
A System for Diagnosis Support of Patientswith Faialis ParesisA. Gebhard, D. Paulus, B. Suhy, and S. WolfAbstratIn this ontribution we present a system for diagnosis support of patients with single{sided faialparesis. This kind of paresis produes learly visible asymmetries inside the patient's fae. Thesystem bases on the analysis of these asymmetries. There are two areas of appliation for the system:On the one hand it provides an objetive judgement of a paresis in the lini, and on the other handit an be used for the patient's rehabilitation proess as a \home trainer".1 IntrodutionIn this artile, we onsider the problem of diagnosissupport of patients with single{sided faial paresis.Approximately 350 patients per year are registeredin the Department of Oto{Rhino{Larygology of theUniversity of Erlangen with new ourrenes of thistype of paresis (f. [6℄ as an overview). The urrentway to diagnose the paresis is a subjetive judge-ment of the funtionality of the fae musles by aphysiian. The patient performs mimi exerisessuh as losing the eyes or showing the teeth, whilehe is observed by the physiian. The subjetive ob-servations of the physiian are then graded by faialnerve grading systems[2, 5℄.The appliations of our system are on the onehand diagnosis support in the lini. We want toimprove the subjetive judgments of a physiianby objetive measurements and numerial featuresfrom the fae. On the other hand the supervision ofthe rehabilitation proess of the patient will be en-haned by plaing the system to the patient's home.One part of the rehabilitation program is to per-form ertain mimi exerises. The patient an usethe system as a home trainer and does not have totravel to the lini.In setion Set. 2 we show examples of the ap-pearane of faial paresis. Three major modules ofthe system are the loalization of faes and faialfeatures in portrait images (Set. 3.1), the evalua-tion of faial asymmetries (Set. 3.2), and the las-si�ation of a fae whether it ontains faial paresis(Set. 3.3). In Set. 4 results are presented. and wesummarize in Set. 5.2 Appearane of Single{SidedFaialis ParesisThe appearane of single{sided faial paresis di�ersin a broad range. It dependends on the grade ofthe paresis and of the urrent state of the mimimusulature. In many ases, almost no signs of theparesis an be observed in a relaxed fae. The ap-pearane an be emphasized in a anonial way byperforming spei� mimi exerises. In Fig. 1a) andFig. 1b) the patient tries to lose his eyes while inFig. 1) and Fig. 1d) he tries to show his teeth orpoint his mouth. The missing ontrol of some faial

musles produes learly visible asymmetries insidea patient's fae.3 SystemThe presented system is adapted for patients withsingle{sided faial paresis i.e.,approximately 99% ofall patients with faial nerve paresis. The preseneof a paresis is determined by the evaluation of faialasymmetries during the performane of mimi exer-ises. Five olor portraits if ; i = 1; :::; 5 of the pa-tient are aptured where the patient keeps his faerelaxed (1), lifts his eyebrows (2), loses his eyes(3), shows his teeth (4), and points his mouth (5).Additionally, a bakground olor image b withoutthe patient is generated prior to the exerises.The diagnosis supporting system an be subdi-vided into several modules. The major modulespresented in the following are the loalization offaes and faial features in portrait images, the eval-uation of the asymmetries inside the fae, and alassi�ation module of the paresis. The systemis embedded in a knowledge{based environment asshown in [4℄, whih is still work in proess.3.1 LoalizationThe system bases on the loal image analysis in theneighborhood of the eye and the mouth orners.Therefore the goal of the loalization module is toloalize those orners. We proeed in a oarse{to{�ne strategy.The �rst step is to detet and loalize the pa-tients head inside the portrait images if . The pro-eeding is shown in Fig. 2. In Fig. 2a) we see theimage b of the heterogenous, stati bakground.Fig. 2b) shows image 1f : the user in the foregroundwith a relaxed fae. The binary di�erene image1d of 1f and b shown in Fig. 2) ontains the seg-mented patient. A row{wise, top{to{bottom searhdelivers the top of the headH (Fig. 2d). The inter-setion points of the shoulders and the image bor-der S1 and S2 are found by traking the margins of1d. To get the nek points N 1 and N 2 we use theonnetion lines l1 of H and S1 and l2 of H andS2. The biggest di�erene of the x{oordinates ofl1 and the left ontour of the patient is assumedto be nek point N 1. N 2 is determined similar-ily with l2 and the right side of the ontour. The1
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Fig. 1: Appearane of faialis paresisfae enter FM is alulated fromH, N 1, and N2:xFM = xH+xN1+xN23 , and yFM = 2yH+yN1+yN24 .Starting from FM �ve rays searh the upperhead silhouette in W(est), NW, N, NE and E di-retion. Every last point inside the foreground part(id = 1) is assumed to be a sampling point of thehead outline. That gives the upper points F 1 toF 5 of the head silhouette. F 2 to F 4 are mirroredon the onnetion line of F 1 and F 5. The resultingpoints are F 8, F 7, and F 6, whih are estimates ofthe lower points of the head ontour.The next step is to loalize the eyes' and themouth's region inside the faes. We proeed asshown in Fig. 3. Fig. 3a) shows the edge strengthrepresentation of a human fae. The eyes, noseand mouth appear lighter as they ontain a higheramount of vertial gradient. With the optimizationof the model parameters shown in Fig. 3b) the lo-alization of the feature regions is performed. Thegoal of the optimization is to determine the modelparameters in a way that the ratio of the edge en-ergy inside the feature regions to the area of theregions is as large as possible. The optimization isperformed in a sequential way. The eyes are foundin the middle of the fae and beneath the the eyesthe nose/mouth region is found. For the optimiza-tion a simplex method with an adaptive randomsearh initialization [1℄ is used. A loalization re-sult is given in Fig. 3).The last step is to loalize the orners of the eyesand the mouth. We observe that those orners pro-due dark areas in the image ompared with theirsurrounding. We use a searh method to loalizethe orners of faial features: Starting at the outerolumns of the determined feature regions we alu-late the olumn's average gray value and ompareit with the minimal gray value of the olumn. If theratio of both values is lower than a given threshold,we assume that the position of the minimal grayvalue is the position of the angle of the faial fea-ture.

