, p(m|O_i), which

4.3 RECOGNITION BASED ON FLOW IMAGES

represents the physical theory predicting possible variations in parameters given each object hypothesis, O_i.

Having built the appearance flow manifold in statistical terms provides the means for the Bayesian recognition strategy outlined in the following section.

3. Recognition Based on Flow Images

This section describes a Bayesian recognition strategy that applies the techniques developed in Chapter 2 to the problem of recognition based on flow images. The goal is to represent the posterior beliefs over the entire set of K object hypotheses, {O_i}|_{i=1...K} , given flow image d, by a discrete (conditional) probability density function p(O_i|d)|_{i=1...K} .

On-line, a sequence of flow images is gathered by either moving the camera with respect to the object (or by moving the object in front of the camera) via an arbitrary subset of the permissible set of movements. These include the camera moving about the object of interest through motions that consist of combinations of arc-like trajectories about the object’s viewsphere. Alternatively, the object is moved about the camera through rotations (or partial rotations) along axes that are parallel to the camera plane in order to test the system’s ability to recognize based on motions that differ from those trained on. Chapter 6 will provide an examination of the system’s generalizability beyond the motions trained on.

Recall that d corresponds to a vector representation of a single optical flow image in the sequence. The first step in the recognition process is to compute the support for each object hypothesis O_i, given the single optical flow image. In what follows, each of the sources of information available, described in Section 1.2, is detailed in terms of the current problem leading to a working expression for p(O_i|d)|_{i=1...K} . This provides a formal structure for solving inverse problems such as this one.

3.1. Information from Training. Recall that each object in the database is represented by a multivariate normal distribution obtained through training:

p(m|O_i) = N(μ_i − m, C_i). (4.1)

μ_i and C_{Ti} are the sample mean and covariance matrix of the normal distribution obtained through training using the methods described in the previous section.

3.2. Information from Measurements. As the object moves with respect to the camera, flow images are computed from the grey-scale images acquired. The resultant

4.3 RECOGNITION BASED ON FLOW IMAGES

vector representation of the optical flow image, d, is of high dimension. A more concise description is sought, so as to render computation easier and more efficient. Similar to the case of 3D recognition, an estimate of the model parameters m, given the data d is desired. This case differs substantially from the case of recognizing 3D models in that, previously, this process was an ill-posed inverse problem, requiring an additional inference process prior to that of recognition. In this case, the model parameters, m, are obtained by projecting the image onto the precomputed eigenspace. This process is not the solution to an inverse problem, but rather to a forward problem: given some observed data, determine its representation in a lower dimension space, through a well-known projection map. Each data set projects onto a single point, therefore the process is well-posed.

The theory calls for a description of p(m|d), the conditional density describing the uncertainty in the parameters given the particular flow image, d. To date, we have not computed the uncertainty in the optical flow image, d, and therefore the observational errors are assumed to be negligible^4. Letting d_{obs} denote the observed optical flow image, the hypothesis of negligible observational errors can be described using Tarantola’s notation as:^5

p(d|d_{obs}) = δ(d, d_{obs}) (4.2)

= 1 for d = d_{obs}, 0 for d ≠ d_{obs}.

This brings us to the flow models themselves. In the particular case treated in this chapter, there is no uncertainty in the projection as m = m(d). (i.e. The modelization errors are assumed to be negligible.) In this case, perfect flow measurements lead to an estimate of the model parameters m. Given that the observed flow image is denoted d_{obs}, the conditional probability density function is represented by:

p(m|d_{obs}) = δ(m, m_{obs}), (4.3) = δ(m, m(d_{obs})).

4An optical flow algorithm that produces measures of the uncertainties associated with the flow images is currently being developed in the Artificial Perception Lab.

5This representation is rather unconventional in Bayesian terms, where this is no notion of a “true” data set.

4.3 RECOGNITION BASED ON FLOW IMAGES

As is the case of many forward problems, different flow images could generate the same model parameters. Therefore, if the marginal probability of the model parameters are sought, the contributions of all the data sets to that model would have to be considered. This is represented by the marginal density function:

p(m) = ∫ D p(d, m) dd, (4.4) = ∫ D p(m|d) p(d) dd, = ∫ D δ(m, m(d)) p(d) dd.

p(d) represents the a priori data information. The result implies that to compute the marginal model probability, one must add the contribution of all the data sets that could generate the model parameters.

3.3. A Priori Information on Models. In the current context, there are a finite number of object hypotheses, {O_i}|_{i=1...K} . The probability density function used to convey this knowledge is: p(O) = K∑ i=1 p(O_i) δ(O, O_i) (4.5)

where p(O_i) defines the subjective a priori probability that the i^{th} object occurs.

3.4. Bayesian Solution to the Flow-based Recognition Problem. Each of the sources of information available were expressed as probability density functions. The Bayesian solution, outlined in Chapter 2 can easily be applied to the flow-based recognition problem. The theory outlined a strategy to compute the posterior probability in each model hypothesis, given an observed data set, p(O_i|d) (see Equation (2.13)). Applying this strategy to this context is quite straightforward. Recall the form of the inverse solution:

p(O_i|d) = p(O_i) ∫ M p(m|O_i) p(m|d) p(m) dm, i = 1..K. (4.6)

4.3 RECOGNITION BASED ON FLOW IMAGES

Substituting p(m|O_i) and p(m|d) with their contextual forms found in Equations (4.1), (4.4) gives:^6

p(O_i|d) = p(O_i) ∫ M N(μ_i − m, C_i) δ(m, m(d)) p(m) dm, i = 1..K, (4.7) = p(O_i) N(μ_i − m(d), C_i) p(m(d)) , i = 1..K, ∝ p(O_i) N(μ_i − m(d), C_i), i = 1..K. (4.8)

Recall that N(μ_i − m, C_i) is the multivariate normal distribution representation for the object hypothesis, evaluated at the model parameters of the measurement. p(O_i) is the prior probability of the object hypothesis. The constant of proportionality, in this case, is the sum of the numerator terms over all objects. This can be derived as follows:

p(m) = K∑ j=1 p(O_j ) p(m|O_j ), (4.9)

= K∑ j=1 p(O_j ) N(μ_j − m, C_j).

(4.10)

p(m(d)) is computed by evaluating p(m) at m = m(d) as follows:

p(m(d)) = K∑ j=1 p(O_j ) N(μ_j − m(d), C_j ). (4.11)

This term is simply the sum of the p(O_i) N(μ_i − m(d), C_i) term for each object O_i.

The final solution indicates that the probability of each hypothesis, given the flow image, is computed quite easily: the flow image is projected onto the eigenbasis, the multivariate normal representation of the object in the database is evaluated at the resulting parameters, and the result is multiplied by the prior probability in the model hypothesis. Normalization is simply the sum of all the terms for all O_i. The final recognition result is a discrete conditional probability density function describing the likelihood of each of the models in

6The function for p(m) derived in Equation 4.5 was not replaced here for clarity. The formulation will be true for any form of p(m).

4.4 ACCUMULATING EVIDENCE OVER TIME

the database, given the flow data:

p(O_i|d) = p(O_i) N(μ_i − m(d), C_i), i = 1 . . . K, (4.12) which can alternately be expressed as: p(O|d) = K∑ i=1 p(O_i|d) δ(O, O_i),

∝ K∑ i=1 p(O_i) N(μ_i − m(d), C_i) δ(O, O_i).

By using Bayesian techniques, one could obtain the same solution in several alternative ways. For instance, in the particular case treated in this chapter, m = m(d) simplifies the computation. A standard Bayesian approach, in this case, might lead to a solution more quickly. Without loss of information, p(O|d) can be expressed as:

p(O|d) = p(O_i|d, m(d)) i = 1..K, (4.13) = p(O_i|m(d)) i = 1..K, = p(O_i) p(m(d)|O_i) p(m(d)) i = 1..K. (4.14)

However, as was discussed in Section 1.4, the inverse solution provides a general recipe for the solution to a wide set of inverse problems. In general, the difficulty of applying the Bayesian approach is that it often requires foresight into the terms of interest in the final solution.

4. Accumulating Evidence Over Time

In previous sections, various problems associated with recognition based on flow images were discussed. These stem primarily from the problems associated with factoring out structure from the confounding effects of camera geometry, direction of motions, object shape and texture. Furthermore, the resulting image is noisy, and of poor resolution. The effect of all these factors is that recognition from a single viewpoint alone will not necessarily be stable. The hypothesis is that by accumulating evidence over time, a more robust solution is possible. In a dynamic environment, temporally gathering evidence is easily accomplished as the object (or the sensor) is moving through the scene acquiring

4.5 SUMMARY

images of the object from different viewpoints. As each of the flow images is computed from a set of intensity images, evidence can be inexpensively and efficiently accumulated on the level of the probabilities over time, by using the Bayesian chaining strategy, introduced in Section 2, that assigns the posterior probability distribution at time t, p(O|d_t), as the prior at time t + 1. Once again the assumption of statistical data independence is made. As each flow image in the sequence is presented to the system by an external agent (either by a robot navigating through a scene or through a human moving an object in front of a camera), the assumption is that sampling one data set does not give specific information about the others. Although somewhat strong, this assumption permits simplification of the equations, and empirical evidence will indicate that it is not seriously violated in practice.

The accumulation process works as follows: as each flow image in the sequence is introduced to the system, probabilistic evidence is cascaded exactly as in equation (2.18) until a clear winner emerges. Substituting the posterior density function derived from one view (Equation(4.12)) as the prior for the next view leads to the following updating function for p(O|d): p(O|d_{t+1}) ∝ K∑ i=1 p(O_i|d_t) N(μ_i − m(d_{t+1}), C_i) δ(O, O_i). (4.15)

The idea is that conditioning inference on prior evidence should resolve ambiguities and lead to a winning solution in a short number of views. Figure 4.4 illustrates the flowchart of the appearance flow recognition system. Here, the object (a panda bear) is waved in front of a camera. The resulting flow images are sent to the recognition engine, along with the prior distribution and the database information. The result is a posterior distribution for the object. This example illustrates how the initial prior, a uniform distribution, is modified with the incoming data evidence (in the form of flow images). The resulting posterior illustrates a stronger belief in the panda than the rest of the objects. This posterior, in turn, becomes the prior for the next iteration.

