cmr12.300MASSA CHUSETTS INSTITUTE OF TECHNOLOGY AR TIFICIAL INTELLIGENCE LABORA TOR A.I. Memo No. 1391 Decem er, 1992 cmbx10.622Recognition Protot yp es cmbx10.432Ronen Basri cmbx12.300Abstract cmr10.300sc heme for recognizing cmmi10.300cmr10.300 ob jects from single cmmi10.300cmr10.300 images is in tro duced. The sc heme pro ceeds in stages. In the �rst stage, the cmti10.300 ate gorization stage cmr10.300the image is compared to protot yp ob jects. or eac protot yp e, the view that most resem bles the image is reco ered, and, if the view is found to similar to the image, the class iden tit of the ob ject is determined. In the second stage, the cmti10.300 identi�c ation stage cmr10.300the observ ed ob ject is compared to the individual mo dels of its class, where classes are exp ected to con tain ob jects with relativ ely similar shap es. or eac mo del, view that matc hes the image is sough t. If suc view is found, the ob ject’s sp eci�c iden tit is determined. The adv an tage of categorizing the ob ject efore it is iden ti�ed is ofold. First, the image is compared to smaller um er of mo dels, since only mo dels that elong to the ob ject’s class need to considered. Second, the cost of comparing the image to eac mo del in class is ery lo w, ecause corresp ondence is computed once for the whole class. More sp eci�cally the corresp ondence and ob ject ose computed in the categorization stage to align the protot yp with the image are reused in the iden ti�cation stage to align the individual mo dels with the image. As result, iden ti�cation is reduced to series of simple template comparisons. The pap er concludes with an algorithm for constructing optimal protot yp es for classes of ob jects. cmr9.300Cop yrigh cmsy9.300cmr9.300 Massac usetts Institute of ec hnology 1993 This rep ort describ es researc done at the Arti�cial In telligence Lab oratory of the Massac usetts Institute of ec hnology and the McDonnell-P ew Cen ter for Cognitiv Neuroscience. Supp ort for the lab oratory’s arti�cial in telligence researc is pro vided in part the Adv anced Researc Pro jects Agency of the Departmen of Defense under O�ce of Na al Researc con tract N00014-91-J-4038. Ronen Basri is supp orted the McDonnell-P ew and the Rothc hild ostdo ctoral fello wships. cmbx12.300In tro duction cmr10.300Our orld con tains an erwhelming ariet of ob jects. While eople demonstrate outstanding abilities to mem- orize and recognize thousands of ob jects 27 37 38 ], computer vision applications largely fail to accommo- date these um ers. Apparen tly the main to ol that en- ables eople to e�ectiv ely handle this massiv amoun of ob jects is categorization. By dividing the ob jects in to classes, the visual system is capable of concluding prop- erties of unfamiliar ob jects from their resem blance to familiar ones. or familiar ob jects, categorization o�ers an indexing to ol in to the stored library of ob ject repre- sen tations. Recognition can erformed in di�eren \lev els of abstraction". or example, the same ob ject can rec- ognized as face, uman face, or as sp eci�c erson’s face. Psyc hological studies suggest the existence of pre- ferred lev el for recognition, called \the basic lev el of ab- straction" 33 ]. Existing computational sc hemes usually approac recognition in either one of lev els. Sev eral sc hemes attempt to classify ob jects in their basic lev el of abstraction (w refer to this task cmti10.300 ate gorization ), cmr10.300while other sc hemes attempt to determine the sp eci�c iden tit of ob jects (w refer to this task cmti10.300 identi�c a- tion ). cmr10.300 This pap er presen ts no el approac for recogni- tion that com bines the tasks. see ho the tasks are related, consider the fol- lo wing example. Supp ose ou are alking do wn street, and someone is coming to ards ou. ou lo ok at the erson’s face, and it lo oks familiar, but ou cannot tell who it is. So ou try to picture the eople ou kno who lo ok lik the erson ou see, un til �nally ou realize who the erson is. um er of yp otheses can dra wn from this story First, recognition can brok en in to stages: cat- egorization and iden ti�cation, where categorization is eliev ed to precede iden ti�cation. Second, during the course of recognition the image is compared against um er of ob ject mo dels. Assuming that indeed catego- rization precedes iden ti�cation, only mo dels that elong to the ob ject’s class need to considered. Finally when new mo del is compared to the image, the comparison pro cess ma ene�t from the use of information acquired during categorization. Note that the situation describ ed here is not sp eci�c to faces. One can imagine that simi- lar situations ccur when other ob jects, suc as animals, cars, and hairs, are observ ed. see ho information acquired during categoriza- tion can used for iden ti�cation, consider the example of face recognition. When face is recognized, the image ositions of its parts and features are kno wn. In partic- ular, an observ er already kno ws where the ey es, nose, and mouth are and can ev en infer the direction of gaze and expression. The erson’s iden tit is not essen tial for extracting and lo cating these features. Instead, they are matc hed against features in \generic" represen tation. In addition, other features, suc as eard, hair st yle, and wrinkles, that ma etter distinguish et een dif- feren ersons ma lo cated. More generally can ostulate that, during categorization, sub-structures of the ob jects (suc as parts and features) are extracted and lo cated with resp ect to generic mo del, and the ob ject’s ose is determined. follo this example, prop ose sc heme for recog- nizing cmmi10.300 cmr10.300 ob jects from single cmmi10.300 cmr10.300 views that com bines the stages, categorization and iden ti�cation. Cat- egorization is ac hiev ed aligning the image to proto- yp ob jects. The protot yp that app ears most similar to the