3.2 Evaluation of Faial Asymme-triesIn our system faial asymmetries are analyzed withaveraging Gaussian masks [3, 7℄, a speial kind ofa steerable �lter. The loalized eye and mouth or-ners (Set. 3.1) are used as keypoints of the Gaus-sian masks shown in Fig. 4. Fig. 4a) shows a av-eraging Gaussian mask. The extrated signaturesSel ; Ser ; Sml ; and Smr at the keypoints ontain loalorientation information of the surrounding of theeye and mouth orners (e.g. the opening angles ofthe mouth and the eyes). The orientation infor-mation is used to evaluate the asymmetries of thetwo halves of the fae. Features for the asymmetryare the orrelations of the left and right signaturesextrated at the eyes' and mouth's angles. Thesefeatures extrated from the orrelation of the sig-natures will be used to lassify the faial paresis.3.3 Classi�ation of Faial ParesisFaial paresis is determined by the evaluation ofthe faial asymmetries. We assume that the asym-metries whih an be observed in the ase of theimage 1f (patient with relaxed fae) depend on il-lumination or anatomi fats whih are not relatedto the paresis and therefore have to be ignored. Thisis done by normalizing the features extrated fromthe images 2f to 5f by those extrated from 1f(f. Set. 3.2). The normalization is done by alu-lating the ratios of the signature orrelations. Weget four ratios for the eye and the mouth region. Ifone of the ratios of the eye region is above a thresh-old, we assume faial paresis in the eye region. Weproeed analogially for the mouth region.4 ResultsWe tested our system with 19 persons (10 with pare-sis in the eye region, 12 with paresis in the mouthregion). The problem was to deide whether theuser has paresis in the eyes' and/or mouth's regionor not. First experiments showed promising results.2
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Fig. 2: Segmentation of the patient and loalization of the fae region.7 of the 10 eyes and 10 of the 12 mouthes with pare-sis were reognized orretly. Also 8 of the 9 eyesand all 7 mouthes without paresis were reognizedorretly.5 SummaryWe presented a system for diagnosis support of pa-tients with single{sided faial paresis. Portrait im-
ages of a patient performing ertain mimi exeriseswere analyzed with averaging Gaussian masks. Theloal strutural information was used to evaluatethe faial asymmetries inside the patient's fae. Theasymmetries where normed to avoid asymmetries asresult from the illumination. If a feature represent-ing the normed asymmetry exeeds a threshold thefaial region is assumed to ontain faial paresis.Referenes1. S. M. Ermakov and A. A. Zhiglyavskij. On random searh of global extremum. Probability Theory andAppliations, 28(1):129{136, 1983.2. J.W. House. Faial nerve grading systems. Laryngosope, 93:1056{1069, 1983.3. M. Mihaelis and G. Sommer. Juntion lassi�ation by multiple orientation detetion. In Pro. ThirdEuropean Conferene on Computer Vision, volume I, pages 101{108, Stokholm, Sweden, May 2-6, J.O. Ek-lundh (Ed.), Springer LNCS 800, 1994.4. H. Niemann. Knowledge based proessing of medial images. In this Volume.5. E. Stennert, C. H. Limberg, and K. P. Frentrup. Parese- und Defektheilungs-Index. HNO, 25:238{245,1977.6. S. Wolf, M. M�uller, W. Shneider, C. Haid, and M. Wigand. Faial nerve funtion after transtemporalremoval of aousti neurinomas: Results, time ourse or funtion and rehabilitation. In M. Samii, editor,Skull Base Surgery, pages 894{897. Hannover, 1992.7. W. Yu, K. Daniilidis, and G. Sommer. Approximate orientation steerability based on angular gaussians.Submitted to IEEE Trans. on Image Proessing.
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Fig. 3: Loalization of faial features. a) Vertial edge strength representation of a fae image. b) Para-metri model for faial features. ) Loalization results. Ser(�)b)
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