5. Summary

In this chapter, the generalizability of the general Bayesian solution presented in Chapter 2 is illustrated through its application to the problem of appearance-based object recognition. This problem is quite different from the problem of 3D object recognition presented in the previous chapter, yet the same Bayesian framework could be applied to both. The

4.5 SUMMARY

Above, one can see the sequential recognition system based on flow images. Notice that the initial priors are distributed uniformly. As the panda bear is moved in front of the camera, the belief in the panda (symbol: pan) increases. The new distribution showing a high degree of confidence in the panda is fed to the system as the new prior for the next iteration.

Figure 4.4. Sequential recognition system based on appearance flows.

particular problem tackled was that of recognizing objects, moving with respect to a camera, based on the signatures extracted from the resulting optical flow images. By using optical flow images, the strategy shows considerable improvement over traditional appearancebased methods, in its robustness in varying lighting conditions and backgrounds. Despite its benefits, no similar strategies have been found in the literature.

Rather than attempt to predict all possible motion trajectories a priori, the system generated a set of characteristic motions during training. This finite set was used to build an appearance manifold for motion, that should permit recognition based on a wider set of motions. Chapter 6 will illustrate that the system is indeed capable of such extrapolations, through recognition tests based on sets of motions outside the training set.

4.5 SUMMARY

Both of the applications presented in this thesis are inherently difficult due to sensor noise. In the particular case of optical flow images, separating structural signatures from the confounding motion information is a particularly difficult problem, one that remains open. However, experimental results with both types of measurements will demonstrate that accumulating evidence for the different hypotheses over a sequence of views leads to a quick reduction of ambiguities, as the growing evidence in the correct model reduces the credibility of the other hypotheses. Choosing a winner after several viewpoints gives the correct result in most cases.

In the context presented thus far, at each iteration in the sequential estimation process, the recognition module passively receives a set of flow measurements acquired from an external agent. In this chapter, no discussion was presented regarding how the order and locations of the acquisition were decided upon. In fact, a random strategy was assumed. In the next chapter, an active recognition strategy is developed whereby the system navigates along an optimal trajectory for recognition. The hope is that the system will converge to the correct solution in a shorter number of steps and with a higher degree of accuracy.

CHAPTER 5

Entropy-Based Autonomous Navigation

The sequential recognition system introduced in previous chapters has been passive in the sense that the choice of locations for data acquisition has been left to the discretion of an external agent. In this chapter, additional constraints on the system lead to the development of an active recognition system that computes an optimal trajectory for data acquisition. The context is as follows: An active observer, moving through a scene with the task of identifying and localizing known objects, now has limited resources. It cannot spend a lot of time in one place so the computational overhead must be low. It needs to minimize the effort expended in gathering data so it must be economical in its movement. Finally, it must minimize its chances of error as false identifications are very costly. These constraints typify many applications of active vision, particularly in the context of mobile robotics. The strategy adopted in this chapter for overcoming these constraints is based on two observations: (i) that strong assertions can be made by accumulating evidence that might appear to be weak instantaneously, and (ii) knowing how to explore an environment (i.e. where to look) can be learned from local interactions with the objects that populate it. It would be most efficient to make maximal use of this learned information in planning gaze for recognition. This leads to the computational framework which is at the heart of this chapter.

In previous chapters, it was shown that evidence for different assertions can be expressed in the language of probability theory and the accumulation of evidence defined formally in terms of Bayes accumulation. Since the observer is free to interact with each of the objects prior to exploration (i.e. off-line), then object probabilities associated with image measures can be learned from training. This idea can be taken one step further. If the parameters

CHAPTER 5. ENTROPY-BASED AUTONOMOUS NAVIGATION

associated with each measurement are also recorded then one can also build a model of how these parameters influence the confidence for the resulting assertions. Section 1 will illustrate that the Shannon entropy can be used to define a measure of ambiguity for the resulting posterior distributions. This leads to the introduction of the entropy map, used to relate ambiguity to camera (viewing) position. These maps serve as the basis for the active vision system described in Section 2. By choosing viewpoints that minimize ambiguity, the system seeks out locations off-line that are maximally informative. On-line navigation then uses these maps to guide the sensor to these optimal locations. Hence, fewer observations are required to arrive at a confident assertion.

The strategy can be seen by analogy to human behavior. Consider a person trying to identify an object she sees. She has an idea that it is a particular object that she has seen before, and she wishes to verify that it is indeed the object she is thinking of. The natural reaction is to move her head to a location that would confirm the hypothesis. This location would be one that exposes a feature that she learned is unique to the object. This information has been stored a priori during her introduction to the object.

This leads to a second important contribution resulting from the introduction of the entropy map: a strategy for enumerating the informative views of an object. Here, the extent to which a viewpoint is informative refers to the degree of discriminability of the object with respect to the others in the database. The problem of storing a set of views that are informative for recognition for each object in the database has been of interest to researchers for many years [21]. This has been particularly important for approaches that represent objects by a set of a viewer centered representations referred to as aspect graphs [21, 34, 58, 81, 89]. These graphs represent the possible appearances of an object (in terms of areas that contain a visible set of features) in the form of graphs, where nodes refer to characteristic views: stable viewpoints that capture sufficient object structure for accurate recognition. Arcs refer to visual events between the views. These views are often chosen by hand, leading to a subjective selection that is often biased and non-repeatable. In fact, the choice is often based on the number of visible features from the particular view, where the choice of feature is subjective. It will be shown that entropy maps can be built around the object of interest in a structured fashion, linking recognition ambiguity to each view. These maps can be used to automatically identify viewpoints that are informative for recognition for each object. This decision is based on information theoretic notions of ambiguity rather than subjective notions of “good” and “bad” views. Further, the system assigns a level of

5.1 ENTROPY MAPS

confidence to each assertion. This permits higher level processes to determine operationally which views (if any) are sufficiently informative for the task at hand. In this sense, an notion analogous to characteristic views can be attained for motion as well.

Many active vision approaches employ minimization techniques in order to navigate to optimal locations. The problem is that most use techniques such as on-line gradient descent which are local in nature. This risks leading the sensor towards local minima which, in the context of recognition, can be associated with high belief in the wrong object. In the strategy proposed in this chapter, the global entropy minimum can be precomputed off-line, and on-line navigation can be guided towards these locations. This offers an enormous advantage over most approaches, especially where obtaining a correct solution is critical. Furthermore, expensive on-line computations are off-loaded to the training process.

Although the approach is general and can be applied to many contexts, Section 4 illustrates one interesting application of the strategy presented in this chapter. Here, the focus returns to the difficult problem of recognizing objects based on flow images. For this application, the mobile observer consists of a monochrome television camera mounted on the end effector of a gantry robot (Figure 5.1). The camera is free to move about the workspace of the gantry in which the different test objects are placed (i.e. stationary environment). As the camera moves relative to an object, an optical flow pattern is induced on the image sensor. At each iteration, the recognition system described in Chapter 4 is implemented. The task that the system must perform is to generate an optimal trajectory (the shortest sequence) that will result in the correct assertion.

1. Entropy Maps

With the recognition strategy in place, an active agent can move around a scene, gathering evidence in the various object hypotheses until a satisfactory confidence level is attained. It is essential that the strategy minimize the chances of the system of arriving at an incorrect recognition result. Furthermore, as resources are limited, the system needs to converge to a solution in a short number of steps.

In addressing these requirements, a strategy is proposed that takes maximal advantage of a priori information available in order to attain a fast and reliable on-line solution. Specifically, entropy maps are built off-line during training to relate recognition ambiguity to viewing position. Once a map is built for each object in the database, the system can store the locations that are maximally informative in terms of disambiguating between the

5.1 ENTROPY MAPS

Figure 5.1. (a) Navigation setup.

objects in the database. This information can then be made available to the agent on-line to aid in recognition. The hypothesis is that if the structure of the maps are such that: (i) entropy varies continuously almost everywhere, and (ii) “good” neighbourhoods exist (in terms of high belief in the right model), it becomes feasible to base on-line navigation experiments on them.

This leads to the question of how to build these maps in practice. The first thing that is required is a measure that predicts the likelihood of ambiguous recognition results as a function of viewing position. The recognition result is defined as a posterior distribution function over the set of K object hypotheses, {O_i}_{i=1..K} , given a particular measurement vector d, denoted P (O|d). Therefore, a suitable measure is defined in terms of the Shannon entropy [26] exactly as in Equation 2.26: H(P (O|d)) = K∑ i=1 p(O_i|d) log 1 p(O_i|d) , (5.1)

which is a measure of the ambiguity of the posterior distribution produced by a recognition experiment. Higher entropies reflect greater ambiguity.

This result is useful on several levels. First, a measure of recognition ambiguity is useful for an external agent to be able to assess the results from a particular viewpoint. It can be used to determine whether further data are required, or whether sufficient convergence to a single hypothesis has been attained. Further, it can be used to assess whether a viewpoint

5.1 ENTROPY MAPS

is informative or not (as discussed in Chapter 2). These important results are possible due to the probabilistic nature of the recognition result, and would be much more difficult (and context-specific) had a deterministic strategy been developed. The generality of the result is apparent, as it can be used to obtain the ambiguity of any distribution, regardless of the strategy used to determine it.

For the problem at hand, the measure is useful in building an entropy map for each object in the database, off-line during training. For each object, the corresponding map is parameterized on a tessellated viewsphere with the object at origin. Each map is then built as follows:

1. During training, image measures, d, are sampled at each coordinate of the viewsphere for each object in the database. Each image measurement, d, is stored along with its coordinates of acquisition on the viewsphere (i.e. latitude and longitude of camera on viewsphere). The pose of the object during training defines its reference pose.

2. A Bayesian learning strategy (see Chapter 2) is applied to the cumulative set of measures as before.

3. Recognition is then performed on each training measurement, resulting in the association of the posterior distribution, P (O|d), to each coordinate.

4. The entropy for each measurement, H(P (O|d)) is computed ((2.26)) and stored at its associated coordinate of its respective viewsphere.

This recipe can best be seen through an example. Figure 5.3 in Section 4 illustrates the application of the recipe to the context of recognition based on flow images.

