School of Computing

Model-Based Neural Networks For Invariant Pattern Recognition

David McGregor Squire

This thesis is presented as part of the requirements for the award of the Degree of Doctor of Philosophy of the Curtin University of Technology

October 27, 1996

Acknowledgments

All attempts to acknowledge those who have helped a large project to completion are prone to the risk that someone may be left out. Nevertheless, I commence by thanking my supervisor, Terry Caelli. I cannot imagine a PhD. student being more fortunate than to have Terry as a supervisor. Throughout the entire process he has remained enthusiastic, encouraging and stimulating. Moreover, he has been a friend, providing support of all kinds.

Special thanks must go to my two good friends Tom Wild and Michael Merrylees. It is due to them that I commenced working towards this thesis. Tom introduced me to Terry Caelli, and we shared an introduction to neural networks programming together. There are functions in the Xnet package for which he is responsible. Michael was responsible for convincing me that taking on this project was a good idea, and has always been a fount of good cheer and good ideas. My other close friends, though perhaps not directly involved academically, have been vital in sustaining me. They know who they are.

All the members of the Vision Group, in both its Melbourne University and Curtin University incarnations, have collaborated to produce a happy, stimulating environment. In particular, I would like to thank Craig Dillon and Mark Ollila for help at various times with C programming and typesetting with L^ATEX. John Krivitsky has provided similar help, and has also responded promptly and effectively to my system administration requests, which were no doubt less than reasonable at times. Tom Drummond was a marvelous universal sounding-board, particularly in mathematical matters. All of them have become friends.

Finally, I must thank my parents, who have been constantly supportive throughout the years I have worked towards this thesis, as indeed they have always been. They have always encouraged me, and fostered self-belief with their faith and love.

David Squire February 10, 1997

Abstract

In this thesis, the notion of Model-Based Neural Networks is introduced. Model-Based Neural Networks, whilst retaining the essential structure and advantages of traditional neural networks, enable explicit modeling of the target system. This can result in dramatically improved generalization of classification performance to patterns not present in the training data, and representation in considerably lower-dimensional state spaces.

An important problem in many areas of computer vision is invariant pattern recognition. This is the chosen domain for demonstrating the efficacy of the Model-Based Neural Network approach. Model-Based Neural Networks can be constructed which have responses which are invariant to specified transformations of the input data. Such networks can be trained with much smaller training sets than are required by traditional networks, since it is no longer necessary to provide examples of transformed versions of the input prototypes. This, coupled with the reduction in the dimensionality of the parameter space, means that training such networks is often much less computationallyexpensive than the traditional alternative.

To situate this work, a review of existing general techniques for invariant pattern recognition is presented in Chapter 2, and of previous neural network-based approaches in Chapter 3. Chapter 4 presents a variety of different forms of Model-Based Neural Network, and demonstrates their utility on a range of invariant pattern recognition problems, both real and synthetic. Included is a comparison with an earlier study, which reveals the great improvements possible with Model-Based Neural Networks.

Chapter 5 introduces a new invariant feature of two-dimensional contours, the Invariance Signature. It is shown in Chapter 6 that a Model-Based Neural Network can be constructed which calculates this multi-dimensional feature, and classifies patterns on this basis. Chapter 7 reports experimental results demonstrating that such Invariance Signature-based MBNNs can be employed successfully for shift-, rotation- and scale-invariant optical character recognition.

Contents

Acknowledgments i

Abstract ii

1 Introduction 1 1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 1.1.1 The Classical Feed-forward Neural Network . . . . . . . . . . . . 2 1.1.2 A Matrix View of Neural Networks . . . . . . . . . . . . . . . . . 5