image determines the class iden tit of the ob ject. After the ob ject is categorized, its sp eci�c iden tit is de- termined aligning the observ ed ob ject to individual mo dels of its class. By �rst categorizing the ob ject, not only the um er of mo dels considered for iden ti�cation is reduced, but also the cost of comparing eac mo del to the image signi�can tly decreases. This is ac hiev ed reusing the corresp ondence and ose computed for the protot yp in the categorization stage to align the image with the individual mo dels. sho in this pap er that, alb eit erfect matc et een the protot yp and the image is not obtainable, the corresp ondence and ose can computed for the protot yp e, and can used to bring the image and the ob ject’s mo del in to align- men t. Consequen tly reco ering the corresp ondence and ose for the individual mo dels ecomes unnecessary and iden ti�cation is reduced to series of simple template comparisons. The rest of this pap er is divided as follo ws. Section reviews the main existing approac hes for categorization and iden ti�cation. Section presen ts the sc heme of recognition protot yp es. Section prop oses an algo- rithm for generating optimal protot yp es for the sc heme. Section discusses the relev ance of the sc heme to u- man recognition. Implemen tation results are presen ted in Section 6. cmbx12.300Previous Approac hes cmr10.300Existing sc hemes for categorization often use \reduc- tionist" approac h. The image, whic con tains detailed app earance of an ob ject, is transformed in to compact represen tation that is in arian for all ob jects of the same class. One common approac to generating suc represen tation is decomp osing the ob ject in to parts. arts are extracted cutting the ob ject in conca vities 17 22 43 and lab eled according to their general shap e. The lab els, together with the spatial relationships e- een the parts, are used to iden tify the class of the ob- ject 26 ]. second approac extracts the parts of the ob ject that ful�ll certain functions. The list of func- tions is used to determine the ob ject’s class 16 39 47 ]. Sc hemes that break ob jects in to parts are insu�cien to explain all the asp ects of recognition for the follo wing reasons. First, in man cases ob jects that elong to the same class di�er only their detailed shap e, while they share roughly the same set of parts. Moreo er, ev en ob- jects that at some lev el ma considered elonging to di�eren classes, suc as cat and dog, ma also share roughly the same set of parts. solv this problem sev- eral systems also store, in addition to the part structure of the ob jects, the detailed shap of the parts ]. Another problem is that man of the tec hniques for rec- ognizing ob jects part decomp osition rely on �nding cmr10.300the en tire parts from the image. recognize the sp eci�c iden tit of ob jects, rel- ativ ely detailed represen tation of the ob ject’s shap is compared with the image. An example for suc meth- ds is alignmen 12 13 18 25 40 41 ]. Alignmen in olv es reco ering the osition and orien tation cmti10.300 ose cmr10.300 in whic the ob ject is observ ed and comparing the app ear- ance of the ob ject from that ose with the image. Only few attempts ha een made in the past to extend the alignmen sc heme to the problem of ob ject catego- rization (e.g., 36 ]). The main di�cult in applying the alignmen approac is the reco ery of the ose of the observ ed ob ject. In most implemen tations this in olv es time-consuming stage for �nding the corresp ondence et een the mo del and the image. The pro cess ecomes impractical when the image is compared against large library of ob jects, ecause ypically the corresp ondence is established et een the image and eac of the mo dels in the library separately handle large libraries, indexing metho ds ere pro- osed (e.g., 20 46 14 ]). The basic idea is the follo wing. certain function is de�ned and applied to the views of all the ob jects in the library The ob ject mo dels are ar- ranged in lo ok-up table indexed the obtained func- tion alues. When an image is giv en, the function is applied to the image, and the obtained alue is used to index in to the table. reduce the size of the table and the complexit of its preparation, in arian functions, functions that when applied to di�eren views of an ob- ject return the same alue regardless of viewp oin t, often are used as the indexing functions. Indexing metho ds su�er from sev eral shortcomings. First, existing indexing metho ds handle only rigid ob- jects. Extending these metho ds to handle classes of ob- jects has not een discussed. Second, ecause of com- plexit issues, indexing functions usually are applied to small um ers of features. As result, high rates of false ositiv es are obtained, and the e�ectiv eness of the indexing is reduced. The sc heme presen ted in this pap er is designed to ork where traditional approac hes to categorization and indexing fail. The sc heme com bines oth categorization and iden ti�cation of ob jects, and uses fairly detailed rep- resen tations for ob jects. Rather than indexing directly to the sp eci�c ob ject mo del, the sc heme indexes in to the library of ob jects categorizing the ob ject. The classes handled the sc heme include ob jects with rel- ativ ely similar shap es. �t in to the sc heme, in some cases basic lev el classes are brok en in to sub-classes. The general problem of categorization therefore ma require additional to ols. cmbx12.300Recognition Protot yp es cmr10.300The recognition protot yp es sc heme pro ceeds as fol- lo ws. library of cmmi10.300 cmr10.300 ob ject mo dels is stored in mem- ory The mo dels in the library are divided in to classes, and cmmi10.300 cmr10.300 protot yp ob jects are selected to represen the classes. or ev ery class, the mo dels in the class are aligned in the library with the protot yp ob ject. The role of this cmmi10.300 cmr10.300 