In practice, some additional conditioning is required before the entropy map can be used for gaze planning purposes, namely in the enforcement of particular smoothness constraints which are essential for stability. For example, the gaze planner, using the map to determine minimal entropy viewing positions, wishes to avoid locations corresponding to areas in the entropy field where the likelihood of making a wrong assertions is strong. Should these positions lie near the minimum entropy location, then slight errors in positioning (or equivalently in determining the pose of the entropy map relative to the data acquired) could result in sampling at precisely the wrong locations. These constraints are made explicit by

5.2 USING ENTROPY MAPS TO PLAN GAZE

applying the following non-linear smoothing operator,

H(P (O|d_i)) = ∑ j cos(θ_{ij} ) × H(P (O|d_j )) ∑ j cos(θ_{ij} ) , (5.2)

where d_i is the data vector gathered at viewsphere location i of the operator, d_j are the points in the local neighbourhood indexed by j, and θ_{ij} the angle subtended from the origin of the sphere between d_i and d_j. The resulting function can be seen as weighing the local entropy value with the support from its neighbours, i.e. neighbourhoods with strong belief in the wrong object provide strong negative support for a location. The minimal entropy location on this map will correspond to an optimal location which is stable with respect to localization errors. This implies that its low entropy belief in the correct object is maximally supported by its neighbouring entropy values. An example of an entropy map and its corresponding smoothed map, within the context of recognition based on optical flow images, can be found in Figure 5.4. A full description of the structure of the map will be given in Section 4.

The resulting entropy map can be very informative in the context of planning gaze for object recognition. It provides a quantitative prediction of the level of difficulty of recognizing each object in an on-line experiment. A secondary bi-product is that a set of informative views can be automatically generated off-line. These are based on mathematically defined notions of ambiguity, rather than on subjective interpretations of importance. In addition, a degree of ambiguity is associated with each tile in the viewsphere, permitting higher level processing based on the results. The next section will introduce a strategy for using these maps in practice, in on-line recognition experiments.

2. Using Entropy Maps to Plan Gaze

With the entropy maps built, gaze planning based on them becomes possible. Prior to planning gaze, two problems must be solved: 1) a particular map must be selected and 2) the pose of that map must be determined relative to the data acquired. Each of these problems will be addressed next.

As measurements are made on-line, the maximum a posteriori (MAP) solution corresponding to p(O|d) is used to determine the most likely object hypothesis for the measured data d. In order to develop a working solution, the following assumption is made: The entropy map of the MAP result is sufficient for planning the next best view. The MAP result communicates the object that the system has the most confidence in. By examining

5.2 USING ENTROPY MAPS TO PLAN GAZE

its entropy map, the system has access to its most informative views, and can use them in on-line experiments. Of course, the MAP result is not always accurate, and, in the worst case, the system might choose the wrong map on which to based its navigation. This case is no worse, on average, than taking a random step: The system will acquire data, and will gain new evidence in the various hypotheses.

Of course, cases may exist where little confidence is placed in the MAP solution. In this case, it might be more instructive to visit several entropy maps at each iteration (more will be said about this later). The strategy can easily be modified to accommodate such motions, however it is accompanied by an additional cost which might bring to question its gain in speed over a random navigation strategy. This would have to be examined in the particular context of the problem at hand.

With the most likely object hypothesis map chosen, what should the navigation strategy be? The approach taken is based on the following assumption:

Assumption 7. Discriminant Views. For each object in the database, there exists a finite set of viewpoints which, taken together, permit discrimination of the object from the others in the database.

This assumption implies that it should be possible to visit a finite set of viewpoints in order to accurately identify each object in the database. In the current context, a somewhat stronger version of this assumption will be taken in order to constrain navigation to a shorter number of steps. For each object in the database, the assumption is that there exists a single viewpoint from which discrimination from the others is possible. In cases where this assumption is too strong, extension of the approach to include a larger set of viewpoints is possible.

Should this assumption prove valid, one could store the location of the most discriminating view for each object in the database. The next view chosen is then the best view on the most likely object hypothesis map. Navigation would then entail moving towards this location during on-line recognition experiments. The most discriminating viewpoint in the current context refers to the one with the lowest entropy (i.e. lowest ambiguity) belief in the correct model.

In practice, the validity of the assumption can be tested through an operationally defined level of entropy acceptability. Should there not exist a sufficiently low entropy location for an object of interest, then that object cannot be recognized from any single

5.2 USING ENTROPY MAPS TO PLAN GAZE

viewpoint using the existing set of features. In some cases, it might then be desirable to remove the object from the database altogether (or to increase the sampling resolution of the entropy map). Alternately, the assumption can be weakened to permit several discriminant viewpoints to be visited. The ability to pre-examine the recognition potential of the objects database a priori in this fashion is an advantage of the approach.

Pose can be estimated at minimal expense by retaining the location information along with the image measures acquired during training. For example, appearance-based methods can be used to index these measures using the data acquired on-line [71]. This involves choosing the closest image on the appearance manifold to the one acquired on-line. In fact, the implementation described in Chapter 4 already uses appearance-based techniques in the process of determining the likelihoods for the different object hypotheses. As such, the computational overhead of determining pose is minimal in this case. Errors in pose estimation are accommodated, in part, by the smoothing applied to the entropy map, and a strategy that chooses the next best view at the minimum entropy location of the smoothed map. This avoids placement in the vicinity of singularities and discontinuities. Figure 5.2 (Steps 1–2) illustrates the step that matches the current camera pose to the corresponding pose on the entropy map.

Once the camera pose is established in the coordinates of the training viewsphere (i.e. the entropy map), it is straightforward to determine the relative transform taking the camera to the desired position within this frame (Figure 5.2, Steps 2–3)^1. By applying this same transform to the current camera frame, the camera is positioned accordingly as shown in Figure 5.2 (Step 4). As the camera navigates through the scene, the sequential recognition strategy is applied to accumulate evidence in the various hypotheses. Over time, the expectation is that confidence in an incorrectly chosen hypothesis will decrease as further evidence is uncovered.

It is worth noting that in orthodox statistics, it is often the case that estimators and statistical tests depend on the strategy used for sampling. Here, it is emphasized that by choosing the location for data acquisition, the system is not biasing the recognition results systematically away from the true result [68]. The likelihood principle states that inferences should be based on the actual data acquired, not on some hypothetical data set that we might have gathered but did not. Bayesian techniques are consistent with this principle. In this case, the posterior distribution expresses the belief in each object given the actual data

1Strategies for computing the transform are left as an operational issue.

5.3 RELATED WORK IN ACTIVE RECOGNITION

Figure 5.2. Navigation strategy.

set, d, gathered. The inference is communicated only in terms of this data set. The notion of a true result does not exist.

3. Related Work in Active Recognition

Although various active vision strategies exist, very few concentrate on the problem of moving a sensor to best disambiguate objects in a database (i.e. active recognition). One strategy that focuses on the problem of locating, and attending to an object in the scene is that of Rimey and Brown [82]. They use Bayesian networks to explicitly model the interaction between objects in a scene. This involves computing conditional probabilities relating the likelihood of the location of one object given another in a particular scene. The approach is focused more on scene context than on recognition of a particular object.

An approach based on functional verification procedures is that of Stark et al. [90]. The authors develop functional rule-based object descriptions based on relations between parts. The idea is to verify object identity through examination of these functional features.

5.3 RELATED WORK IN ACTIVE RECOGNITION

The method focuses on recognition of CAD models of chairs. It is not clear how well it generalizes.

Wilkes and Tsotsos [104] present an active recognition strategy for the identification of polyhedral objects. Their strategy is to move the camera to locations that minimize the projected lengths of two non-parallel edges in the image.

Dickinson et al. [30] present an active recognition strategy that combines the use of an attention mechanism for focusing the search for a 3-D object in a 2-D image, with a viewpoint control strategy for disambiguating recovered object features. The strategy is based on an aspect representation of an object’s parts, the aspect prediction graph, that represents the visual events that occur when the camera moves from one viewpoint to the next. The authors derive a function based on probabilities to rank the possible directions in which the camera should be moved in order to distinguish an object part.

Hutchinson and Kak [48] describe a method for choosing the next viewpoint in order to disambiguate between objects in a database. Based on a set of current hypotheses about the identity and position of an object, they evaluate candidate sensing operations with regard to their effectiveness in minimizing ambiguity. It does so by predicting, for each hypothesis, the set of features that would be observed given the candidate action, and the next hypothesis set that would form if those features were found. The ambiguity of the predicted set is computed. This is repeated for each hypothesis set. The maximum ambiguity that is associated with that motion is noted. The sensing operation that minimizes the maximum ambiguity is taken. The authors use the Dempster-Shafer methodology to perform reasoning, and define a notion of ambiguity which is similar to entropy. It is not a true measure of entropy as the Dempster-Shafer formalism produces beliefs rather than true probabilities (as discussed in Chapter 2).

Strategies for sensor planning that make use of prior information can be found in the mobile robotics literature. One such method was developed by Takeda et al. [92] for the problem of robot localization within a scene. Their strategy is to build “Sensory Uncertainty Fields” (SUF) a priori. These estimate the distribution of possible errors in a robot configuration. Path planning consists of navigating from one point to the next based on minimizing a functional based on the magnitude of the SUF.

Other strategies exist that use a similar notion of entropy during on-line computations, in order to maximize information gain during navigation. Callari and Ferrie [23] proposed such a strategy for active recognition, and a similar approach was taken by Burgard at al.

5.4 CASE STUDY: NAVIGATION USING FLOW IMAGES

[22, 83] in the context of the mobile robotics problem of localizing an object in a scene. The key difference in the work presented in this thesis is that here the idea is to maximize the a priori information available, by building the entropy maps off-line and using them to guide the on-line navigation. The advantages of such a strategy were discussed above.

The most relevant active recognition work is that of Schiele and Crowley [85], who performed statistical recognition based on multi-dimensional receptive field histograms built from local Gaussian derivative operators in a 2D image. This work is similar in philosophy to the strategy presented in this thesis in that recognition ambiguity, linked to measurements during training, is used during data acquisition. The strategy is different in a number of important details: (1) The nature and form of the recognition problem and solution were different. (2) Their strategy did not involve constructing a 3D entropy map about each object in the database. (3) No accumulation of hypothesis evidence was performed (each viewpoint was considered independently). (4) The goal was simply maximum likelihood identity verification, which was completed after two consistent interpretations. (5) Most importantly, no navigation experiments were performed. The algorithm was only tested on the set of 2D Columbia University database images acquired by rotating each set of objects in front of a camera along one dimension.