2 General Methods for Invariant Pattern Recognition 8 2.1 Integral Transforms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9 2.1.1 The Fourier Transform . . . . . . . . . . . . . . . . . . . . . . . . 11 2.1.2 The Fourier-Mellin Transform . . . . . . . . . . . . . . . . . . . . 12 2.1.3 Canonical Coordinates . . . . . . . . . . . . . . . . . . . . . . . . 14 2.2 Moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19 2.2.1 Geometrical Moments . . . . . . . . . . . . . . . . . . . . . . . . 19 2.2.2 Zernike Moments . . . . . . . . . . . . . . . . . . . . . . . . . . . 20 2.3 Matched Filtering and Convolution Techniques . . . . . . . . . . . . . . 22 2.3.1 Matched Filtering . . . . . . . . . . . . . . . . . . . . . . . . . . 22 2.3.2 Cross-correlation . . . . . . . . . . . . . . . . . . . . . . . . . . . 23 2.3.3 Filters Based On Multiple Templates . . . . . . . . . . . . . . . . 25 2.4 Parts and Relationships . . . . . . . . . . . . . . . . . . . . . . . . . . . 26 2.4.1 Sub-Graph Matching . . . . . . . . . . . . . . . . . . . . . . . . . 27 2.4.2 Deformable Templates . . . . . . . . . . . . . . . . . . . . . . . . 27 2.5 Contour-Based Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 28 2.5.1 The Hough Transform . . . . . . . . . . . . . . . . . . . . . . . . 28 2.5.2 Algebraic and Differential Invariants . . . . . . . . . . . . . . . . 29

3 Neural Network Approaches to Generalization and Invariance 34 3.1 Quantifying Generalization . . . . . . . . . . . . . . . . . . . . . . . . . 36 3.1.1 Hamming Distance . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.1.2 Comparison with a Teacher Network . . . . . . . . . . . . . . . . 38 3.1.3 The Effective Number of Parameters . . . . . . . . . . . . . . . . 39 3.1.4 The Vapnik-Chervonenkis Dimension . . . . . . . . . . . . . . . . 40 3.2 Improving Generalization . . . . . . . . . . . . . . . . . . . . . . . . . . 42 3.2.1 Large Training Sets . . . . . . . . . . . . . . . . . . . . . . . . . 42 3.2.2 Cognitron and Neocognitron . . . . . . . . . . . . . . . . . . . . 43 3.2.3 Cascade-Correlation . . . . . . . . . . . . . . . . . . . . . . . . . 44 3.2.4 Massive Weight-Sharing . . . . . . . . . . . . . . . . . . . . . . . 45 3.2.5 Pruning Techniques . . . . . . . . . . . . . . . . . . . . . . . . . 46 3.2.6 Using Prior Information . . . . . . . . . . . . . . . . . . . . . . . 46 3.3 Regularization Approaches to Invariance . . . . . . . . . . . . . . . . . . 48 3.3.1 Weight Decay . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48 3.3.2 Soft-Weight Sharing . . . . . . . . . . . . . . . . . . . . . . . . . 49 3.3.3 Tangent Prop . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49 3.4 Invariant Representations and Features . . . . . . . . . . . . . . . . . . . 51 3.4.1 Invariant Representations . . . . . . . . . . . . . . . . . . . . . . 51 3.4.2 Invariant Features . . . . . . . . . . . . . . . . . . . . . . . . . . 52 3.4.3 Higher-Order Neural Networks . . . . . . . . . . . . . . . . . . . 52

4 Model-Based Neural Networks 55 4.1 The Model-Based Classifier . . . . . . . . . . . . . . . . . . . . . . . . . 55 4.1.1 Relation to Adaptive Filtering . . . . . . . . . . . . . . . . . . . 58 4.2 A Simple Invariance Example . . . . . . . . . . . . . . . . . . . . . . . . 59 4.3 The Plaut and Hinton Study . . . . . . . . . . . . . . . . . . . . . . . . 63 4.3.1 A MBNN solution to the Riser/Non-riser Problem . . . . . . . . 64 4.4 Other Techniques For Improving Generalization . . . . . . . . . . . . . . 68 4.5 An Extremely Low-dimensional Solution to the R/NR Problem . . . . . 72 4.5.1 Simulated Annealing . . . . . . . . . . . . . . . . . . . . . . . . . 73 4.5.2 Modified Backpropagation . . . . . . . . . . . . . . . . . . . . . . 76 4.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5 Invariance Signatures 79 5.1 Lie Transformation Groups and Invariance . . . . . . . . . . . . . . . . . 80 5.1.1 Definition of a Group . . . . . . . . . . . . . . . . . . . . . . . . 80 5.1.2 One Parameter Lie Groups in Two Dimensions . . . . . . . . . . 80 5.1.3 From Infinitesimal to Finite Transformations . . . . . . . . . . . 81 5.1.4 Derivation of the Rotation Transformation . . . . . . . . . . . . 82 5.1.5 Functions Invariant Under Lie Transformations . . . . . . . . . . 84 5.2 From Local Invariance Measures to Global Invariance . . . . . . . . . . 85 5.2.1 The Local Measure of Consistency . . . . . . . . . . . . . . . . . 85