alignmen will ecome clear shortly recognition time, an incoming cmmi10.300 cmr10.300 image is �rst matc hed against all of the protot yp es. or eac proto- yp ob ject, the system attempts to reco er the view of the protot yp that most resem bles the image. do so, the system reco ers the corresp ondence et een the pro- tot yp and the image, and, using this corresp ondence, it determines the transformation that est aligns the pro- tot yp with the image. This transformation, referred to as the cmti10.300 pr ototyp tr ansform cmr10.300 is then applied to the protot yp e, and the similarit et een the transformed protot yp and the actual image is ev aluated. Since the observ ed ob ject in general di�ers from the protot yp ob- ject, erfect matc et een the is not an ticipated. The system therefore seeks protot yp that reasonably matc hes the image. Once suc protot yp is found, the class iden tit of the ob ject is determined. After the ob ject’s class is determined, the system at- tempts to reco er the sp eci�c iden tit of the ob ject. this stage, the image is matc hed against all the mo dels of the ob ject’s class. or eac of these mo dels, the sys- tem seeks to reco er the transformation that aligns the mo del with the image. As will sho wn elo w, since the mo dels are aligned in the library with the protot yp e, the transformation that est aligns the protot yp with the image is iden tical to the transformation that aligns the mo del to the image. The protot yp transform therefore is applied to the sp eci�c mo dels, and their app earance from this ose is compared with the image. The mo del that aligns with the image, if there is suc h, determines the sp eci�c iden tit of the ob ject. The rest of this section is divided as follo ws. In Sec- tion 3.1 the ob ject represen tation used in our sc heme is presen ted. Section 3.2 describ es the categorization stage, and Section 3.3 describ es the iden ti�cation stage. cmbx10.3003.1 Ob ject represen tation the linear com bination sc heme cmr10.300In our sc heme, an ob ject is mo deled matrix cmmi10.300 cmr10.300of size cmmi10.300 cmsy10.300 cmmi10.300 cmr10.300 where cmmi10.300 cmr10.300 is the um er of feature oin ts, and cmmi10.300 cmr10.300 represen ts the degrees of freedom of the ob ject. ector cmmi10.300 cmsy10.300 cmmi7.300cmr10.300referred to as the cmti10.300 tr ansform ve ctor cmr10.300 represen ts the transformation applied to the ob ject in certain view, and the ob ject’s app earance from this view is giv en cmmi10.300cmr10.300 cmmi10.300 cmr10.300 (1) In the rest of this section explain the use of this nota- tion. The notation follo ws from the linear com bination sc heme 42 ], whic is brie y review ed elo w. Under the linear com bination sc heme an ob ject is mo deled small set of views, eac is represen ted ector con taining oin ositions, where the oin ts in these views are ordered in corresp ondence. No el views of the ob ject are obtained applying linear com- binations to the stored views. Additional constrain ts ma apply to the co e�cien ts of this linear com bination. Computing the ob ject ose therefore requires reco ering the co e�cien ts of the linear com bination that align the mo del with the image and erifying that the reco ered co e�cien ts indeed satisfy the constrain ts. The metho handles rigid ob jects under eak-p ersp ectiv pro jection (namely orthographic pro jection follo ed uniform cmr10.300scaling). It as extended to appro ximate the app earance of ob jects with smo oth ounding surfaces and to handle articulated ob jects. In our represen tation, the columns of the mo del matrix cmmi10.300 cmr10.300 con tain views of the ob ject, and the co e�cien ts of the linear com bination that align the mo del with the image are giv en the transform ector cmmi10.300cmr10.300 or concreteness, review the linear com bination sc heme for rigid ob jects. Consider cmmi10.300 cmr10.300 ob ject cmmi10.300 cmr10.300 that con tains cmmi10.300 cmr10.300 feature oin ts cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmmi10.300cmmi7.300cmr10.300), cmsy10.300 cmmi10.300 cmsy10.300 cmmi10.300 cmr10.300

Under eak-p ersp ectiv pro jection, the osition of the ob ject follo wing rotation cmmi10.300 cmr10.300 translation cmmi10.300cmr10.300 and scaling cmmi10.300 cmr10.300 is giv en cmmi10.300cmmi7.300cmr10.300cmmi10.300 sr cmr7.30011 cmmi10.300cmmi7.300cmr10.300cmmi10.300 sr cmr7.30012 cmmi10.300cmmi7.300cmr10.300cmmi10.300 sr cmr7.30013 cmmi10.300cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmr10.300cmmi10.300 sr cmr7.30021 cmmi10.300cmmi7.300cmr10.300cmmi10.300 sr cmr7.30022 cmmi10.300cmmi7.300cmr10.300cmmi10.300 sr cmr7.30023 cmmi10.300cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmr10.300(2) where cmmi10.300 cmmi7.300ij cmr10.300are the comp onen ts of the rotation matrix, cmmi10.300 cmr10.300 and cmmi10.300 cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmr10.300are the horizon tal and ertical comp onen ts of the translation ector, cmmi10.300cmr10.300 resp ectiv ely Denote cmmi10.300cmsy10.300 cmmi7.300cmr10.300ectors of cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmmi10.300cmmi7.300cmmi10.300cmmi7.300cmr10.300and cmmi10.300 cmmi7.300cmr10.300alues resp ectiv ely and denote cmmi10.300cmr10.300(1 cmmi10.300

