Proceedings of the 8th International Symposium on Artificial Intelligence, 124—131Monterrey, Mexico, October 17-20, 1995LEARNING SYMBOLIC DESCRIPTIONS OF 2D SHAPESFOR OBJECT RECOGNITION IN X-RAY IMAGESMarcus A. MaloofRyszard S. Michalski*Machine Learning and Inference LaboratoryGeorge Mason UniversityFairfax, VA 22030-4444{maloof,michalski}@aic.gmu.edu* Also, Institute of Computer SciencePolish Academy of ScienceABSTRACTThis paper describes a method for learning shapedescriptions of 2D objects in x-ray images. Thedescriptions are induced from shape examples using theAQ15c inductive learning system. The method hasbeen experimentally compared to k-nearest neighbor, astatistical pattern recognition technique, and artificialneural networks. Experimental results demonstratestrong advantages of the AQ methodology over theother methods. Specifically, the method has higherpredictive accuracy and faster learning and recognitionrates. The application considered is detecting blastingcaps in x-ray images of luggage. An intelligent systemperforming this detection task can be used to assistairport security personnel with luggage screening.INTRODUCTIONThis paper concerns the development of amethodology for shape learning and recognition, and itsapplication to learning symbolic descriptions ofblasting caps in x-ray images under varying perceptualconditions. Task-oriented segmentation and eventextraction are used to isolate objects of interest inimages and to form a set of training examples in a pre-defined representation space. The training examples arepassed to a learning system that produces generaldescriptions of the concepts to be learned.The concept descriptions are then validated usingtesting examples of blasting caps and non-blastingcaps, prepared apriori by a human operator. Aftervalidation, the learned descriptions are ready to be usedfor classifying unseen objects into blasting caps andother objects. The classification process uses a flexiblematching method that determines a degree of matchbetween an object to be classified and the obtainedconcept descriptions, rather than a strictly logical yes-or-no match.This research intends to both make a contributionto the methodology of vision through learning andsolve an important practical problem. An intelligentsystem capable of identifying blasting caps in x-rayimages could assist airport security personnel withluggage screening.The proposed method uses the AQ15c inductiverule learning system for generating blasting capsdescriptions. To evaluate the proposed method, thedescriptions obtained by the proposed learning systemand other systems were compared in terms of theirpredictive accuracy and learning and recognition rates.Experimental results demonstrated strong advantages ofthe proposed method over k-nearest neighbor [17], astatistical pattern recognition technique, and artificialfeed-forward neural networks [20]. Other experimentsusing this methodology have been reported by Maloofand Michalski [8] and Bala et al. [2].The next section provides background on theAQ15c learning system and flexible matching, andreviews relevant applications of machine learningtechniques to problems in machine vision. Section 3describes the proposed method, and section 4 detailsobtained results. Section 5 discusses the contributionand significance of the results and outlines plans forfuture research.BACKGROUNDAn emerging new research area, Machine Visionthrough Learning (MVL), investigates the applicabilityof modern machine learning methods to problems inmachine vision and the development of vision systemswith learning capabilities [14]. From the computervision standpoint, research in this area may helpsimplify the development of vision systems andincrease their flexibility and adaptability. From themachine learning standpoint, its goal is to produce newlearning methodologies capable of dealing with thecomplexities of visual perception. Potentially,machine learning methods can be used for a greatvariety of computer vision problems. This paperconcentrates on one specific problem area, that ofapplication of symbolic learning to shape description of2D objects.