4. Case Study: Navigation Using Flow Images

The preceding framework is now applied to the problem of planning the gaze of an active observer moving through a stationary environment with the task of identifying objects within it. Motion induces a sequence of optical flow images on the camera retina which will serve as the basic input to the recognition system. In essence, the strategy outlined in the previous section can be directly applied to the context of recognition based on flow images. The main difference in using flow images is that, at each position on the viewsphere, the system stores a series of entropy values, each associated with a different movement of the camera relative to the object at that location. The system then computes the average entropy at that location and proceeds with the non-linear smoothing as in Equation (5.2). The best location to go to is chosen as before, and the movement to induce is the one that generates the lowest entropy among the set of possible movements at that location.

Figure 5.3 illustrates a diagram of the steps involved in building an entropy map in the context of recognition based on flow images.

5.4 CASE STUDY: NAVIGATION USING FLOW IMAGES

Above, one can see the steps involved in computing the entropy map for an object in the database off-line, during training. At the center of each patch in the tessellated viewsphere about the object, the camera is swept along several arc-like motions. The result is a flow image corresponding to each movement. Recognition is performed on each flow and the posterior distribution is computed. The entropy of the distribution is stored along with the coordinates associated with each motion. Figure 5.3. Computing entropy maps.

The structure of the resulting entropy maps is best seen by example. Figure 5.4 shows two viewpoints of the entropy map resulting from gathering optical flow images densely about a viewsphere surrounding a particular database object. Each tile corresponds to a camera view of the object at the origin (superimposed onto a shaded sphere). The crosses about the maps depict the axes at the origin of the sphere, indicating camera position relative to the viewsphere. For illustration purposes, the lowest entropy values (among all the motions) are displayed at each location. In cases where some directions have correct and some incorrect recognition results, the lowest entropy value in the correct model is illustrated. The tiles are colored in accordance with their raw entropy value in Figure 5.4(a), and to their smoothed value in Figure 5.4(b). The colors range from low entropy (blue) to

5.5 SUMMARY

high entropy (red). The greyscale tiles indicate an incorrect MAP solution, with entropy ranging from black (low) to white (high).

Examining the resulting maps, one can see that their structure is such that areas that result in inter-class confusion are concentrated into relatively isolated patches on the viewsphere. In addition, the ambiguity increases in the areas surrounding the “worst” locations. The structure of the map lends itself to our navigation strategy as generally large patches are comprised of optimal viewpoints, in terms of high confidence in the correct model. The smoothed versions of the entropy map at the same location, as seen in Figure 5.4(b), illustrate both the best (the left map) and worst (the right map) locations for discrimination, in terms of location and movement. Notice that the best location is maximally far from the worst areas of high confusion or strong belief in the wrong object. This leads to the hypothesis that moving towards this location will lead to a correct solution with relative safety.

The navigation based on these entropy maps works exactly as described in Section 2, with the system now using the location and direction of movement to build a camera frame at its current position. The difference here is that the sensor is directed to the optimal location and optimal direction of motion, where new data are gathered. Over time, the expectation is that confidence in an incorrect hypothesis will decrease as further evidence is uncovered. Figures 5.5 and 5.6 illustrate the steps involved in gaze planning based on flow images,

Preliminary experimental results based on the strategy proposed in this chapter were presented in [4, 5]. Chapter 7 will illustrate the results of a set of more comprehensive navigation experiments. The input to the system will be optical flow images. The system will be compared to a navigation approach whereby the next viewpoint is chosen randomly. It will be shown that the proposed strategy converges to a solution faster and more reliably than the random approach.

5. Summary

In this chapter, an active recognition strategy was introduced whereby entropy maps, encoding object discriminability as a function of viewing position, are computed off-line. During on-line recognition experiments, these maps serve to guide a sensor towards areas that minimize the inter-class confusion between competing object hypotheses. The strategy was applied to the problem of recognizing objects based on signatures in their optical

5.5 SUMMARY

(a)

(b)

Above, one can see two viewpoints of the entropy map resulting from gathering optical flow images densely about a viewsphere surrounding a particular database object. The tiles are colored in accordance with their raw entropy value in (a), and to their smoothed value in (b). The colors range from low entropy (blue) to high entropy (red). The greyscale tiles indicate an incorrect MAP solution, with entropy ranging from black (low) to white (high)

Figure 5.4. (a) Two views of an entropy map, (b) corresponding smoothed maps.

flow images. The Bayesian recognition strategy introduced in previous chapters was easily incorporated into the navigation system. The advantage of the approach is that the combination of the feedback afforded by the gaze-planning strategy and the use of temporal filtering should reduce recognition ambiguity, and lead to a more robust solution. In the particular case of optical flow images, an interesting question (and a direction for future research) concerns the degree to which the basis obtained through training generalizes to a broader range of motions. The hypothesis here is that the combination of the two strategies should permit generalization such that recognition based on a fairly wide range of motions is possible. Later chapters will verify that the strategy works in practice.

The strategy presented here can be considered as an object verification strategy: the system estimates the object identity and moves to the best location to confirm it. The

5.5 SUMMARY

(a)

(b) Above one can see the first two steps of the navigation process. First, flow images are computed in the usual manner. Next, pose is computed as follows: Recognition is performed on the flow image. The MAP result is computed (i.e. object B in this case), and the closest image in B to the input is computed. From here, the estimate of the position on B’s entropy map is found.

Figure 5.5. Gaze planning with flow images. (a) Flow image acquisition, (b) pose estimation.

5.5 SUMMARY

(c)

(d) In the third stage of the navigation process, the best view on the entropy map of the MAP result (i.e. B) is located. The motion transform taking the sensor from the current position to the next one is computed. Finally, the motion transform is applied to the sensor, and it is moved to the next location. From here, new flow images will be acquired.

Figure 5.6. Gaze planning with flow images. (c) Best view selection and motion transform computation, (d) sensor moved to best location.

5.5 SUMMARY

strategy may not always be optimal, however the goal is to best guide the sensor based on all a priori information available. The posterior probabilities keep track of system’s current understanding regarding object identities.

The strategy is quite general. It should also be adaptable to any other sensory modalities which encode the structure of the local environment. One interesting application would be to apply the strategy to the problem of multi-part object recognition. The system could learn a priori which parts of the object render it unique based on the objects in the database. On-line, the system can be guided towards these parts of the most likely object hypothesis. In this case, pose can be determined based on part neighbourhood relationships.

One interesting question that was posed in the previous chapter was: Is there a set of characteristic motions, analogous to characteristic views, that is sufficient to ensure successful recognition results from a wide set of motions? This question was partially answered in the previous chapter, through the introduction of a strategy that built an appearance manifold for motion based on a small set of motion segments. Recognition on a larger set became possible. The entropy maps developed in this chapter can be used to extend the notion of characteristic motions to one that is analogous to the traditional notion of characteristic views, i.e. the most informative and stable position/motion combinations for recognition can be extracted directly from the maps. An interesting extension of the work would be to automate the extraction of a sufficient set of such viewpoints for recognition. To date, this problem has not been explored in the literature.

Various improvements to the navigation strategy can be employed. First, although the nearest neighbour strategy for estimating pose is quite effective, a more precise pose estimate would ensure even faster and more reliable convergence to the correct solution. However, estimating object pose is a difficult open problem, and therefore left as a topic for future research.

Second, the postulate that a single entropy map can be used for on-line navigation needs to be re-examined. Due to possible errors in the entropy map selection, a better approach would be to base navigation on the entropy maps of several competing hypotheses. This should ensure greater stability during traversal. However, finding an adequate solution to this problem is difficult. The obvious possibility is to visit each of the best views for the top competing solutions. Of course, if high ambiguity exists, this would involve visiting many locations. This would add undue expense to the strategy in cases where the ambiguity could be reduced significantly after only one view. Another approach would be to store, a

5.5 SUMMARY

priori, all the combinations of entropy maps for the set of pairs, triples, etc. of objects in the database. This quickly leads to a combinatoric explosion for any non-trivial database. Finally, an average entropy map could be built, one that leads to locations that are, on average, useful for discriminating between all the objects in the database. Of course, should the best locations for each object be spread out all over the viewsphere, the best locations on average could be quite poor for distinguishing any of the objects.

Finally, the on-line entropy results were not used except to establish convergence. A strategy for future consideration would be to use the on-line entropy as a measure of ambiguity in the recognition assertions made at the current location. This permits the possibility of assessing the validity of using the MAP assertion in navigation.

CHAPTER 6

Recognition Experiments and Results

This thesis introduces a general framework for object recognition, based on mathematical foundations that invoke fundamental laws in statistics. However, the robustness of the theory can only be verified through experimentation with a real vision system, where unforeseen problems can occur, rendering assumptions invalid and requiring additional constraints to be placed. This chapter attempts to validate the main hypotheses in this thesis through a series of real experiments. In particular, the system’s robustness at sequentially recognizing objects will be examined through its application to two very different contexts.

The first set of experiments tests the ability of the system to perform recognition based on 3D parametric models. Section 1 applies the theory to the case of recognition of superellipsoid models, fit to laser ranger-finder data gathered during an exploration sequence. In Section 2, experiments are performed on parametric descriptors of optical flow images of moving objects, acquired through appearance-based techniques. The expectation is that, in both cases, the system is capable of converging to the correct solution after a short number of views.

1. Case I: 3D Part Recognition

The focus of the first set of experiments is “recognition by parts”, where objects are seen as collections of independent parts, and recognition consists comparing each part of a segmented object to the parts of objects in the database. Here, topological relationships are not yet considered. Recognizing parts of articulated models is challenging due to problems of self-occlusion and segmentation.