:::; cmr10.300 1) cmsy10.300 cmmi7.300cmr10.300can rewrite Eq. in ector equation as follo ws: cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300(3) where cmmi10.300cmr7.300cmr10.300cmmi10.300 sr cmr7.30011 cmmi10.300cmr7.300cmr10.300cmmi10.300 sr cmr7.30021 cmmi10.300cmr7.300cmr10.300cmmi10.300 sr cmr7.30012 cmmi10.300cmr7.300cmr10.300cmmi10.300 sr cmr7.30022 cmmi10.300cmr7.300cmr10.300cmmi10.300 sr cmr7.30013 cmmi10.300cmr7.300cmr10.300cmmi10.300 sr cmr7.30023 cmmi10.300cmr7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmr7.300cmr10.300cmmi10.300 cmmi7.300cmr10.300Therefore cmmi10.300cmsy10.300 cmmi10.300 span cmsy10.300 cmmi10.300cmr10.300cmsy10.300 cmr10.300 (4) Di�eren views of the ob ject are obtained hang- ing the rotation, scale, and translation parameters, and these hanges result in hanging the co e�cien ts in Eq. 3. ma therefore conclude that all the views of rigid ob ject are con tained in cmmi10.300 cmr10.300 linear space. This prop ert that the views of rigid ob ject are con tained in cmmi10.300 cmr10.300 linear space, pro vides metho for constructing view er-cen tered represen tations for the ob- ject. The idea is to use images of the ob ject to construct basis for this space. In general, views pro vide suf- �cien tly man ectors. Therefore, an no el view is linear com bination of views 30 42 ]. Not ev ery linear com bination is alid view of rigid ob ject. ollo wing the orthonormalit of the ro ectors of the rotation matrix, the co e�cien ts in Eq. ust satisfy the quadratic constrain ts cmmi10.300cmr7.300cmr10.300cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmr7.300cmmi10.300cmr7.300cmmi10.300cmr7.300cmr10.300cmmi10.300 cmr7.300cmmi10.300cmr7.300cmr10.300cmmi10.300 cmr7.300cmmi10.300cmr7.300cmr10.300(5) When the constrain ts are not satis�ed, distorted (b stretc or shear) pictures of the ob jects are generated. In case view er-cen tered represen tation is used, the con- strain ts hange in accordance with the selected basis. third view of the ob ject can used to reco er the new constrain ts. or the purp ose of this pap er mo del for rigid ob ject can constructed building the follo wing cmmi10.300 cmsy10.300 cmr10.300 mo del matrix cmmi10.300cmr10.300 cmmi10.300cmr10.300Views of the ob ject can constructed as follo ws cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmmi10.300 cmr10.300(6) where cmmi10.300 cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr7.300cmmi10.300cmr7.300cmmi10.300cmr7.300cmr10.300and cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr7.300cmmi10.300cmr7.300cmmi10.300cmr7.300cmr10.300are the co e�cien ts from Eq. 3. Notice that the linear sys- tems can merged in to one constructing mo di�ed mo del matrix in the follo wing cmex10.300cmmi10.300cmex10.300cmr10.300cmex10.300cmmi10.300cmr10.300 cmmi10.300 cmex10.300cmmi10.300cmex10.300cmr10.300(7) Similar constructions can obtained for ob jects with smo oth ounding surfaces and for articulated ob jects. The width of cmmi10.300 cmr10.300 cmmi10.300 cmr10.300 should then mo di�ed according to the degrees of freedom of the mo deled ob ject. As as men tioned ab e, view er-cen tered represen tations can obtained constructing basis for the cmmi10.300 cmr10.300 space from images of the ob ject. Therefore, view er-cen tered mo dels can obtained replacing the column ectors of cmmi10.300 cmr10.300with the constructed basis. summarize, follo wing the linear com bination sc heme can represen an ob ject matrix cmmi10.300 cmr10.300 and construct views of the ob ject applying it to trans- form ectors cmmi10.300 cmr10.300 or rigid ob jects not ev ery transform ector is alid; the comp onen ts of the transform ector ust satisfy the quadratic constrain ts. Recognition in olv es reco ering the transform ector cmmi10.300 cmr10.300 and erifying that its comp onen ts satisfy the constrain ts. Ignor- ing these constrain ts will result in recognizing the ob ject ev en when it undergo es general cmmi10.300 cmr10.300 a�ne transformation. In the analysis elo largely ignore the quadratic constrain ts. These constrain ts, ho ev er, can eri�ed oth during the categorization stage as ell as during the iden ti�cation stage. cmbx10.3003.2 Categorization cmr10.300The recognition protot yp es sc heme egins deter- mining the ob ject’s category This is ac hiev ed com- paring the observ ed ob ject to protot yp ob jects, ob jects that are \t ypical exemplars" for their classes. or giv en protot yp e, the view of the protot yp that most resem- bles the image is reco ered and compared to the actual image, and the result of this comparison determines the class iden tit of the ob ject. egin our description of the categorization stage de�ning the data structures used the sc heme. class cmsy10.300 cmr10.300 cmmi10.300 cmsy10.300 cmmi10.300 cmr7.300cmmi10.300cmr7.300cmmi10.300:::; cmmi7.300cmsy10.300cmr10.300 is pair that includes protot yp cmmi10.300 cmr10.300 and set of ob ject mo dels cmmi10.300 cmr7.300cmmi10.300cmr7.300cmmi10.300:::; cmmi7.300cmr10.300Both the protot yp and the mo dels are represen ted cmmi10.300cmsy10.300 cmmi10.300 cmr10.300 matrices, where cmmi10.300 cmr10.300 de�nes the um er of feature oin ts considered, and cmmi10.300 cmr10.300 denotes the degrees of freedom of the ob jects. or the sak of simplicit assume here that all the ob jects in the class share the same um er of feature oin ts, cmmi10.300 cmr10.300 and that they ha similar degrees of freedom, cmmi10.300 cmr10.300 Note that similar ob jects tend to ha similar degrees of freedom (e.g., all of them are rigid). Both assumptions are not strict, ho ev er. The sc heme can mo di�ed to tolerate oth arying um er of fea- ture oin ts as ell as di�eren degrees of freedom. The details will discussed later in this pap er. Note that cmr10.300the ob jects can mo deled either ob ject-cen tered or view er-cen tered represen tations. In case view er-cen tered represen tations are used shall assume that the mo dels represen the ob jects from the same range of viewp oin ts. class in our sc heme con tains ob jects with similar shap es. These ob jects share roughly the same top olo- gies, and there exists \natural" corresp ondence e- een them. Consider, for instance, the hairs in Figure 1. Although the shap es of these hairs are dif- feren t, and some parts (e.g., the arms) app ear only in one hair and not in the other, natural corresp ondence et een features in the ob jects can determined. In the library of mo dels, the natural corresp ondence et een ob jects is made explicit. It is sp eci�ed