The AQ Learning ApproachIn the AQ learning approach that is used in thisstudy, a visual concept description is in the form ofdecision rules. Each rule is a conjunction of relationalstatements, each involving typically (but not

LEARNING DESCRIPTIONS OF SHAPE2necessarily) one attribute. The description is inducedfrom a set of training examples and problem domainknowledge. Each training example is a vector of valuesof multitype discrete attributes (nominal, linear, orstructured) with an indication of the decision class(visual concept) it belongs to.Advantages of this approach include relatively highspeed of learning, the possibility of parallel ruleexecution (and thus high speed of object recognition),ease of introducing and utilizing domain knowledge, theability to work with large number of attributes to detectirrelevant attributes, high understandability of thelearned concept descriptions, and the ability to generatedescriptions of different types and different levels ofgeneralization. Disadvantages include the need forquantizing continuous attributes, and a limited power ofthe descriptive language (the use of axis-paralleldiscriminating surfaces). These disadvantages can bereduced by introducing flexible concept matchingtechniques (which create much more complex, non-axisparallel concept boundaries), and constructive inductionwhich allows the system to create derived attributes thatcan represent complex representation spacetransformations and concept boundaries.In this study, we use inductive learning systemAQ15c, in which concept examples, domainknowledge, and concept descriptions are built using anattributional representation language, called Variable-Valued Logic One, or VL1 [1]. To make this paperself-contained, we begin by characterizing very brieflythe description language. VL1 decision rules (that canrepresent concept examples, domain knowledge andconcept descriptions) are in the form:Di <:: CiwhereDiis the decision part of the rule, and is typically inthe form of one elementary statement that assignsa value to a decision variable,Ciis the condition part of the rule, and stated in theform of a conjunction of elementary statements(such a conjunction is also called a �complex�),and<::is the decision assignment operator (logicallyequivalent to implication).An elementary statement (also called an elementarycondition or �selector�) is in the form:�[� <referee> <relation> <referent> �]�where<referee>is a member of the finite set ofattributes,<relation>is a relational operator (=, <>, >, <, >=,<=), and<referent>is a subset of the domain of <referee>.For example, [length > 2mm] and [color = red v blue]are elementary conditions. An elementary condition issatisfied by an object, if the value of the attribute statedin the condition for this object satisfies the <relation>between the <referee> and the <referent>.In a crisp or strict matching convention, a givendecision class is assigned to an object if the propertiesof an object satisfy the condition part of the rule. In aflexible matching convention, the rule is satisfied if thedegree of match between an object and the rule is higherthan the degree of match between the object and othercandidate rules.In the default parameter setting, AQ15c creates amaximally general hypothesis (a ruleset) that describesall the training examples and no negative examples.Negative examples of a given concept either areexplicitly labeled as such, or in the case of multipleconcept learning, are positive examples of all otherconcepts to be learned.Finding a hypothesis that contains the minimumnumber of rules is a form of the general set coveringproblem [9]. Since this problem is NP-hard, the AQalgorithm (that underlies program AQ15c) solves thisproblem in a quasi-optimal manner, that is, finds asolution that is optimal or near-optimal.Briefly, the AQ algorithm randomly selects one ofthe positive training examples (referred to as the seed)and then builds a set of alternative, maximally generaldescriptions of this seed (referred to as the boundedstar). A domain-dependent preference criterion is usedto select the most preferable rules from the boundedstar. If the current description (the set of rules obtainedso far) covers all positive examples, then the algorithmstops; otherwise, a new seed is selected from the yet-uncovered positive examples and the process repeats.The AQ algorithm guarantees completeness andconsistency of learned concepts. (Completeness meansthat the learned concept covers all positive examples.Consistency means that a learned concept does notcover any negative examples.) When examples arenoisy, the system may make hypotheses that arepartially incomplete or inconsistent.

Recognition Through Flexible MatchingAfter learning and validation, generated conceptdescriptions are incorporated into a system and can bedeployed for concept recognition. Under a strictmatching convention, if the example�s attribute valuessatisfy the condition part of a rule, then the decisionclass to which the rule belongs is assigned.Conceptually, rules carve out decision regions inan event (representation) space, defined by the attributeschosen to characterize objects. Figure 1 illustrates suchregions: the concept description C1, consists of threerules (illustrated by overlapping rectangles), andconcept description C2 consists of two rules.