Two articulated models were used in the recognition experiments: (1) a potato-head toy consisting of two ears, two eyes, a nose and a head, and (2) an alarm clock with two

6.1 CASE I: 3D PART RECOGNITION

Figure 6.1. The CRS gantry robot used for experiments. The mobile laser rangefinding system that was used to construct object models was mounted onto the end-effector of the robot arm.

bells, two legs, a cylindrical face and a back. In addition, six single-part “distractors” were placed in the database in order to render the recognition task more difficult. These objects consisted of: two spheres, a block, a cylinder, a lemon, and a block with rounded edges. These objects were chosen for the experiments because they consisted of parts that generally conformed well to non-deformable superellipsoids. In addition, the parts varied in size and shape, so as not to be clustered together too tightly in five-dimensional feature space. However, sufficient overlap of their distributions in several dimensions ensured that the recognition procedure was challenged in its discrimination task.

1.1. Experimental Setup. During training, models are constructed through a process of autonomous exploration [98, 102, 103] in which a part-oriented, articulated description of an object is inferred through successive probes with a laser range-finding system (see Chapter 3). Figure 6.1 shows the set-up used to perform experiments — a plane-of-light laser range-finding system mounted on the end-effector of a CRS gantry robot arm. Although superellipsoid models were chosen to test the system, the strategy applies to the recognition of any parametric primitive. Training was difficult due to the compounding effects of noise and uncertainty, propagated from each stage of the bottom-up process. Figure 6.2 illustrates the actual potato-head and alarm clock objects used in recognition experiments, and the representative models of each object that result from training.

6.1 CASE I: 3D PART RECOGNITION

BS B C L SS RB

1emDisplayed above are reference objects that result from training acting as “distractors” for the recognition procedure: a big sphere (BS), a block (B), a cylinder (C), a lemon (L), a smaller sphere (SS), and a rounded block (RB).

a) Original potato-head and alarm clock.

b) Reference potato-head and alarm clock models created by training.

Figure 6.2. The reference parts resulting from training.

During each iteration of on-line sequential recognition experiments, models of the parts of the potato-head toy and the alarm clock were computed using only the partial surface information from that view (i.e. range data from previous views were not merged on the surface level). These models were computed using the same bottom-up strategy that was used during the training procedure. Once again, at each stage of the process, noise and uncertainty were propagated to the next level. The result was that the recognition engine, receiving information at the top of the system, had to make assessments as to the object’s identity using information that was, at times, highly uncertain and even erroneous. This compounded the difficulty of the recognition task.

6.1 CASE I: 3D PART RECOGNITION

Recognition was performed using two different platforms: with and without probabilistic feedback. In the first case, evidence in the form of probabilities in each of the models in the database was accumulated over the viewpoints visited thus far by cascading the beliefs from one stage as priors for the next stage, exactly as described in Section 3. In the second case, the results were computed with no embedded prior knowledge, i.e. the case with a uniform prior at each iteration.

1.2. Experimental Results. The results of both types of recognition experiments for the various parts of each object can be found in figure 6.3. Here, the maximum a posteriori (MAP) solution (i.e. the object hypothesis with the highest posterior belief) was chosen at each iteration and the percentage of correct identifications was tabulated at convergence, i.e. excluding the results of the first few intervals. This ensured that the system had sufficiently stabilized prior to examination. For these experiments, the results of 15 recognition iterations were examined after an initial 5 intervals. The size of the initial interval was arbitrary, simply chosen for the purposes of illustrating the general trends.

1emAbove are the results of recognizing each of the models in the database (each abbreviated by a few letters) from new viewpoints. The bar chart indicates the results of a sequential recognition strategy, whereby the MAP solution is chosen at each of the last 15 iterations. The chart compares the results with and without feedback.

Figure 6.3. Recognition results for the potato-head and the alarm.

The results give indication as to the difficulty in recognizing instances of articulated parts of a complex object with only partial information available. In fact, with the compounded effects of self-occlusion, most parts had very little exposed surface from individual viewpoints. In fact, even when data were gathered from all around the object surface, many parts were significantly embedded within others, causing the fitting process to attempt to estimate a model with very little data to constrain it. In addition, many parts in the database were very close in parameter space (e.g. the eyes of the potato-head resembled the smaller sphere, the nose and the ears.) As a result, their distributions overlapped significantly, making it difficult to distinguish between them using the current modeling

6.1 CASE I: 3D PART RECOGNITION

scheme. The difficulty of the problem leads to somewhat weak results in the MAP solution at individual viewpoints when no feedback was applied.

The more interesting result to examine is the effect of including feedback at each stage of the incremental recognition strategy. The results in Figure 6.3 indicate that by propagating evidence in the form of probabilities, the system is able to converge to the correct hypothesis in all but a few cases. This result illustrates the strength of the method, even with the compounded uncertainties at each stage of the bottom-up process, and with the sheer difficulty of this experiment due to self-occlusion and similarity of parts.

However, displaying the MAP results only tells a small part of the story. It indicates who the winner is, yet nothing regarding the competing hypotheses. The robustness of the approach can be conveyed more informatively by examining the probability distributions for different objects over time. In Figure 6.4, one can see the probabilistic recognition results in the cases of the left leg (LL) of the alarm clock, and the left ear (ERL) of the potato-head with and without the application of feedback at each iteration. By examination of the resulting plots, one can see the dramatic stabilizing effect of applying probabilistic feedback – without it, the beliefs in the various hypotheses fluctuate wildly. However, by cascading the posteriors as priors for each viewpoint, a clear winner emerges after very few iterations. All other hypotheses vanish quickly. One can see that using this method, an active agent can gather evidence in this fashion until a composite belief associated with a particular hypothesis exceeds a predefined level, or when only one hypothesis is left. Using the described strategy, the system would stop after very few iterations and choose the correct winner.

1.2.1. Comparison with Previous Approaches. In order to illustrate the benefits of propagating information using the method presented in this thesis, the strategy was compared to an accumulation strategy introduced in previous versions of this work [3]. Here, a voting strategy was employed whereby the unnormalized beliefs were binarized and histogrammed using empirically determined thresholds. The application was to recognize the same set of 3D parametric models (i.e. thresholds of 0.00001 and 0.0001 for the potatohead and alarm clocks respectively were used). In this section, a series of experiments are described whereby the two approaches are compared.

For both recognition strategies, training proceeded as usual. Here, 10 on-line recognition experiments on the potato-head and alarm clock were performed using the two different approaches. Both systems were permitted to iterate over a fixed, long interval to ensure

6.1 CASE I: 3D PART RECOGNITION

(a) Recognizing LL: without feedback (b) Recognizing LL: with feedback

(c) Recognizing ERL: without feedback (d) Recognizing ERL: with feedback Figure 6.4. Results for the left leg (LL) of the alarm clock (a–b) and the left ear (ERL) of the potato-head (c–d) over time.

convergence in both cases in terms of repetition of a denoted winner. In the case of the strategy presented in this thesis, the winner is chosen based on the MAP solution. In the voting strategy, the winner refers to the object with the highest number of votes.

Table 6.1 illustrates the results of both experiments in terms of percentage and speed of convergence to the correct solution. The results indicate that the current strategy arrives at the correct solution quicker and more often than the previous approach, which does not perform well in accordance with these metrics. Furthermore, the previous strategy is somewhat sensitive to the threshold chosen. Table 6.2 illustrates that these results can vary depending on the different thresholds chosen for each object. The current approach does not depend on any such thresholds.

6.1 CASE I: 3D PART RECOGNITION

Comparison Metric: Bayesian Chaining Binning and Voting % Correct convergence 60 38 Avg number steps to convergence 1.87 3.34

1emAbove one can see the results of running 10 recognition experiments on the potato-head and alarm clock, using both the Bayesian chaining and voting schemes to gather evidence in the various models. The thresholds used are those found in the paper [3], i.e. 0.00001 for the potato-head and 0.0001 for the alarm clock. The table compares the two approaches using two important metrics: (1) percentage of times the system converges to the correct solution (in terms of a MAP result), and (2) average number of steps to achieve correct convergence. Notice that the current strategy is much more powerful than the previous one.

Table 6.1. Comparison of bayesian chaining and voting strategies.

Thresholds: pot:0.00001 pot:0.00001 pot:0.0001 alarm:0.0001 alarm:0.00001 alarm:0.0001 % Correct convergence 38 45 30 Avg number steps to convergence 3.34 3.68 3.85 Table 6.2. Voting strategy results using different thresholds.

Other metrics for determining convergence are possible for the strategy presented in this thesis. As statistical methods are employed, information theoretic techniques become available. For example, one possible stopping criterion can be when sufficiently low on-line entropy (in terms of a threshold) is attained. This is an accurate indication that the system has reached a conclusion with relative certainty. The voting strategy does not make use of statistical techniques and, therefore, cannot make use of such convergence metrics. As a result, one is forced to use strategies such as the one presented above, where convergence is measured as the repetition of a winner after many iterations of recognition. In this case, there is no formal way to determine the extent of the system’s ambiguity in its assertions, i.e. an analogous notion to entropy, and therefore when true convergence is attained. Another strategy that uses a voting strategy to accumulate evidence can be found in [84].

1.2.2. System Limitations. Although the system works well in most cases, it would be interesting to investigate some of the system’s limitations. Figure 6.3 illustrates two occasions whereby sequential recognition using feedback converged to an incorrect hypothesis. Here, it would seem as if not propagating evidence would be the better method of choice as, on occasion, it arrived at the correct MAP hypothesis. We will examine each of these cases in turn. In the first case, the system identified the right ear of the potato-head (ERR) as the alarm bell. Here, the extreme closeness in the part parameters in the database leads to difficulty in discrimination with only partial information available (both models can be seen

6.1 CASE I: 3D PART RECOGNITION

in Figure 6.2(b)). This problem is quite common to any recognition system where objects are extremely close in parameter space, especially with the compounded effects of noise and uncertainty.

In the second case, the system matched the back of the alarm clock (B) with the block. This case illustrates the difficulty of the recognition task when problems occur at various stages of the bottom-up system. The first problem occurred at segmentation stage. As the back model was heavily embedded within the face model, very little surface area was exposed at any individual viewpoint. This lead to difficulties in establishing proper correspondence between range data and part patches. Next, a breakdown in the modeling assumption, namely that a model of the type chosen could be sufficiently constrained to fit the data, leads to models of the clock back that varied substantially from view to view. To see this, Figure 6.5(b)–(f) illustrates various examples of the models of the alarm clock as produced from varying viewpoints. For the most part, the model chosen for the back was square in shape causing it to resemble the block. It is important to recognize that this failure is not a fundamental flaw in the recognition strategy, but rather a breakdown in various lower level processing stages in the system for this part. Despite the difficulties in the alarm clock recognition task, the sequential strategy converged to the correct solution in all but one case, that of the back of the clock.