the order of the ro ectors of the mo dels. Sp eci�cally giv en protot yp cmmi10.300 cmr10.300 and ob ject mo dels cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300order the ro ws of these mo dels suc that the �rst feature oin of cmmi10.300 cmr10.300 corresp onds to the �rst feature oin of eac of the mo dels cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300and so forth. Giv en the library of ob jects and giv en an incoming im- age, the recognition protot yp es sc heme egins cat- egorizing the ob ject observ ed in the image. ac hiev this goal, the protot yp ob jects are aligned and com- pared to the image. or ev ery protot yp e, the corresp on- dence et een the image and the protot yp is �rst re- solv ed, and, using this corresp ondence, the nearest pro- tot yp view is reco ered. By doing so, the sc heme de- couples the factors that a�ect the app earance of the ob ject in the image, namely view ariations and shap ariations. By selecting the nearest protot yp view to the image, the sc heme comp ensates for view ariations. Then, ev aluating the similarit et een the nearest protot yp view and the actual image, it accoun ts for the di�erences in shap et een the protot yp and the ob- serv ed ob ject. The �rst stage in matc hing the protot yp to the image in olv es the reco ery of corresp ondence et een proto- yp and image features. In existing systems for rec- ognizing the sp eci�c iden tit of ob jects establishing the corresp ondence et een images and ob ject mo dels in- olv es time-consuming pro cess in whic sophisticated algorithms are applied 10 13 15 18 23 25 35 41 ]. These algorithms rely on the prop ert that, when the correct corresp ondence et een mo del and an image is established, near-p erfect matc et een the is ob- tained. While this assumption is alid for iden ti�cation, it cannot used under our sc heme since the protot yp and the image generally represen di�eren ob jects. determine the corresp ondence et een the proto- yp and the image, de�ne an ob jectiv function that is applied to the protot yp and the image under giv en corresp ondence and that obtains its minim um under the correct corresp ondence. The ob jectiv function will mea- sure the qualit of the matc et een the protot yp and the image. Namely under this measure the correct cor- resp ondence is the one that brings the protot yp in to its est alignmen with the image. Giv en this ob jectiv function, corresp ondence is com binatorial optimization problem, and so minimization tec hniques can used to resolv the corresp ondence et een the protot yp and the image. This pap er do es not prop ose sp eci�c tec h- nique for solving the corresp ondence problem. Assuming the corresp ondence problem can solv ed, the sc heme pro ceeds as follo ws. Giv en protot yp cmmi10.300 cmr10.300and an image cmmi10.300 cmr10.300 generate view ector cmmi10.300 cmr10.300 from the image extracting the lo cation of feature oin ts and arranging them in ector. The oin ts in cmmi10.300 cmr10.300 are ordered in corresp ondence to the protot yp oin ts; that is, the �rst oin in cmmi10.300 cmr10.300 corresp onds to the �rst oin in cmmi10.300 cmr10.300 and so forth. The cmti10.300 pr ototyp tr ansform cmr10.300 is the transformation that brings the protot yp oin ts as close as ossible to their corresp onding image oin ts. The protot yp trans- form, therefore, is the transform ector cmmi10.300cmr10.300 that minimizes the Euclidean distance et een the protot yp and image oin ts, namely min cmmi7.300cmsy5.300cmsy10.300cmmi10.300 cmsy7.300cmsy10.300cmmi10.300 cmsy10.300 cmr10.300 (8) solution for (8) is obtained as follo ws. Assuming cmmi10.300 cmr10.300is erdetermined; that is, cmmi10.300 cmr10.300 is cmmi10.300 cmsy10.300 cmmi10.300 cmr10.300 where cmmi10.300 cmr10.300 and cmmi10.300ank cmr10.300 cmmi10.300 cmr10.300 cmmi10.300 cmr10.300 and denote cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmr10.300 cmsy7.300cmr7.300 cmmi10.300cmmi7.300cmr10.300the pseudo-in erse of cmmi10.300 cmr10.300 the protot yp transform, cmmi10.300cmr10.300 is giv en cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 (9) and the cmti10.300 ne ar est pr ototyp view cmmi10.300 cmr10.300 is obtained applying cmmi10.300cmr10.300 to the protot yp transform, cmmi10.300cmr10.300 that is cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 (10) The nearest protot yp view is no compared to the image, and their resem blance determines the class iden- tit of the ob ject. The qualit of the matc et een the protot yp and the image is de�ned cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmsy10.300 cmmi10.300 cmsy10.300 cmmi10.300 cmsy10.300 cmr10.300 cmsy10.300 cmr10.300 cmmi10.300 cmr7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmsy10.300 cmr10.300 (11) eliminate e�ects due to scaling of the ob ject, this measure should normalized, as is illustrated the example elo w. Consider an ob ject seen from some view cmmi10.300cmr7.300cmr10.300Its distance to the protot yp is giv en cmmi10.300 cmr10.300 cmmi10.300 cmr7.300cmr10.300). Supp ose the ob ject is no seen from new view cmmi10.300 cmr7.300cmr10.300that is iden tical to cmmi10.300 cmr7.300cmr10.300except that the ob ject is no as wice as close to the camera. Under these conditions cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmr7.300cmr10.300and its distance to the protot yp is giv en cmmi10.300 cmr10.300 cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmr10.300 cmmi10.300 cmr7.300cmr10.300). Clearly should ha measure that is indep enden of the distance of the ob ject to the camera. One to obtain suc measure is dividing cmmi10.300 cmr10.300 cmmi10.300 cmr10.300 the norm cmsy10.300 cmmi10.300 cmsy10.300 cmr10.300cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmsy10.300cmr10.300 cmmi10.300 cmr7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmsy10.300 cmmi10.300 cmsy10.300 cmr10.300(12) cmmi10.300cmr10.300 cmmi10.300 cmr10.300 is prop osed here as an ob jectiv function for establishing the corresp ondence et een the protot yp and the image. In other ords, exp ect that if the ob- ject elongs to the protot yp e’s class then cmmi10.300cmr10.300 cmmi10.300 cmr10.300 obtains its minimal alue when cmmi10.300 cmr10.300 is ordered in corresp ondence to cmmi10.300cmr10.300 An other erm utation will increase the alue of cmmi10.300cmr10.300 ormally denote cmmi10.300 cmr10.300 erm utation matrix, assume that cmmi10.300cmr10.300 cmmi10.300 cmr10.300 min cmmi7.300cmr10.300cmmi10.300cmr10.300 cmmi10.300 cmr10.300