5.2.2 The Invariance Measure Density Function . . . . . . . . . . . . . 86 5.2.3 Invariance Space: Combining Invariance Measure Densities . . . 91 5.2.4 Discrete Invariance Signatures . . . . . . . . . . . . . . . . . . . 93

6 A Neural Network for Computing Invariance Signatures 95 6.1 The Invariance Signature Neural Network Classifier . . . . . . . . . . . . 95 6.1.1 Lie Vector Field Generation . . . . . . . . . . . . . . . . . . . . . 97 6.1.2 Local Orientation Extraction . . . . . . . . . . . . . . . . . . . . 99 6.2 Calculation of the Local Measure of Consistency . . . . . . . . . . . . . 103 6.3 Calculation of the Invariance Signature . . . . . . . . . . . . . . . . . . . 104 6.3.1 The Binning Unit . . . . . . . . . . . . . . . . . . . . . . . . . . 104

7 Character Recognition with Invariance Signature Networks 106 7.1 Retention of Sufficient Information . . . . . . . . . . . . . . . . . . . . . 106 7.2 Perfect Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106 7.2.1 Departures from Exact Invariance . . . . . . . . . . . . . . . . . 106 7.2.2 The Data Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107 7.2.3 Selected Networks Applied to this Problem . . . . . . . . . . . . 108 7.2.4 Reduction of Data Dimensionality . . . . . . . . . . . . . . . . . 108 7.2.5 Perfect and Network-Estimated Local Orientation . . . . . . . . 110 7.3 Optical Character Recognition . . . . . . . . . . . . . . . . . . . . . . . 114 7.3.1 The Data Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115 7.3.2 Selected Networks Employed for this Problem . . . . . . . . . . . 116 7.3.3 Results for Traditional Neural Networks . . . . . . . . . . . . . . 117 7.3.4 Results for Invariance Signature Neural Network Classifiers . . . 118

8 Conclusion 130 8.1 Using Weighting Functions to Constrain Networks . . . . . . . . . . . . 131 8.2 The Invariance Signature Neural Network Classifier . . . . . . . . . . . . 132 8.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

A Publications 135

B Introduction to the Xnet Neural Network Simulator 136 B.1 Familiarization with Xnet . . . . . . . . . . . . . . . . . . . . . . . . . . 137 B.1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137 B.1.2 Starting Xnet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137 B.1.3 Loading a Network . . . . . . . . . . . . . . . . . . . . . . . . . . 137 B.1.4 Specifying an Input Vector For The Network . . . . . . . . . . . 137 B.1.5 Training Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140 B.1.6 The Training Control And Monitoring Window . . . . . . . . . . 141

B.2 Creating Networks And Training Sets with Xnet . . . . . . . . . . . . . 146 B.2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146 B.2.2 The XOR problem . . . . . . . . . . . . . . . . . . . . . . . . . . 146 B.2.3 Creating A Network . . . . . . . . . . . . . . . . . . . . . . . . . 146 B.2.4 Creating a Training Set . . . . . . . . . . . . . . . . . . . . . . . 150 B.2.5 Training A Network To Solve The XOR Problem . . . . . . . . . 152 B.3 Generalization and Repeatability . . . . . . . . . . . . . . . . . . . . . . 155 B.3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155 B.3.2 Generalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156 B.3.3 Repeatability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

Bibliography 162

List of Figures

1.1 A classical feed-forward network. The weighting function between all pairs of levels is of type M.1. . . . . . . . . . . . . . . . . . . . . . . . . 3

4.1 Examples of Risers (left) and Non-risers (right) from the Plaut and Hinton (1987) classification problem. Signals were to be classified as R or NR as a function of their spectrogram shapes. These are the training patterns used in the simulations in this thesis. . . . . . . . . . . . . . . 65 4.2 The MBNN used to solve the riser/non-riser classification problem in this study. Input (top) to second level connections are modeled by Gabor (M.3)-type connections. Other connections are defined by M.1 connections. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66 4.3 Response of MBNN to a riser. Note that the left-hand Gabor layer is responding to the vertical component of the pattern. . . . . . . . . . . 68 4.4 Response of MBNN to a non-riser. . . . . . . . . . . . . . . . . . . . . . 69 4.5 A MBNN that solves the Riser/Non-riser problem with only 22 parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72 4.6 Variation in training and test set errors and classification performance during training of a 22 parameter MBNN with simulated annealing. . . 75 4.7 Catastrophic failure during training of a 22 parameter MBNN with backpropagation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77 4.8 Overfitting of training data, resulting in diminished test set performance during training of a 22 parameter MBNN with backpropagation. . . . . 78