LEARNING DESCRIPTIONS OF SHAPE3Figure 1: An illustration of concepts examples andtheir descriptions.C1C2 e2s1s2e1EIf an unclassified example, such as example e1 inFigure 1, falls within one of the decision regions, it isassigned the decision class associated with that region.Thus, example e1 would be assigned to decision classD1. If an example does not fall within any decisionregion, as is the case with example e2, then in the strictmatching mode it is not assigned any decision. In theflexible matching mode, a degree of match (somefunction of the distance) between the example and allthe concept regions is computed, and the best matchindicates the decision class. Flexible matching thushelps to alleviate the brittleness associated with strictrule-based reasoning systems.Several flexible matching schemes exist tocalculate the degree of match between examples andconcepts. The method employed here works as follows[18]. The degree of match si between the example e2and the concept description Ci consisting of ncomplexes is given by:

σ i = α_{ij}β^{ijj=1}_n∑ − α_{ij}β^{ijj=1}_n∏

(1)whereaij is the number of conditions in rule j of concept Cisatisfied by example e2, andbij is the total number of conditions in rule j of conceptC i .F o r m u l a 1 y i e l d s a r e a l n u m b e r i n t h e r a n g e [ 0 , 1 ] , where 0 represents no match and 1 represents completematch.

RelatedMVLWorkS h e p h e r d [ 1 6 ] u s e d a d e c i s i o n t r e e l e a r n i n g a l g o r i t h m t o c l a s s i f y s h a p e s o f c h o c o l a t e s f o r a n i n d u s t r i a l v i s i o n s y s t e m . U s i n g f e a t u r e v e c t o r s t o represent examples, Shepherd compared a decision treealgorithm, k-nearest neighbor (k-nn), and a minimumdistance classifier using classification accuracy.Classification accuracies for these learning methodswere comparable with the minimum distance classifier,which produced the highest accuracy of 82%.Cromwell and Kak [5] characterized object shapesusing feature vectors for images containing electricalcomponents such as resistors, capacitors, andtransistors. Concepts were learned by applyinginductive generalization rules and selecting the conceptthat explains the most examples from the training set.Their induction methodology was based on Michalski[12]. The average classification accuracy for theirsystem was 72%. No comparisons were made to otherlearning systems. The foundations for applying AQ learning torecognition problems in vision were laid by Michalski[10, 11]. In those seminal papers, AQ was used tolearn relationships between image objects and conceptsfor discriminating between classes of images (texturesand simple structures). Windowing operators were usedto extract low-level features from texture samples,which were presented to the AQ learning algorithm.These ideas were further developed by Channic [4], whoused convolution operators (e.g., the Kirsch operator)in conjunction with windowing operators for featureextraction. Channic proposed learning from sequencesof images and used iterative and incremental learningfor inducing multilevel texture descriptions fromultrasound images of laminated objects. Pachowicz andBala [15] used the above AQ methodology with amodified set of Laws� masks for texture featureextraction and applied various description optimizationtechniques (e.g., the SG-TRUNC method [19]) foralleviating problems encountered by the introduction ofnoise. Bala [1] also introduced and applied to texturerecognition methods for concept optimization (AQ-GA), and learning a large number of classes (PRAX).METHODOLOGYThe symbolic learning methodology used hereclosely parallels Michalski�s [11] and Bala�s [1], andproceeds through a five step process: (1) Region ofInterest (ROI) Determination, (2) Event Extraction, (3)Discretization, (4) Learning, and (5) Recognition (seeFigure 2). These steps are described in the followingsubsections.

Determination of Regions of Interest (ROI)The first step involves determining which imageregions are of interest, i.e., likely contain blastingcaps. For illustration, Figure 3 shows two sampleimages of luggage containing blasting caps. In theexperiments, we used an image set consisting of 30images. The images were obtained by x-raying luggage

LEARNING DESCRIPTIONS OF SHAPE4Figure 2: Basic steps of the learning and recognitionmethodology.ClassificationTraining SetTesting SetConceptsImagesTraining EventsObjects

Event Extraction2.Discretization3.Learning4.Recognition5.

