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F ebruary 15, 2000Physics Department, University of Rome 'La Sapienza'P.zza A. Moro, 3 00161 Rome, Italyfcaputo, giganteg@caspur.itAbstractIn this work we present a quantitative study on di�erentregions of periapical images with a series of textural features,extracted using cooccurrence matrices; those features are usedfor a pattern recognition analysis by means of an arti�cial neu-ral network. The obtained results show that it is possible torecognize in an objective way changes in bone pattern.1 IntroductionRadiographs are the most accurate diagnostic aid for the detection ofosseous abnormalities in the maxilla and the mandible [1]. Densityand gray-scale variations are important visual features the cliniciansuse to evaluate changes in bone pattern; yet the diagnostic accuracy ofradiography for periapical bone lesion is limited, due to its dependencyfrom the observer. Computerized analysis to help the decision-makingprocess might be of signi�cant value for improving the diagnostic pro-cess.In this paper we present a quantitative study on di�erent regions ofperiapical images with a series of textural features, extracted using co-occurrence matrices, to be used for a pattern recognition analysis; theclassi�cation step has been performed by means of an arti�cial neural1



network. The obtained results show that it is possible to automaticallyselect di�erent changes in bone patterns.The paper is organized as follows: Section 2 presents a short reviewabout the co-occurrence matrices method. In Section 3 some experi-mental results are presented; �nally Section 4 drawns the conclusions.2 Theoretical BackgroundStatistical techniques for texture analysis are based on the assumptionthat the relevant information in a texture image I is contained inthe spatial relationship within the gray levels in the image. The Co-occurrence Matrix (CM) method has been proposed by Haralick in1973 [2], and since then has been widely used for texture analysis;results reported in [3], [4] shows the e�ectiveness of this methods forthe classi�cation of periapical bone lesion texture.The CM of an image I is de�ned as the matrix of relative fre-quencies Pij with which two neighboring pixels, divided by distance d,occurr on the image, one with gray-level i and the other with gray-levelj: CM�(d; �) = [Pij(d; �)] (1)The CM is a function of the angular relationship between the neigh-boring pixels as well as a function of the distance between them. Typ-ical choosed values for the angle � are 00 ; 450 ; 900 ; 1350 . For an Nggray levels image, the CM will be of size Ng � Ng. If Ng is too large,the number of pixel pairs contributing to each element of the CM willbe low, and the statistical signi�cance poor. On the other hand, ifthe number of gray level is too low, much of the texture informationmay be lost in the image quantization. It must then be stressed thatthe value of d is critical too for the analysis and it must be comparedwith the typical size of the texture pattern element; if d is too large,we are averaging over several texture elements, and we get randomcorrelations; if d is too small, we are looking at details of the pattern.In texture classi�cation, individual elements of CMs are seldomused; instead, features are computed from the matrices. A large num-ber of textural features have been proposed, starting with the originalfourteen features described in [2]. According with the results reportedin [4], we've used the set of features listed above:2
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X i f̂(i; j)3 Experimental Results54 X-ray images, produced using an RVG system [1], were selectedfrom the database of the School of Dentistry of the University of Rome'La Sapienza' based on visual criteria and clinical results. From ev-ery image were selected two Region Of Interest (ROI), correspondingto regions where the periapical lesions were visible or not. The di-mensions of ROIs varies from 10 � 10 pixels to 20 � 20 pixels; we'veobtained a �nal database of 108 ROI.3



Figure 1: An example of periapical lesionset1 set2TP rate 0.89 0.91FP rate 0.11 0.09Table 1: Obtained results for the two di�erent cases setsWe computed for every ROI the CMs and the �ve features as de-scribed in Section 2, with Ng = 16 gray levels, and d = 1; the resultsreported in [3] shows that for d � 2 there are no signi�cant improve-ments.A three-layers, feedforward, backpropagation neural network (withone neuron in the hidden layer) was learnt to classify the two di�erentkinds of texture. Two di�erent combinations of learning and testingsets were used, the sets being of 30 (set1) and 50 (set2) learning case,and 78 and 58 testing cases, respectively. In order to remove thedependency of a speci�c partitioning on the analysis, we decided touse 10 di�erent partitions of the data set for setting up the learning andtest sets. To evaluate the performance of the network, we consideredthe True Positive (TP) and False Positive (FP) rates of classi�cation,where the TP rate is de�ned as the ratio of cases correctly classi�edto the total number of cases in the test set, and the FP rate as theratio of cases misclassi�ed to the total number of cases in the test set.The obtained results are shown in Table 1.
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4 ConclusionsIn this paper we presented a model, based on statistical textural fea-tures, able to classify di�erent regions, in radiographic images of pe-riapical lesions, in which the abnormalities are visible or not. The ob-tained results show the e�cacy and robustness of this representationand, at the same time, encourage the development of this approach inorder to obtain a follow-up system for supporting the decision-makingprocess by physicians.References[1] E. T. Yokota et al, Interpretation of Periapical Lesions UsingRadioVisioGraphy , Journal of Endodontics, Vol 20, No 10, 1994;[2] R. M. Haralick, K. Shammugam, I. Dinstein, Textural Featuresfor Image Classi�cation, IEEE Trans. on Sys., Man and Cyb.,Vol 3, No 6, 1973;[3] B. Caputo, L. Gallottini, Studio Pilota per l'Identi�cazione diLesioni Periapicali da immagini Digitali per mezzo di Caratteris-tiche Tessiturali, 3th National Conference of 'Collegio dei Docentidi Odontoiatria', Rome, 1996;[4] M. Ripari, C. Maggiore, L. Gallottini, B. Caputo and J.P. Resi,Classi�cation of Periapical Lesion from Digital Images with Tex-tural Features , Journal of Dental Research, Vol 77, No 5, Divi-sional Abstract, May 1998.
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