(a)

(b) (c) (d) (e) (f)

1emAbove, one can see the (a) reference model for the block and (b)–(f) alarm clock models as generated from the bottom-up system from different viewing positions. By examining the resulting models, one can see how the system converged on the hypothesis that the back part of the alarm clock was a block. Figure 6.5. (a) Reference block model, (b)–(f) sample alarm models.

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

2. Case II: Recognition Based on Flow Images

The generalizability of the recognition framework is tested through its application to the problem of recognizing objects based on the optical flow images generated as the object moves with respect to a camera. For each of these experiments, the system was trained on a small set local motion descriptors uniformly sampled throughout the viewsphere. The first experiment tested the robustness of the system at identifying objects through motion sequences not trained on. Next, the system was tested on objects not trained on that were similar in shape to those in the database. This tested the system’s ability to generalize based on shape. Finally, recognition was attempted based on human-induced movements. The general hypothesis for these experiments is that accumulating evidence on the level of probabilities should lead to a high belief in the correct model over a short number of views.

2.1. Experimental Setup. The first problem that needs to be addressed is how to gather the entire set of training images for each object in the database. In order to permit on-line recognition based on a wide set of motions, a complete set of flow images is required about each training object. Automation of the data acquisition process is a non-trivial task. Often strategies address this problem by rotating the object at fixed intervals by hand, grabbing images at each interval [71]. This becomes infeasible with large databases, especially if the entire viewsphere about each object is to be sampled. Furthermore, the system is bound to be uneven in is sampling, causing biases towards certain object viewpoints.

For these experiments, an automated control system was developed to permit precise gathering of training images from around the viewsphere of the object. The objects were placed on a rotary table at a fixed distance from a CCD (monochrome) camera affixed to the end-effector of a CRS gantry robot (i.e. the same robot that was used in the previous set of experiments). The distance was fixed in order to permit differentiation between objects with similar shape, but with varying size. The rotary table was used to access the longitudinal positions on the viewsphere about the object of interest. The robot arm was used to reach latitudinal positions, as well as to move along arc-like motion segments at each position. With this configuration in place, the top hemisphere of the viewsphere (i.e. latitudes 0^∘ to 90^∘) was reachable by the robot. In order to expose the underside of the object, the object was manually turned over in order to gather the images along the other

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

half of the hemisphere. In this fashion, all positions along the latitude and longitude of the viewsphere were accurately reachable.

Figure 6.6 illustrates the experimental setup used. For the purposes of training, a black cloth was placed around the rotary table so as to focus the optical flow computations on the object of interest. Using this setup, the system was trained on a set of 25 household items such as cleaning products, fruit and toys (see Figure 6.7 for a group photo). Images of each of the objects can be found in Appendix C.

Figure 6.6. Experimental setup used for gathering flow images. Camera is anchored on the end of a gantry robot arm, and object placed on rotary table.

The next issue to be addressed is how to tessellate the viewsphere about the object. Any strategy that attained even (equal area) tessellation of the sphere would have been adequate. For the purposes of these experiments, the viewsphere was divided into coarse segments of equal area through a formulation that samples the sphere longitudinally at each latitude. Given a density of sampling at the equator, i.e. every 30 degrees in longitude, the question is how to sample each subsequent latitude to attain even discretization. The density of sampling needed to be gradually reduced from the equator to the poles. The following formulation was used determining the longitudinal angle to sample at each latitudinal level. Given a particular sampling angle at the equator, ang_{eq}, the longitudinal sampling angle at latitude, lat, denoted ang_{lat}, was computed as: ang_{lat} = ang_{eq} cos(lat) . (6.1)

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

Figure 6.7. 25 database objects.

This was derived by enforcing the constraint that the sampling area remains constant at each sample. Using this sampling strategy, this resulted in 92 images gathered for each object. For a database of 25 objects, this amounted to 2300 images in total.

Once each sampling position on the viewsphere was computed, the next task was to compute a local motion basis at each position so as to permit recognition from a larger set. This involved choosing short, curvilinear, arc-like motion segments that simulated movement along a great arc about the object of interest. At each position on the viewsphere, the local basis was computed by moving the robot arm along an arc in the horizontal and vertical directions. The camera orientation was fixed to an upright position. Three images, grabbed along each arc path, were used to compute an optical flow image (of size 60 × 80). The hypothesis was that the representation method would successfully generalize the motion images that lie within this range. An illustration of a typical set of such arcs at a particular location on the viewsphere can be found in Figure 6.8. The illustration shows how the three images acquired along each arc-like trajectory were used to compute a flow image at that location. Two such motions lead to the storing of two flow magnitude images at each position on the viewsphere.

As was described in Section 1, the optical flow was instrumental in locating and centering the object of interest within the image (thus achieving position normalization). Temporal scaling was performed by normalization of the optical flow magnitudes, ensuring that

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

Figure 6.8. Flow image acquisition during training.

all values lay between 0 and 255. This ensured that speed did not affect the appearance of the 3D structure, as well as reducing quantization noise.

The entire set of optical flow magnitude images were parametrized using PCA techniques, where it was determined empirically that the top 20 eigenvectors were sufficient to represent the images. Low dimensional parametric flow descriptors were established by projecting each training flow image onto the resulting basis. Then, probability distributions were generated for each object in the database as described in Chapter 4.

With this system in place, a variety of experiments were performed. Each of the experiments and their results will be described next.

2.2. Experiments. Three separate tests were administered in order to test the generalizability of the strategy. The system was tested (1) on motion sequences outside the training set, (2) on objects not part of the training set, and (3) on movements generated by humans. The hypothesis was that the system would be able to identify the objects under these different conditions, and converge to the correct solution in most cases.

2.2.1. Recognizing Objects from New Motion Sequences. In the first set of experiments, the setup used to gather images was the same as the one used in the training procedure. For the purposes of testing the generalizability of the system, the images were gathered at locations on the viewsphere where no training images were taken, and along directions other than the ones used as a basis during learning. In order to generate flow field

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

images, three images were gathered in sequence at fairly close distances from each other (at approximately 30 degree increments). Each interval, therefore, reflects a relatively small section of the viewsphere. An example illustrating a typical test sequence and the corresponding flow images of the liquid Drano bottle^1 can be seen in Figure 6.9(c)–(d). The figures illustrate how flow images computed along trajectories not trained on, i.e. in this case along a diagonal arc direction, should be close in appearance to one or both of the flow images that comprise the training basis at that location. This justified using a small orthogonal basis set for training.

1emHere one can see the tessellated viewsphere surrounding the object of interest (eg. a liquid Drano bottle). The perpendicular darker lines illustrates the arc-like trajectories comprising the motion basis for training at a particular location on the viewsphere. Examples of the resulting flow images at that location can be found in (a) and (b). The dotted lines indicate a typical test trajectory. The resulting flow images at 2 locations can be found in (c) and (d). Notice that the flow image in (d) resembles both (a) and (b) despite having been computed along a trajectory not trained on.

Figure 6.9. Motion basis and test trajectory along viewsphere. Liquid Drano bottle example: (a)–(b) Flow images along basis used for training. (c)–(d) Flow images along trajectory.

The results of applying the sequential recognition strategy to each of the objects in the database can be found in Figure 6.10. Here, we compare the results of applying probabilistic feedback at each iteration to the results obtained by independent measurements. In the first set of experiments, the system moved along 100 random trajectories^2 about each object of interest, accumulating evidence using probabilistic feedback, until a suitable level of convergence was attained. In this case, convergence was measured by an entropy level below

1This refers to a trademarked product, Drano^{T M} .

2Random trajectories refer to paths determined by a random-walk navigation strategy where tiles are visited only once, i.e. non-repeating.

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

0.01. The maximum a posteriori (MAP) solutions attained at convergence of each iteration were tabulated. For the second set of experiments, the system gathered 100 random single view data sets about each object. At each iteration, the system performed recognition and stored the MAP result. For both sets of experiments, the percentage of correct recognition identifications was tabulated. The barchart illustrates a comparison of the two strategies for all 25 objects in the database. The list of abbreviated names for the objects in the database can be found in Appendix B.

The results verify the hypothesis that the system is able to recognize objects based on the optical flow images generated by their motions relative to a camera. This indicates that the general recognition framework is applicable to a wide variety of contexts: from recognition based on 3D models to recognition based on flow images. In fact, recognition based on flow is particularly challenging due to noise and confounding information in the image. Furthermore, the results illustrate the plausibility of the hypothesis that by training on a small set of characteristic motions, one can recognize objects based on a wider set of movements. The system was able to identify each of the objects in the database based on previously unseen motion sequences. For the random set of images tested on, the MAP solutions resulting from experiments without feedback were quite good. The solution had occasional trouble where the appearance of the flow fields of different objects were similar.

It is interesting to note that the system succeeded in identifying the unknown object in cases where nearest neighbour search, a method commonly used in appearance-based recognition, failed. This was true even in cases where no feedback was applied. In fact, a comparison of the two approaches indicated that the strategy of choosing a MAP solution at single viewpoints using the probabilistic method without feedback had a win of 65% over the nearest neighbour approach. The reason for this is that by building a probability distribution for each object during training, the appearance manifold is warped in accordance with the class covariances, providing a more accurate representation of distances in eigenspace. An additional win of the probabilistic strategy is, of course, the added ability to use the uncertainty in the resulting distribution to determine the quality of the results from a particular viewpoint.

The more interesting result to examine is the effect of propagating the confidence in the various models from one iteration to another. The sequential recognition results validate the hypothesis that by accumulating evidence in the form of the beliefs, performance would improved considerably. In fact, the majority of the cases lead to convergence to perfect

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

Figure 6.10. Recognition results for the appearance flows.

