Learning Descriptions of 2D Blob-Like Shapesfor Object Recognition in X-Ray Images:An Initial StudyM. A. Maloof and R. S. MichalskiMLI 94-4August 1994

Learning Descriptions of 2D Blob-Like Shapesfor Object Recognition in X-Ray Images:An Initial StudyAbstractThis paper describes a method for applying AQ15c to learning shape descriptions of 2D blob-like objects in x-ray images. The methodology and initial experimental results are discussed,along with comparisons to k-nearest neighbor and to feed-forward neural networks. TheAQ15c learning method is shown to have distinct advantages over the aforementionedtechniques in terms of higher or comprable classification accuracy, learning and recognitiontime, and understandability of learned concepts. This approach is well-suited for recognizingobjects that can be isolated in the image using histogram and thresholding techniques and thathave little internal structure.Key words: machine learning, machine vision, shape recognition, concept learning.AcknowledgmentsThe authors would like to thank the many people whose useful discussions contributed to thiswork: Jerzy Bala, Eric Bloedorn, Ibrahim Imam, and Ali Hadjarian. The authors wish to alsothank those who read preliminary drafts of this paper and provided valued comments: PeterPachowicz, Jerzy Bala, Janusz Wnek, Eric Bloedorn, and Ibrahim Imam.This research was conducted in the Center for Machine Learning and Inference at GeorgeMason University. The Center�s research is supported in part by the Advanced ResearchProjects Agency under Grant No. N00014-91-J-1854, administered by the Office of NavalResearch, and the Grant No. F49620-92-J-0549, administered by the Air Force Office ofScientific Research, in part by the Office of Naval Research under Grant No. N00014-91-J-1351, and in part by the National Science Foundation under Grants No. IRI-9020266 andDMI-9496192.

21IntroductionIn this paper, AQ15c (Wnek 1994) symbolic learning is used to learn shape descriptions of 2Dblob-like objects in x-ray images. The class of objects is a set of x-rayed blasting caps from animage database. The methodology and experimental results are presented, along withcomparisons to k-nearest neighbor (Weiss and Kulikowski 1992), a statistical patternrecognition technique, and to a feed-forward neural network (Zurada 1992), which anonsymbolic learning method. Symbolic learning methods have some distinct advantages overthe aforementioned methods, and in this case, provided higher or comprable classificationaccuracy. This approach is well-suited for recognizing objects that can be isolated in the imageusing histogram and thresholding techniques and that have little internal structure.Briefly, the paper�s organization is as follows. Section 2 provides background and a relevantreview of applications of machine learning techniques to problems in machine vision. Section3 discusses our methodology. Section 4 details our results, while in Section 5, we discuss thecontribution and significance of these results and plans for future research.2BackgroundAnew and emerging research area, called Machine Learning and Vision (MLV) appliesmachine learning techniques to problems in machine vision (Michalski et al. 1994). From avision standpoint, this research stands to quicken vision system development, and in thedeployment phases, will add flexibility and adaptability. For learning, this research willinevitably produce powerful techniques and methodologies for dealing with the complexities ofvision data. Although various machine learning techniques can potentially be used in a varietyof contexts within a vision system, here we concentrate on how learning can be used to induceconcept descriptions of shape for simple 2D objects.2 . 1 Representation Language and AQ LearningIn the approach presented, a concept description is induced from a set of pre-classified trainingexamples within the context of background knowledge. The induced concept description canthen be used to classify or recognize unknown objects. By using this approach, a fewepistemological assumptions are made. First, that each training example is descriptive of theconcept to be learned. Second, that given training examples for a concept are sufficient to learna concept description. Sufficiency is either assumed or guaranteed by an expert. Third andfinally, future unknowns will be from the same classes from which the training examples weredrawn.Examples, background knowledge, and concept descriptions must be expressed using arepresentation, preferably a symbolic representation. Symbolic representations are stressedbecause of the importance of human understandability of learned concepts. Each potentialrepresentation carries along with it a representational bias, which is a bias introduced by therepresentation chosen to express knowledge that ultimately affects how and what knowledgeare and can be represented. The AQ15c concept learning system (Wnek 1994) uses anattributional representation language based on Variable-Valued Logic, or VL1 (Michalski1973), to learn decision rules from training examples. We begin by defining a finite set ofrelevant attributes and finite attribute domains for a given problem. Each training example isexpressed as a vector of attribute values. Hypotheses are induced by AQ and have the form:

3D1 <:: C1whereC1is a concept description or cover consisting of a disjunction of complexes,D1is the decision class assigned by C1, and<::denotes a class assignment operator.Complexes or rules are conjunctions of selectors or conditions, each having the form:[<referee> <relation> <referent>]where<referee>is a member of the finite set of relevant domain attributes,<relation>is a relational operator (=, <>, >, <, >=, <=), and<referent>is a subset of the finite domain for <referee>.Under strict matching conventions, a decision class is assigned if one of the rules in its cover istrue. A rule is true if all of its selectors are true.The objective is to induce a set of decision rules that describes the training examples in amaximally general way. The difficulty arises with the term maximally general. When phrasedin this manner, the problem of finding a maximally general description becomes an instance ofthe set covering problem. That is, find a minimal set of attribute-value pairs that covers (orexplains) all the positive concept examples while not covering any of the negative conceptexamples. Negative concept examples either are explicitly labeled as such, or in a multipleconcept learning context, are formed by the remaining training examples for all other concepts.The set covering problem is known to be NP-complete, but the AQ algorithm (Michalski 1969)solves the set covering problem in a quasi-optimal manner. Briefly, the AQalgorithmrandomly selects one of the positive training examples (referred to as the seed) and uses thisexample as the basis to compute a maximally general description with respect to the negativeexamples (referred to as the bounded star). Apreference criterion is used to select the mostpreferable description from the bounded star. If this description results in all positive examplesbeing covered, then the final concept description is the disjunction of all descriptions selectedfrom bounded stars. If positive events remain uncovered by the description, then the algorithmis repeated until all positive examples are covered. AQ15c (Wnek 1994) is the most recentimplementation of the AQ algorithm.2 . 2 Related MLV WorkShepherd (1983) used a decision tree learning algorithm to classify shapes of chocolates for anindustrial vision system. Using feature vectors to represent examples, Shepherd compared adecision tree algorithm, k-nn, and a minimum distance classifier using classification accuracy.Classification accuracies for these classifiers were comprable with the minimum distanceclassifier producing the best accuracy at 82%.Cromwell and Kak (1991) also characterize object shapes using feature vectors for imagescontaining electrical components such as resistors, capacitors, and transistors. Concepts arelearned by applying generalization rules and selecting the concept that explains the mostexamples from the training set. Their induction methodology is based on Michalski (1980).The average classification accuracy for their system was 72%. No comparisons were made toother classifiers.

4The foundations of applying AQlearning to recognition problems in vision were laid byMichalski (1972, 1973). In those seminal papers, AQwas used to learn and discriminateamong classes of textures. These ideas were further developed by Bala (1993). In this work,eight Laws� masks were used to filter structural (e.g., vertical edges) and surfacecharacteristics (e.g., average pixel value in a neighborhood) from a variety of differenttextures. The eight extracted values from the Laws� masks taken from a region of the textureserved as a training example for the AQ algorithm. Pachowicz (1989) compared AQand k-nnon similar data using average classification accuracy. AQaveraged 80% accuracy, while k-nnaveraged 70%.3MethodologyThe problem to be solved is classifying or recognizing blasting caps in x-ray images. Avisionsystem performing this task could be used as a focus-of-attention system for airport securitypersonnel who are tasked with searching luggage for potentially dangerous objects.The symbolic learning methodology used here closely parallels Michalski�s (1973) and Bala�s(1993) and proceeds through a five step process: (1) Data Reduction, (2) Blob Isolation, (3)Discretization, (4) Learning, and (5) Recognition. (See Figure 1.) The following subsectionsdescribe the methodology in greater detail.DiscretizationLearningRecognitionFeatureExtractionThresholdReduceClassification

TrainingSet

TestingSet

Rules

Images

Measurements

Blob Isolation

1.2.3.4.5.Figure 1: Five step learning and recognition methodology.

53 . 1 Data ReductionThe first step in pre-processing vision data for machine learning algorithms is data reduction,which is designed to decrease the volume of the vision data without significantly or adverselyaffecting the image content (i.e., the objects to be recognized). The explicit steps involved aredependent on the images being used and the types of features to be extracted. Examples of datareduction operations include reducing the size of the images or quantizing a 255 gray levelimages to 4 gray level images. For this application, we scaled the image and quantized imagegray level values. The details of this reduction are discussed in section 3.4.3 . 2 Blob IsolationAfter reducing the image data, our objective was to isolate pertinent blobs present in the capimages and compute a suite of statistics that characterize the blobs. Asimilar approach wastaken by Sydow and Cooper (1992).Using a threshold operation, we were able to isolate 1—3 blobs in each image (see Figure 2b).The blobs corresponded to the plug area (see Figure 2c, area 1), the primary high explosive(Figure 2c, area 2), which contains heavy metals, and the base of the cap (Figure 2c, area 3).Depending on the quality of the x-ray and the type of cap, the blobs corresponding to the baseand the primary high explosive were either not present or integrated with the plug area. Thethreshold level was set based on the image histogram.