(13) The measure cmmi10.300cmr10.300 cmmi10.300 cmr10.300 has second role. Since it mea- sures the similarit et een the protot yp and the im- age, it can also used to determine the ob ject’s class. cmr10.300Figure 1: cmr9.300 \Natural" corresp ondences et een hairs cmr10.300An ob ject observ ed in view cmmi10.300 cmr10.300 elongs to the class rep- resen ted protot yp cmmi10.300 cmr10.300 if cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmmi10.300 cmr10.300 (14) for some constan cmmi10.300 cmr10.300 0. refer to (14) as the cmti10.300 ate go- rization criterion cmr10.300

The categorization stage pro ceeds as follo ws. Giv en an image cmmi10.300 cmr10.300 and protot yp cmmi10.300 cmr10.300 the corresp ondence e- een cmmi10.300 cmr10.300 and cmmi10.300 cmr10.300 is resolv ed minimizing the measure cmmi10.300cmr10.300 cmmi10.300 cmr10.300 er all ossible erm utation cmmi10.300 cmr10.300 of cmmi10.300 cmr10.300 and if the obtained minim um cmmi10.300cmr10.300 cmmi10.300 cmr10.300 is elo the threshold cmmi10.300 cmr10.300 then the class iden tit of the ob ject is determined. Note that in our sc heme the protot yp and the cate- gorization criterion determine the actual division of ob- jects to classes; an ob ject elongs to certain class if its views are su�cien tly similar, according to the cate- gorization criterion, to views of the protot yp e. Under the ab de�nition, an ob ject elongs to protot yp e’s class if the total di�erence et een its feature oin ts and their corresp onding protot yp oin ts do es not exceed cmmi10.300 cmr10.300

The measure cmmi10.300cmr10.300 cmmi10.300 cmr10.300 de�ned here determines the sim- ilarit et een the protot yp cmmi10.300 cmr10.300 and the view cmmi10.300 cmr10.300 using only the distances et een feature oin ts. In general, since corresp ondence is di�cult to ac hiev e, suc mea- sure ould not robust. Including additional informa- tion ab out the features in the similarit measure ma increase the robustness of the sc heme. Also, measures that consider only the pro ximit of feature oin ts are limited in terms of dividing the library in to classes, since they induce classes of ob jects with highly similar shap es. Measures that consider additional information can ex- tend the classes to include larger sets of ob jects. The measure cmmi10.300cmr10.300 cmmi10.300 cmr10.300 can enric hed considering the similarit et een corresp onding oin ts. simple example for measure that considers oth the pro xim- it and similarit et een feature oin ts is the follo wing measure. Eac feature oin is asso ciated with la- el (suc as corner or an in ection oin t). Again, the measure cmmi10.300cmr10.300 cmmi10.300 cmr10.300 is applied, but this time only corresp on- dences et een oin ts with similar lab els are allo ed; namely corners in the image can only matc corners in the protot yp e, and, similarly in ection oin ts can only matc in ection oin ts. Other examples for measures that com bine pro ximit and similarit include measures that retain the tangen or the curv ature of oin ts. More sophisticated measures ma compare the top ologies of the ob jects in the views, or, in other ords, erify that the ob jects share similar part structures in cmmi10.300 cmr10.300 useful tec hnique in measuring the similarit e- een the image and the nearest protot yp view is to consider di�eren set of features than the set used to determine the protot yp transform. The rational ehind this tec hnique is that it is generally di�cult to reco er exact feature-to-feature corresp ondence, and while suc corresp ondences are necessary for reco ering the proto- yp transform, similarit measures can successfully applied ev en in the absence of exact feature-to-feature corresp ondence. This idea resem bles the basic principle of the alignmen algorithm 18 41 ], in whic small set of oin ts is used to compute the ob ject ose, while larger set of oin ts is used to erify this ose. It should noted that the general o of the sc heme and, in particular, the iden ti�cation stage are indep en- den of the sp eci�c hoice of similarit measure. As has een noted ab e, the measure a�ects the division of mo del libraries in to classes and the selection of optimal protot yp es for these classes. An example for selecting the optimal protot yp for giv en class under the mea- cmr10.300sure sp eci�ed in (12) (for either lab eled or unlab eled fea- tures) is describ ed in Section 4. Finally although the main ob jectiv of the categoriza- tion stage is to determine the class iden tit of the ob ject, the categorization sc heme describ ed ab is useful ev en if the ob ject’s category cannot determined. Section 3.3 elo sho ws that the protot yp transform can reused to align the image with the sp eci�c mo dels. Con- sequen tly follo wing the categorization stage the cost of comparing the image to eac of the sp eci�c mo dels is substan tially reduced since the di�cult part of reco er- ing the transformation that relates the mo dels to the image is applied only to the protot yp ob jects. As result, if the class iden tit of the ob ject cannot deter- mined still need to consider all the sp eci�c mo dels in the library but the erall cost of comparing the mo d- els to the image ould lo ecause corresp ondence is computed once for the whole class. cmbx10.3003.3 