1.ROI Determinationcontaining blasting caps, as it be would in an airportscenario: flat in relation to the x-ray source, but rotatedin the plane orthogonal to the x-ray source.Examples of airport luggage were constructed byplacing different types of blasting caps at differentpositions and orientations in the bag and adding otherobjects, such as shoes, calculators, bolts, pens, and thelike. For this initial study, 5 of the original 30 imageswere selected. The selected images were of low tomoderate complexity in terms of blasting cappositional variability, degree of occlusion, and clutter.Regions of interest were isolated and selected in thefollowing manner:1.Convolve image with 5x5 Gaussian.2.Convolve image with 5x5 Laplacian.3.Equalize Histogram.4.Threshold image at the mode of the pixeldistribution.5.Select user-identified ROI or objects.Operations 1—4 yielded binary images, from which anexpert selected 53 objects and divided into two classes:blasting caps, containing 22 objects, and non-blastingcaps, containing 31 objects.

Event ExtractionAfter ROI determination, image objects aredescribed in terms of values of the attributes definingthe representation space for learning. The attributesincluded:1.Area: Area of an object2.Length: Length of the object�s perimeter3.Major: Length of the major axis of a fitted ellipse,4.Minor: Length of the minor axis of a fitted ellipse5.Compactness: Ratio between area and perimeter.Table 1 describes the representation space for thisproblem (the attributes and their ranges).Table 1. Representation space for blasting caps.AttributePossible Range

Area37....675

Length22.40....169.80

Major8.04....58.35

Minor3.39...25.72

Compactness0.16....0.87

Values of the selected attributes were computed for the53 regions identified in the ROI determination phase.Each object example was thus represented by a vectorof real-valued attributes, except for the Area attribute,which is integer-valued .

DiscretizationSince AQ15c [18] operates on discrete attributes,the real-valued attributes, such as Length and Major(Table 1), require discretization. To further optimizethe representation space, integer-valued attributes, likeArea, can be projected into a smaller range. Such aprocess represents an abstraction operation on therepresentation space (as defined in the Inferential Theoryof Learning [13]).Several techniques exist for discretizing real-valuedattributes including equal-width-intervals and equal-frequency-intervals [7]. With equal-width-intervals, thereal range is divided into n equal-sized intervals and realvalues are mapped into the first n integers. A problemwith this approach is that if the classification algorithmneeds to discriminate between two real values and thesevalues are mapped into the same range, any basis fordiscrimination is destroyed. In other words, the scalingprocedure excessively abstracts the data.Equal-frequency-intervals involves discretizingbased on the frequency distribution of attribute valuesover the real-valued range. A problem associated withthis technique is that a small group of importantoutliers could be grouped with a larger cluster ofattribute values. Conversely, an important grouping of

LEARNING DESCRIPTIONS OF SHAPE5Figure 3: Sample x-ray images of luggage containing blasting caps.

LEARNING DESCRIPTIONS OF SHAPE6Table 5: Performance summary for classification technique.LearningMethodAverageRecognitionAccuracyBestSinglePerformanceAverageLearningTimeAverageRecognitionTime