5.1 Infinitesimal transformation leading to rotation. . . . . . . . . . . . . . 83 5.2 Local Measure of Consistency as a function of arc length. . . . . . . . . 87 5.3 Square of side 2L. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90 5.4 Invariance Density Measure with respect to rotation for a square. . . . 91 5.5 Example of a sampled contour and its estimated tangents. . . . . . . . 94 5.6 20 bin discrete Invariance Signatures for the contour in Figure 5.5. . . 94

6.1 Invariance Signature-based contour recognition system. . . . . . . . . . 96

6.2 x̄ module. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98 6.3 Coordinate matching module for node x_i. Output 1 when: |x_i − x̄| < θ. 99 6.4 Tangent estimation with varying window sizes, using the eigenvector corresponding to the largest eigenvalue of the covariance matrix. . . . . 100 6.5 Tangents estimated with a window size of 35 × 35. . . . . . . . . . . . . 101 6.6 Calculation of the dot product of the tangent estimate θ and the vector field corresponding to rotation, for the image point at coordinates (i, j). 103 6.7 Neural module which calculates the absolute value of its input. . . . . . 104 6.8 Neural binning module. . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

7.1 Training set of canonical examples of unambiguous characters. . . . . . 108 7.2 Test set of ideally shifted, rotated and reflected letters. . . . . . . . . . 109 7.3 Test patterns classified correctly by the TNNs. . . . . . . . . . . . . . . 111 7.4 Classification performance and errors of TNN 2 during training. . . . . 113 7.5 Test Patterns Misclassified by the 5 Bin Invariance Signature Neural Network Classifiers, and the training examples as which they were incorrectly classified. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114 7.6 The characters scanned to generate the real data set. The box shows the border of an A4 page (210mm × 297mm) so that the size of the original characters may be judged. The dashed line shown the partition into training and test data. . . . . . . . . . . . . . . . . . . . . . . . . . 121 7.7 Training set of thinned, scanned characters (Part 1). . . . . . . . . . . 122 7.8 Training set of thinned, scanned characters (Part 2). . . . . . . . . . . 123 7.9 Test set of thinned, scanned characters (Part 1). . . . . . . . . . . . . . 124 7.10 Test set of thinned, scanned characters (Part 2). . . . . . . . . . . . . . 125 7.11 Tangents estimated for training examples of the letter “a”. . . . . . . . 126 7.12 5 bin Invariance Signatures for training examples of the letter “a”. . . . 127 7.13 Tangents estimated for training examples of the letter “x”. . . . . . . . 128 7.14 5 bin Invariance Signatures for training examples of the letter “x”. . . . 129

B.1 Xnet main window on startup. . . . . . . . . . . . . . . . . . . . . . . . 138 B.2 Xnet file load dialog box. . . . . . . . . . . . . . . . . . . . . . . . . . . 139 B.3 Xnet network “ab.net”. . . . . . . . . . . . . . . . . . . . . . . . . . . . 139 B.4 Window for specifying a vector in Xnet. . . . . . . . . . . . . . . . . . 140 B.5 Input and output vectors as displayed in the Xnet main window. . . . 141 B.6 Window for creating, viewing or editing a training set. . . . . . . . . . 142 B.7 Window for training a network. . . . . . . . . . . . . . . . . . . . . . . 143 B.8 Xnet window for specifying network dimensions. . . . . . . . . . . . . . 147 B.9 Xnet two layer XOR network (still unconnected). . . . . . . . . . . . . 148 B.10 Xnet window for specifying the way layers should be connected. . . . . 149

B.11 Training patterns for the XOR problem. . . . . . . . . . . . . . . . . . 151 B.12 The sigmoid function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153 B.13 Example test patterns for network trained using “ab.pat”. . . . . . . . 157 B.14 Network used for classify patterns as a digit. . . . . . . . . . . . . . . . 158 B.15 Training pattern for the digit “2”. . . . . . . . . . . . . . . . . . . . . . 159 B.16 Performance of networks trained on digit classification data. . . . . . . 161