Iden ti�cation cmr10.300After the observ ed ob ject is categorized, the system turns to reco ering its individual iden tit this stage the image is matc hed to all the mo dels in the ob ject’s class. or eac mo del, the system seeks to reco er the transformation that aligns the mo del to the image, if there is suc h. In previous sc hemes this required reco er- ing the corresp ondence et een the image and eac of the mo dels separately In our sc heme, ho ev er, this no longer is necessary since the ob ject transform is deter- mined directly from the protot yp transform. sho in this section that the protot yp and the ob ject trans- forms are related simple transformation, whic can computed in adv ance, and whic can in fact un- done already in the library of stored mo dels. Conse- quen tly the protot yp transform can reused in the iden ti�cation stage to align the individual mo dels with the image. The initial stage of categorization reco ers three pieces of information that can used for iden ti�cation. The three are (i) the ob ject class, (ii) the corresp on- dence et een the protot yp and the image, and (iii) the protot yp transform. This information is used in the iden ti�cation stage as follo ws. First, since the ob- ject’s class is determined, only mo dels that elong to this class are considered. Second, using the corresp on- dence et een the protot yp and the image established in the categorization stage, and using the stored corre- sp ondence et een the protot yp and the ob ject mo dels, the corresp ondence et een the mo dels and the image is immediately reco ered. Finally as is sho wn elo w, the mo del transform, namely the transformation that aligns the mo del with the image, is reco ered from the protot yp transform. Assume are giv en with view cmmi10.300 cmr10.300 of some ob ject mo del cmmi10.300 cmmi7.300cmr10.300namely cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmr10.300 (15) for some transform ector cmmi10.300 cmr10.300

When the iden ti�cation pro cess egins, it is still unkno wn whic of the mo dels cmmi10.300cmr7.300cmmi10.300:::; cmmi7.300cmr10.300of the ob ject’s class accoun ts for the image and what the transform ector cmmi10.300 cmr10.300 is. The �rst task faced the sc heme at this stage is to reco er the mo del trans- form, cmmi10.300 cmr10.300

This is done, as is explained elo w, using the protot yp transform cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 de�ned in (9). Once cmmi10.300 cmr10.300 is reco ered, it is applied to all the mo dels cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300and the mo del for whic near-p erfect matc is obtained determines the ob ject’s iden tit Theorem elo establishes that the mo del transform cmmi10.300cmr10.300 can reco ered directly from the protot yp transform cmmi10.300cmr10.300 applying linear transformation whic is referred to as the cmti10.300 pr ototyp e-to-mo del tr ansform cmr10.300

This transform has in teresting prop erties. First, it is view-indep enden t; namely for an giv en view of the ob ject, the same trans- form maps the protot yp transform that corresp onds to this view to the correct mo del transform. The protot yp e- to-mo del transform therefore can computed in ad- ance and stored in the library of mo dels. Second, the protot yp e-to-mo del transform can used to reco er the mo del transform regardless of the qualit of matc e- een the protot yp and the image. In other ords, ev en if the protot yp aligns orly with the image, the transformation that aligns the mo del with the image is determined correctly in this pro cess. cmbx10.300Theorem cmsl10.300 Giv en view cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmsl10.300

Let cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmsl10.300the protot yp transform, that is, the transform ec- tor that est aligns the protot yp with the image. The mo del transform, cmmi10.300 cmsl10.300 can reco ered from the protot yp transform, cmmi10.300cmsl10.300 applying matrix cmmi10.300 cmmi7.300cmsl10.300namely cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmsl10.300is referred to as the cmti10.300 pr ototyp e-to-mo del tr ansform cmsl10.300 cmbx10.300Pro of: cmr10.300 Notice that cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmmi7.300cmmi10.300cmr10.300Assume cmmi10.300 cmr7.300cmmi10.300cmmi7.300cmr10.300is in ertible, let cmmi10.300cmmi7.300cmr10.300cmmi10.300 cmr7.300cmmi10.300cmmi7.300cmr10.300cmsy7.300cmr7.300 cmr10.300obtain that cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmmi10.300lasy10.300cmbx10.300Corollary cmsl10.300 The protot yp e-to-mo del transform is view-indep enden t. cmbx10.300Pro of: cmr10.300 The protot yp e-to-mo del transform, cmmi10.300 cmmi7.300cmr10.300is in- dep enden of oth ose ectors, cmmi10.300 cmr10.300 and cmmi10.300cmr10.300

Changing the image cmmi10.300 cmr10.300 will result in new pair of ose ectors, cmmi10.300 cmr10.300 and cmmi10.300cmr10.300 but similar to the old pair, the new pair is related through the same transform cmmi10.300 cmmi7.300cmr10.300The protot yp e-to-mo del transform cmmi10.300 cmmi7.300cmr10.300therefore can used to reco er the ob ject ose for an view of cmmi10.300 cmmi7.300cmr10.300lasy10.300 cmmi10.300cmmi7.300cmr10.300exists if cmmi10.300 cmr7.300cmmi10.300cmmi7.300cmr10.300is in ertible. This condition is equiv alen to requiring that the column spaces of cmmi10.300cmr10.300 and cmmi10.300 cmmi7.300cmr10.300will not orthogonal in an direction. The condition holds, in general, when the ob jects are fairly similar. This is illustrated the follo wing ex- ample. Consider the case that oth column spaces of cmmi10.300cmr10.300 and cmmi10.300 cmmi7.300cmr10.300are one-dimensional; namely eac represen ts line through the origin. The only case in this one- dimensional example in whic cmmi10.300 cmmi7.300cmr10.300do es not exist is when cmmi10.300cmr10.300 and cmmi10.300 cmmi7.300cmr10.300are