AQ15c95%100%0.1s0.02s

ANN79%95%7.5s0.003s

k-nn (k = 1)69%88%0 . 0 7 s 0 . 0 2 sb e c o v e r e d b y m o r e t h a n o n e r u l e ) . T h e s e w e i g h t s indicate the strength of rules.RecognitionF o r e a c h r u n , f o l l o w i n g t h e l e a r n i n g s t e p , t h e i n d u c e d d e c i s i o n r u l e s w e r e u s e d t o c l a s s i f y t h e e x a m p l e s i n t h e t e s t i n g s e t . T h i s p r o d u c e d a c l a s s i f i c a t i o n r a t e f o r t h e r u n . F o u r s t a t i s t i c s w e r e c o m p u t e d f o r e a c h 5 0 0 r u n e x p e r i m e n t : a v e r a g e recognition rate, best single performance, and averagel e a r n i n g a n d r e c o g n i t i o n t i m e s . T h e a v e r a g e recognition rate for an experiment is the average of therecognition rates for each of the 500 runs. The bests i n g l e p e r f o r m a n c e i s t h e h i g h e s t c l a s s i f i c a t i o n r a t e a c h i e v e d b y t h e l e a r n e r o n a n y s i n g l e r u n o f a n experiment. The average learning time is the averagetime spent learning a concept description from trainingexamples for each of the 500 runs. Finally, the averagerecognition time is the average time spent testing theconcept on testing examples for each of the 500 runs.This testing and validation methodology was also usedf o r e x p e r i m e n t s i n v o l v i n g o t h e r l e a r n i n g m e t h o d s . W h e n t e s t i n g e x a m p l e s u s i n g A Q 1 5 c , t h e f l e x i b l e matching scheme described in section 2.2 was used.EXPERIMENTAL RESULTSThree experiments were conducted using AQ15c,k-nn, and an artificial feed-forward neural network,using the testing and validation method describedabove. These learning methods were compared usingaverage classification accuracy, best single performance,and average learning and recognition times.k-nn works by taking a testing example andfinding its k closest neighbors in the representationspace using some distance measure. Typically k is oddto prevent ties. The class with the most closestneighbors is assigned as the decision class for thetesting example. k-nn is an example of a memory-based learning technique. Preliminary experimentswere conducted using 2-fold cross-validation, with k =1, 3, 5, 7, 9, 11, 13 and 15 using an Euclidean distancemeasure. k = 1 produced the best results. Asubsequent experiment consisting of 500 runs using 2-fold cross validation resulted in an average recognitionaccuracy of 69% and a best single performance of 88%.The second experiment was with the Quickpropimplementation [6] of a feed-forward neural network[20]. An artificial neural network (ANN) is a non-symbolic learning model inspired by the neuronalarchitecture of the human brain. The class ofmultilayer feed-forward networks is capable of learningnon-linear statistical regularities from pre-classifiedexamples. These models are considered non-symbolicsince learned concepts are represented as real-valuedweights distributed throughout the network�sconnections.The neural network architecture chosen was a 1hidden layer network with 5 input, 4 hidden, and 2output units. Training and testing data were uniformlymapped into a continuous real range of [0, 1]. Outputpatterns were encoded as a linear representation of eachof the two possible classes of objects. Again,preliminary experiments were conducted to determinethe network�s architecture and learning parameters.Subsequently, 500 learning and recognition runs wereconducted using 2-fold cross-validation. The averagerecognition accuracy was 79%, while the best singleperformance was 95%.The final experiment involved AQ15c, describedearlier. After preliminary experiments helped determinelearning parameters, 500 runs were conducted using 2-fold cross-validation. The average recognition accuracywas 95%, while the best single performance was 100%.Figure 4 shows an induced hypothesis for the cap classthat achieved 100% classification accuracy on testingdata. Table 5 summarizes the performance of the threelearning methods. Figure 5 shows the learning curvesfor the three methods. This graph represents how theclassification accuracy increases with respect toincreasing amounts of training data.DISCUSSIONIn our experiments, AQ15c, a symbolic rulelearning method used in this study, achievedsignificantly better average predictive accuracy ontesting data than both k-nn and a neural network (95%vs. 69% and 79%). It learned somewhat more slowlythan k-nn (0.1s vs. 0.03s), but an order of magnitudefaster than neural network (0.1s vs. 7.5s). Therecognition times of new examples were comparable infor AQ15c and k-nn, but significantly slower than for

LEARNING DESCRIPTIONS OF SHAPE7Figure 5: Learning curves for the three classificationmethods.