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

(or near perfect) results after a short number of views. This held true in cases where, without propagation, the MAP solution fluctuated wildly from one object to another. This shows that by inexpensively propagating information at the level of the probabilities, the recognition system is provided a powerful constraint which permits it to quickly converge to the correct solution.

The power of the sequential recognition strategy is best illustrated through example. Figure 6.11 shows the results of recognition experiments on two objects: a toy tiger and a toy fish. Here, one can see examples of results of experiments that either used or did not use probabilistic feedback from previous viewpoints. In both cases, the same random data sets for each object were used. The figure shows the probabilities in all the objects in the database plotted over time. The results show the system fluctuating wildly between the object hypotheses in the cases without feedback. Whereas when feedback was applied, the system converged to the correct solution, quickly eliminating most competing hypotheses. In fact, for all objects, the system converged to a single, correct solution in a very short number of views, in most cases. This can be seen in Figure 6.12, where the average number of steps (i.e. a step refers to a viewpoint visited) to convergence for all the objects in the database is plotted. Some cases were particularly difficult, as can be demonstrated in the case of the fish, in the example of Figure 6.11(c)). Here, the system took 9 iterations to converge to the correct identification. This is because in the previous iterations, strong evidence in the tiger model lead to a fluctuation between the two objects.

2.2.2. System Limitations. By examining Figure 6.10, one can see that the system had trouble recognizing the hamburger toy (Ha). The trouble is due to the statistical indistinguishability of the hamburger and the duck model in the database in many cases. This is because, the distribution for the hamburger model in the database lay entirely within the duck’s distribution with a similar mean. In Figure 6.13, one can see the distribution of the data for both objects in the database projected onto the 3D eigenspace. An example of a particular hamburger flow image to be recognized is shown by the axes. This case illustrates a very difficult discrimination task for which the current scheme had limited success.

2.2.3. Recognizing Previously Unseen Objects. In order to further test the generality of the approach, a series of recognition experiments was performed on objects that were previously unseen by the system. These objects were similar in size and shape to objects in the database, however they had different texture patterns on their surfaces. The purpose of the experiment was to test whether the system would converge to objects in the database

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

that were of the same class type. Positive results would be an indication that the system is

robust to minor changes in size and shape, and that recognition based on flow signatures is

not very sensitive to variations in texture patterns.

Specifically, the system was presented two objects: a tube of Crest toothpaste and a

mug, different from the one in the training set. These items can be seen in Figure 6.14(a).

Recognition experiments were performed whereby the camera was moved along random

(a) Example 1: tiger - without feedback, (b) Example 1: tiger - with feedback.

(c) Example 2: fish - without feedback, (d) Example 2: fish - with feedback.

1emAbove, one can see the results of recognition experiments on two objects (toys): a tiger and a fish. (a) and (c) show the results without feedback, and (b) and (d) show the results with feedback. The y-axis shows the probabilities (ranging from 0 to 1 on an axis that reaches 3.5), the x-axis indicates the iteration in time, and the z-axis shows the corresponding objects numbered from 1 − 25. Only those objects that have probabilities over 0.1 are plotted. Notice that the cases without feedback fluctuate wildly between the object hypotheses. In general, the cases with feedback converge to the correct solution fairly quickly. This is illustrated in the first example (although convergence occured in 9 iterations in the the second case).

Figure 6.11. Examples of recognition results with and without probabilistic feedback.

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

Figure 6.12. Average number of steps to convergence.

1emAbove are the data distributions for the hamburger (lighter color) and the duck models in the database projected onto 3D eigenspace. Notice that the two distributions overlap significantly, rendering the recognition task quite difficult. The sample hamburger can be seen as a point at the center of the xyz-frame.

Figure 6.13. The hamburger and duck distributions in the database, and a sample hamburger flow image projected onto 3D eigenspace.

trajectories, accumulating evidence in the objects until convergence. The goal was to for the system to converge to objects in the database similar to the test objects: the Colgate toothpaste tube and a mug (seen in Figure 6.14(b)). One hundred such tests were performed in order to observe the average performance of the system. The results can be seen in Figure 6.14(c), where the percentage of correct convergence results (in terms of MAP) are plotted for each test object.

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

(a) Test objects: Crest toothpaste tube and new mug.

(b) Identified database objects: Colgate toothpaste tube and mug.

(c) Recognition results over 100 trials.

Figure 6.14. Recognition results with previously unseen objects.

6.2 CASE II: RECOGNITION BASED ON FLOW IMAGES

The results indicate that the system converged to the correct object type in the majority of the cases. In the case of the Crest tube, success occurred 80 percent of the time. The case of the mug proved more difficult, with a success rate of 60 percent. This is due to the differences in size between the test mug and the mug in the database. Appearance based techniques can only withstand a certain amount of variation in size before the projected components differ too substantially for any matching strategy to succeed. However, in terms of the generality of the approach, the results are quite promising. Further testing with a wider number of objects is currently being performed in the lab as the subject of a Master’s project.

2.2.4. Recognizing Objects from Human Motions. The next level of experimentation tested the robustness of the approach in adapting to more realistic and more challenging environments. In this set of experiments, a human was asked to sweep an object in front of a camera with some arbitrary arc-like motion (within the permissible set), at roughly the same distance from the camera as in training. The added difficulty of this experiment lies in the motion consistency. The types of motion induced by humans vary substantially from the motion bases trained on using calibrated equipment. Further, the benefits of using flow to achieve figure/ground separation can be seen to the full extent, as both lighting and background varied substantially from training. In this experiment motion segmentation was also used to localize the flow to a specific window.

Initial results of attempting recognition by moving several objects by hand were quite promising. Two examples of a human moving the panda in front of a camera are illustrated in Figure 6.15. A greyscale image frame from the first motion sequence can be seen in Figure 6.15(a). Beneath this image, the recognition results in both experiments were plotted for the cases with and without probabilistic feedback. The probabilities were plotted over time for the top competing objects. Objects with negligible probabilities over the entire time series were omitted for clarity.

The results of attempts at identifying the panda without making use of prior information can be found in Figures 6.15(b) and 6.15(d). In these plots, the posterior probabilities in competing objects in the database can be seen changing over time. Notice that the system had a high degree of confidence alternately in each of the competing objects over time, with no clear winner at the end of the 20 iteration sequence. The second example was particularly challenging, with the system fluctuating between 9 different object hypotheses.

6.3 IDENTIFYING INFORMATIVE VIEWS

The effects of accumulating evidence over time using the same motion sequence can be seen in Figures 6.15(c) and 6.15(e). In Figure 6.15(c), the system converged to the correct solution in one iteration and remained there throughout the experiment (with a probability of close to 1.0). Figure 6.15(e) presents the results with the most complicated motion sequence. In the first 10 iterations, the system exhibited a high degree of confidence in two different objects other than the panda (represented by the first two curves). As the evidence in the panda grew, the system developed a high belief in the panda from iteration 10 onwards, and remained confident in the correct assertion throughout the experiment. All other objects were eliminated from its set of hypotheses. Results with several other motion sequences produced constant high beliefs in the panda after one or two iterations when feedback was included, with similar fluctuation patterns in the cases without feedback.

3. Identifying Informative Views

An important bi-product of the recognition framework is ability to define a measure of the degree to which a viewpoint is informative or not, for the purpose of identification of the unknown object. There are several strategies for accomplishing this goal. As the recognition results are in the form of probability density functions, information theoretic techniques become available. In fact, the entropy of the distribution was tested as a possible measure of recognition ambiguity, leading to a automatic strategy for determining the informativeness of the viewpoint.

Through a series of tests, it was confirmed that low entropy is a good indicator of an informative view, and high entropy, a good indicator of an uninformative view. Figure 6.16 shows examples of an informative and uninformative view of a dinosaur doll. Figures 6.16(a)–(b) illustrate the raw greyscale images from low and high entropy viewpoints respectively. Figures 6.16(c)–(d) show the corresponding posterior distributions resulting from the two recognition experiments. Notice that the low entropy viewpoint leads to a clear winner in (c), whereas it is difficult to denote a winner in the high entropy situation in (d). From this viewpoint, the system is confused as to whether the object is a dinosaur (Di) or a tiger (Ti). Figure 6.17 illustrates the cause for the confusion by showing an example of the tiger doll seen from the same camera view, relative to the reference pose, that was uninformative for the recognition of the dinosaur. Notice that in this case, it would seem that the dorsal ridge of the dinosaur is the feature that the system requires for discrimination.

6.3 IDENTIFYING INFORMATIVE VIEWS

(a) Panda bear moved in front of the camera by a human.

(b) Example 1: panda - without feedback (c) Example 1: panda - with feedback

(d) Example 2: panda - without feedback (e) Example 2: panda - with feedback

1emAbove, one can see the results of two sets of experiments whereby a panda bear toy was moved in front of a camera by a human. In (a), one can see an example image from the first motion sequence. Beneath this, the results of both experiments are plotted without the use of probabilistic feedback in (b) and (d), and with feedback in (c) and (e). Notice that the probabilities fluctuate wildly in the cases where no feedback was used. The system converged to the correct solution when evidence was sequentially accumulated. In the second and more difficult case, this took 10 iterations.

Figure 6.15. Results of recognizing a panda moved by hand.

6.3 IDENTIFYING INFORMATIVE VIEWS

These results lead to the possibility of using entropy to determine whether it is possible to choose a winner from that particular viewpoint at all. If several competing hypotheses have similar probabilities, a high entropy value would indicate that the MAP result, for example, would be a misleading indication of object identity. In addition, in a sequential recognition context, a high entropy results is an indication that further sampling is required.

(a) (b)

(c) (d)

Figure 6.16. (a) Informative and (b) uninformative views of dinosaur (Di). Corresponding distributions with entropy values of (c) 0.24 and (d) 0.72 respectively.

The next chapter will confirm that every viewpoint in the entire viewsphere about each object can be labelled in accordance with its entropy a priori during training. In this

6.4 SUMMARY

(a) (b) Figure 6.17. (a) Dinosaur and (b) tiger dolls seen from the same viewpoint.

fashion, the most informative viewpoint for each object in the database will be located a priori and used during on-line navigation experiments.