Original Training Data (%)

Predictive Accuracy (%)505560657075808590951009182736455463728190

AQ15c ANN k-NNneural net (20ms vs. 3ms). One may observe,however, that AQ15c decision rules can be executed inparallel, for example, by executing them on a neuralnetwork, in which case the recognition rates would beequally fast [2].As mentioned earlier, one of the most importanttrademarks of the AQ15c learning system is highcomprehensibility of knowledge (decision rules) itgenerates. VL1 decision rules are easy to understandand interpret by a human expert. They can be easilyt r a n s l a t e d i n t o E n g l i s h . N e u r a l n e t w o r k s l a c k t h i s feature, because its knowledge resides in real-valuedw e i g h t s d i s t r i b u t e d t h r o u g h o u t t h e n e t w o r k� s connections, and thus carry little meaning for an expert.H i g h u n d e r s t a n d a b i l i t y o f t h e V L 1 r u l e s m a k e s i t p o s s i b l e f o r h u m a n e x p e r t s t o m o d i f y a n d i m p r o v e them. For example, human experts drawing on theird o m a i n k n o w l e d g e m i g h t m o d i f y t h e r a n g e s o f r u l e conditions determined by the ChiMerge discretizationstep or remove some spurious condition. Since expertsc a n u n d e r s t a n d t h e r u l e s , t h e y c a n a l s o e s t i m a t e t h e consequences of changes made to the rules.I t i s p r e c i s e l y t h i s k i n d o f u n d e r s t a n d i n g a n d a possibility of human control that is needed for somea p p l i c a t i o n s , e s p e c i a l l y t h o s e i n w h i c h a s y s t e m i s s u p p o s e d t o a s s i s t h u m a n s i n m a k i n g d e c i s i o n s affecting other humans.CONCLUSIONSThe work presented in this paper is a naturalprogression and extension of our previous research onapplying symbolic machine learning to visionproblems [10, 11, 4, 15, 1, 2, 8]. Among the mainadvantages of the method proposed here are relativelyhigh learning speed, high prediction accuracy and highunderstandability of the decision rules.Machine learning can be applied potentially atdiffering levels of object representation (i.e., the pixellevel, the feature level, and so on), and can be used inconjunction with a variety of vision processes, such asmodel formulation, pose estimation, and segmentation.This paper has demonstrated one such application,specifically, to acquiring symbolic descriptions of 2Dshapes for object recognition.The primary weakness of the currentimplementation is the need for human involvement inROI determination. Consequently, this is one of thetasks of future research. Another weakness (shared alsoby many other learning programs) is the assumptionthat the given representation space (as defined by thechosen attributes and their domains) is sufficientlyrelevant to the problem at hand. This assumption canbe weakened by the application of a constructiveinduction program, such as AQ17 [3], able toautomatically improve the knowledge representationspace. In future work, we intend to investigate theapplicability of constructive induction to this andrelated problems. We also plan to apply the proposedmethod to other computer vision problems, such asgesture recognition, medical image analysis, andsatellite image interpretation.ACKNOWLEDGMENTSThe authors wish to thank Eric Bloedorn for readingpreliminary drafts of this paper. The authors greatlyappreciate the support of a Doctoral Fellowship fromthe School of Information Technology and Engineeringat George Mason University. This research wasconducted in the Machine Learning and InferenceLaboratory at George Mason University. TheLaboratory�s research is supported in part by theAdvanced Research Projects 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 of ScientificResearch, in part by the Office of Naval Research underGrant No. N00014-91-J-1351, and in part by theNational Science Foundation under Grants No. IRI-9020266 and DMI-9496192.REFERENCES[1]Bala, J. W. (1993) Learning to recognize visualconcepts: development and implementation of amethod for texture concept acquisition throughinductive learning. Ph.D. Dissertation, GeorgeMason University, Fairfax, VA.[2]Bala, J. W.; Michalski, R. S.; and Pachowicz,P. W. (1994) Progress on vision throughlearning at George Mason University.Proceedings of the 1994 Image UnderstandingWorkshop, 191—207.

LEARNING DESCRIPTIONS OF SHAPE8[3]Bloedorn, E.; Wnek, J.; Michalski, R. S.; andKaufman, K. (1993) AQ17 � A multistrategylearning system: the method and user�s guide.Reports of the Machine Learning and InferenceLaboratory, MLI 93—12. Machine Learning andInference Laboratory, Department of ComputerScience, George Mason University, Fairfax, VA.[4]Channic, T. (1985) TEXPERT: An applicationof machine learning to texture recognition.Master�s Thesis, University of Illinois, Urbana.[5]Cromwell, R. L., and Kak, A. C. (1991)Automatic generation of object class descriptionsusing symbolic learning techniques. AAAI-91,710—717.[6]Fahlman, S. E. (1988) An empirical study oflearning speed in back-propagation networks.Technical Report CMU-CS-88-182. Departmentof Computer Science, Carnegie-MellonUniversity, Pittsburgh, PA.[7]Kerber, R. (1992) ChiMerge: discretization ofnumeric attributes. AAAI-92. 123—128.[8]Maloof, M. A., and Michalski, R. S. (1994)Learning descriptions of 2D blob-like shapes forobject recognition in x-ray images: an initialstudy. Reports of the Machine Learning andInference Laboratory, MLI 94—4. MachineLearning and Inference Laboratory, Departmentof Computer Science, George Mason University,Fairfax, VA.[9]Michalski, R. S. (1969) On the quasi-minimalsolution of the general covering problem. FifthInternational Symposium on InformationProcessing, A3: 125—128.[10]Michalski, R. S. (1972) A variable-valued logicsystem as applied to picture description andrecognition. IFIP Working Conference onGraphic Languages, 21—47.[11]Michalski, R. S. (1973) AQVAL/1 � computerimplementation of a variable-valued logicsystem VL1 and examples of its application top a t t e r n r e c o g n i t i o n . First International JointConference on Pattern Recognition, 3—17.[12]Michalski, R. S. (1980) Pattern recognition asrule-guided inductive inference. IEEETransactions on Pattern Analysis and MachineIntelligence 2.4:349—361.[13]Michalski, R. S. (1994) Inferential Theory ofLearning: developing foundations formultistrategy learning. In Michalski, R. S., andTecuci, G., eds., Machine Learning: AMultistrategy Approach, Vol. IV, 3—61. SanFrancisco, CA: Morgan Kaufmann.[14]Michalski, R. S.; Rosenfeld, A.; andAloimonos, Y. (1994) Machine vision andlearning: research issues and directions. Reportsof the Machine Learning and InferenceLaboratory, MLI 94—6. Machine Learning andInference Laboratory, Department of ComputerScience, George Mason University, Fairfax, VA.[15]Pachowicz, P. W., and Bala, J. W. (1991)Texture recognition through machine learningand concept optimization. Reports of theMachine Learning and Inference Laboratory, MLI95—4. Machine Learning and InferenceLaboratory, Department of Computer Science,George Mason University, Fairfax, VA.[16]Shepherd, B. A. (1983) An appraisal of adecision tree approach to image classification.IJCAI-83, 473—475.[17]Weiss, S. M., and Kulikowski, C. A. (1992)Computer systems that learn: classification andprediction methods from statistics, neural nets,machine learning and expert systems. SanMateo, CA: Morgan Kaufmann.[18]Wnek, J.; Kaufman, K.; Bloedorn, E.; andMichalski, R. S. (1995) Selective inductionlearning system AQ15c: the method and user�sguide. Reports of the Machine Learning andInference Laboratory, MLI 95—4. MachineLearning and Inference Laboratory, Departmentof Computer Science, George Mason University,Fairfax, VA.[19]Zhang, J., and Michalski, R. S. (1989) Ruleoptimization via the SG-TRUNC method.Proceedings of the Fourth European WorkingSession on Learning.[20]Zurada, J. M. (1992) Introduction to artificialneural systems. St. Paul, MN: West Publishing.