4. Summary

In this chapter, an empirical justification of the theoretical framework for recognition described in earlier chapters was presented. The strategy proved to be versatile in its applicability to two very different object recognition tasks on either end of the spectrum: one based on 3D models generated from laser range-finder data and the other entirely appearance-based, with a novel twist in that motion images, rather than greyscale images, were used as inputs to the recognition engine. In both contexts, the compounded effect of noise and uncertainty lead to ambiguous and erroneous recognition results based on single views. The strategy of sequentially updating the beliefs in the various hypotheses was shown to resolve each of these ambiguous tasks, leading to a correct identification in most cases (in terms of maximum a posteriori results) after a relatively short number of views.

In the case of recognition based on flow images, the experimental results illustrate the plausibility of the strategy at successfully identifying unknown objects through a wide range of motions, generated from a different sources - either machine generated or human-induced, as well as under varying environmental conditions. This illustrated the robustness of the approach. Further, the system was shown to be capable of recognizing objects in the same shape class, but not identical to, objects that were trained on. Based on these results, further, more rigorous, testing of the extendibility of the approach becomes feasible.

One improvement to the current strategy would involve training based on different camera orientations in the image plane. In the current training system, the camera was

6.4 SUMMARY

fixed to an upright position while acquiring images. This leaves an additional degree of freedom in the rotation in the image plane (i.e. the optical axis). There are several possible strategies for overcoming this constraint. One strategy would be to train based on all possible stable resting positions for each object in the database. As most objects only have a small, finite set of stable positions, accounting for all positions should be feasible. Alternately, all possible orientations in the image plane could be artificially generated for each image acquired from single-pose training. Either strategy would result in a higher dimensional viewsphere. The composite set of acquired images would then be used to build the appearance manifold^3. An alternate strategy would be to train based on a single camera orientation, but to artificially generate all possible image plane rotations of the image of the unknown object in the scene. One interesting solution provided by Campbell and Flynn [24] was to find a canonical transformation (i.e. planar rotation) that aligned the major and minor axes of each training image acquired on a viewsphere. This worked well with elongated objects.

It is worth emphasizing that, for the purposes of testing the recognition strategy, two completely different real vision systems were built. Each approach interacted with the physical world through sensors that acquired measurements of real objects. From these measurements, two different vision systems lead to object descriptors through interactions with hardware modules (cameras, robots, etc.) as well as software modules that processed the information at each level of inference. In each case, the unpredictability and noise of the environment, as well as equipment and software errors, rendered the task much more difficult than if simulations (a popular testing vehicle) were used. Furthermore, in the particular case of recognition based on flow, an entire control system was built from scratch for the purpose of testing the algorithm. Testing the strategy on two vision systems such as these is novel in that no other strategy in the literature goes to the same lengths to justify its approach. This adds to the contribution of the work.

Although sequential recognition performance based on random samples is quite good, further processing is required for cases where efficiency in terms of speed and reliability is imperative. In the next chapter, the strategy for optimally choosing the next gaze position is empirically tested for the case of recognition based on flow. The hypothesis is that the strategy will lead to faster solutions with an even higher success rates.

3It might be more constructive to build several manifolds in this case.

CHAPTER 7

Navigation Experiments and Results

Recognition results presented in the previous chapter indicate that the system is adept at sequentially recognizing objects when the camera (or alternately, the object) is moved along a random trajectory. However, this chapter will illustrate that random navigation can lead to incorrect assertions through the acquisition of data from locations that lead to poor recognition results. Furthermore, the system is not optimized to reach a solution in the shortest number of steps. For applications that require fast and reliable solutions, further optimization techniques are required.

In this chapter, the theory presented in Chapter 5 for planning the next best gaze position was tested through a set of experiments using a real vision system. For the purposes of illustration, the theory was applied to the context of recognition based on flow images. However, the strategy is general and can be applied to any other recognition context (recognition based on 3D parametric models, for example).

The goals of the experiments were: (1) to build an entropy map off-line for each of a series of objects in a database, and to examine its structure when using optical flow images as signatures for object shape, (2) to test the ability of using these maps to guide a sensor towards optimal locations in on-line recognition experiments. It will be shown that the structure of the entropy maps is conducive for navigation, and that active recognition experiments based on these maps indicate their superiority to random sequential recognition methods in terms of recognition accuracy and speed of convergence. Further, it will be shown that despite the difficulties in recognizing objects based on single flow images, the system is able to quickly converge to a correct solution by using Bayesian updating techniques.

7.1 BUILDING ENTROPY MAPS

1. Building Entropy Maps

In the previous chapter, the second set of experiments described an off-line training strategy whereby images of 25 household products were gathered at equally spaced locations around a coarsely tessellated viewsphere. For each object, two camera sweeps were performed at each position on the viewsphere. This lead to the acquisition of greyscale images, and then to the computation of two flow images at each location. With this framework in place, little additional effort was required in order to associate recognition ambiguity, in the form of entropy, to each viewsphere position as well. In this section, the structure of the resulting maps using real data will be investigated.

Entropy maps were built for each object in the database off-line during training using the strategy presented in Chapter 5, the hypothesis being that the structure of the maps lend themselves to on-line navigation based on them. Figure 7.1 shows an example of the actual (a) entropy map and (b) smoothed map generated for the glue bottle using the training data set. For illustration purposes, each tile in the entropy map in (a) indicates the lowest entropy value among both those generated (from horizontal and vertical motion sweeps) at that location. The smoothed map in (b) is generated by first averaging the entropy over all motion directions at each location. Then, the entropy is smoothed over the entire neighbourhood. Each tile is colored in accordance with the final averaged value in order to illustrate the best locations for recognition, on average. The crosses indicate the axes through the origin of the viewsphere in order to illustrate the position of the camera at each tile.

Notice that the viewsphere used for training was fairly coarsely tessellated, making it difficult to observe the structure of the map. In order to better observe the details in the variations in entropy values, entropy maps were computed for a more finely tessellated viewsphere. First, the viewpoint position was sampled more finely, i.e. at 15^∘ intervals along the equator instead of 30^∘ intervals. Using Equation 6.1, this resulted in in 186 segments for the viewsphere. In addition to finer position sampling, motion was sampled at higher density as well. At each location, motion sweeps were performed along 4 different curvilinear (locally, arc-like) directions: along 0^∘ (horizontal), 45^∘, 90^∘ (vertical), and 135^∘. In total, 744 flow images were acquired for each object in the database. Figure 7.2(a)–(d) illustrates the resulting entropy maps for each set of directions at the higher sampling resolution for the case of the glue bottle.

7.1 BUILDING ENTROPY MAPS

(a) (b)

Images of the overall and smoothed entropy maps for the glue bottle. Recall that entropy ranges from low (blue) to high (red) if correct MAP results are attained. If recognition is incorrect, the entropy ranges from low (black) to high (white).

Figure 7.1. (a) Entropy map, (b) Smoothed entropy map using training data for glue bottle.

Figure 7.2(e) illustrates the overall entropy map seen from the same viewing position as the four others that were used to generate it. It illustrates the lowest entropy values (among all the motions) displayed at each location. In cases where recognition is correct in all directions, this is an indication of the best entropy value at that location. As well, in cases where some directions have correct and some incorrect recognition results, the lowest entropy value in the correct model is illustrated. However, when recognition is incorrect for all directions, the resulting tile illustrates the worst value at that location, i.e. the lowest entropy belief in the wrong model. The result is an slight exaggeration of the bad viewpoints for recognition in order to emphasize their locations.

In order to examine the extent to which the structure of the map lends itself to navigation experiments, Figure 7.3 shows: (a) images of the glue bottle, (b) its corresponding overall entropy map (created as described above) and (c) its smoothed entropy map. Here, results from two different camera viewpoints are shown: one that the system identified as an informative viewpoint for recognition (in blue on the left smoothed map), and one that was determined as being the worst view (in red on the right map). The structure of the maps was such that the good locations were found in large patches, with the resulting map

7.1 BUILDING ENTROPY MAPS

(a) (b)

(c) (d)

(e) Figure 7.2. Glue bottle object entropy maps corresponding to four directions: (a) 0^∘, (b) 45^∘, (c) 90^∘, (d) 135^∘, (e) Final overall entropy map.

7.2 NAVIGATION EXPERIMENTS

varying continuously. The optimal locations were chosen to be those at the center of these patches, so that navigation towards them should lead to correct recognition results, even if slight errors in positioning occur. Notice that the entropy maps match an intuitive notion of viewpoint ambiguity, as the system chose the viewpoint where the bottle is seen face-on as a relatively uninformative view. Here, very little object structure is visible. The side view, however, presents a much more distinctive viewpoint of the object shape.

Figure 6.16 demonstrated an example of how entropy can be used to distinguish an informative view from an uninformative view in the case of the dinosaur toy. Figure 7.4 shows that these viewpoints can now be located automatically through the entropy maps. Here, the dinosaur toy and its corresponding smoothed entropy map are seen from the viewpoint that the system chose as the best (lowest entropy) on the left. The worst (highest entropy) view for recognition can be seen on the right. Previously, it was explained that the high entropy viewpoint corresponded to a viewpoint where the dinosaur closely resembled the tiger.

2. Navigation Experiments

Having computed the entropy maps off-line, a series of experiments were devised to test the on-line navigation strategy based on them. The hypothesis was that the maps would guide the sensor towards the optimal locations for recognition, and that convergence to the correct hypothesis would be more frequent than if one were to use a random sequential navigation strategy.

The first series of experiments employed the same physical set-up as in training for navigation. From an initial random viewpoint, the gantry arm was moved along a local, curvilinear trajectory on the viewsphere according to the proposed navigation strategy. At each coordinate sampled along this path, a local flow measurement was made by sweeping the arm along two short curvilinear arcs. Recognition was then performed using the corresponding optical flow generated by this local motion. The system iterated until the entropy reached an arbitrarily small convergence value (e.g. 0.01 was chosen).

The difficulty of performing robot navigation experiments on-line was due, in part, to issues of reachability. At any one time, only images on the top hemisphere of the viewsphere could be acquired. Moving the sensor to the lower hemisphere to acquire images caused the view of the object to be obstructed by the stage on which it rested. As a result, when the system requested to examine the unexposed part of the object, the user was prompted

7.2 NAVIGATION EXPERIMENTS

(a)

(b)