orthogonal. But these lines are farthest cmr10.300apart when they are orthogonal. Consequen tly if the ob jects are relativ ely similar cmmi10.300 cmmi7.300cmr10.300ould exist. Since it dep ends only on the protot yp cmmi10.300 cmr10.300 and the mo del cmmi10.300 cmmi7.300cmr10.300the protot yp e-to-mo del transform cmmi10.300 cmmi7.300cmr10.300can pre-computed and stored in the library of mo dels. Ev ery mo del cmmi10.300 cmmi7.300cmsy10.300cmr10.300 is asso ciated with its wn transform cmmi10.300 cmmi7.300cmr10.300that relates, for ev ery ossible view of cmmi10.300 cmmi7.300cmr10.300et een the protot yp transform and the mo del transform. com- pare the image to the mo del cmmi10.300 cmmi7.300cmr10.300the mo del transform should �rst reco ered. This is ac hiev ed applying cmmi10.300cmmi7.300cmr10.300to the protot yp transform computed in the catego- rization stage. Also, the protot yp e-to-mo del transform, cmmi10.300 cmmi7.300cmr10.300can used to align the mo del cmmi10.300 cmmi7.300cmr10.300with the protot yp cmmi10.300 cmr10.300 in cmmi10.300 cmr10.300 Denote the aligned mo del cmmi10.300 cmsy7.300cmmi7.300cmr10.300cmmi10.300 cmsy7.300cmmi7.300cmr10.300mo dels the same ob ject as cmmi10.300 cmr10.300 do es, since their column ectors span the same space. In addition, the aligned mo del cmmi10.300 cmsy7.300cmmi7.300cmr10.300has the prop ert that it is brough the protot yp transform, cmmi10.300cmr10.300 to erfect alignmen with the image. Consequen tly if the mo dels are aligned in the library with the protot yp e, the protot yp transform computed in the categorization stage can reused for iden ti�cation with no further manipulations. This is established in Theorem elo w. cmbx10.300Theorem cmsl10.300 Let cmmi10.300 cmsy7.300cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmsl10.300the mo del cmmi10.300 cmmi7.300cmsl10.300aligned with the protot yp cmmi10.300 cmsl10.300 or an view cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmsl10.300 the proto- yp transform for this view cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmsl10.300 is iden tical to the mo del transform for this view; that is, cmmi10.300 cmr10.300 cmmi10.300 cmsy7.300cmmi7.300cmmi10.300cmsl10.300 cmbx10.300Pro of: cmr10.300 Since cmmi10.300cmsy7.300cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmr10.300obtain that cmmi10.300cmsy7.300cmmi7.300cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmr10.300 cmmi10.300 lasy10.300cmr10.300Using Theorem 3, the iden ti�cation sc heme is sim- pli�ed as follo ws. The mo dels cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300are aligned in the library with the protot yp cmmi10.300 cmr10.300 applying the cor- resp onding protot yp e-to-mo del transform, cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300recognition time, the protot yp transform cmmi10.300cmr10.300 cmmi10.300 cmr7.300cmmi10.300cmr10.300 is applied to the aligned mo dels cmmi10.300 cmsy7.300cmr7.300cmmi10.300:::; cmsy7.300cmmi7.300cmr10.300According to Theorems and 3, transforming the mo dels cmmi10.300cmr10.300 the correct mo del, cmmi10.300 cmsy7.300cmmi7.300cmr10.300ould erfectly align with the image. In the sc heme ab assumed that full feature-to- feature corresp ondence is established et een the proto- yp and the image. This assumption is not mandatory Metho ds for estimating the protot yp transform using partial corresp ondence or considering other yp es of features (suc as line segmen ts) can also used. Note that in case the protot yp transform can only appro x- imated, the accuracy of the mo del transform obtained is determined the qualit of this appro ximation and the condition um er of the protot yp e-to-mo del trans- form cmmi10.300 cmmi7.300cmr10.300The condition um er of cmmi10.300 cmmi7.300cmr10.300a�ects the matc ev en if Theorem is applied, namely ev en if the mo d- els are aligned with the protot yp in adv ance. Conse- quen tly the condition um er of the protot yp e-to-mo del transform cmmi10.300 cmmi7.300cmr10.300should tak en in to accoun when the li- brary is divided in to classes. Finally the sc heme can extended to handle classes of ob jects with di�eren degrees of freedom. Consider, for instance, the case of similar hairs, some of whic are folding. Ob viously the folding hairs ha more degrees of freedom than the regular, rigid hairs, and therefore they ould represen ted in the library wider ma- trices than the rigid hairs are. As is explained elo w, the hairs can handled in common class, and the protot yp for the class ould itself folding hair. More generally let cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300class of mo dels of di�eren widths, and denote cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300the width of cmmi10.300cmr7.300cmmi10.300:::; cmmi7.300cmr10.300resp ectiv ely Let cmmi10.300 cmr10.300 the protot yp for this class, and denote cmmi10.300 cmmi7.300cmr10.300the width of cmmi10.300 cmr10.300 set cmmi10.300 cmmi7.300cmr10.300to cmmi10.300cmmi7.300cmr10.300max cmsy10.300 cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmsy10.300cmr10.300 (16) In other ords, require the protot yp to ha the same degrees of freedom as the most exible ob ject in the class. can set cmmi10.300 cmmi7.300cmr10.300according to our goal since, as it is sho wn in Section 4, the protot yp cmmi10.300 cmr10.300 is obtained in our sc heme manipulating the ob jects in the class. The protot yp e-to-mo del transform cmmi10.300 cmmi7.300cmr10.300is de�ned in this case cmmi10.300cmmi7.300cmr10.300cmmi10.300 cmr7.300cmmi10.300cmmi7.300cmr10.300cmr7.300cmr10.300(17) where cmmi10.300 cmmi7.300cmr10.300is cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmmi7.300cmr10.300It is straigh tforw ard to extend The- orem to also include this case. Consequen tly for an view of cmmi10.300 cmmi7.300cmr10.300the mo del transform cmmi10.300 cmr10.300 can reco ered from its corresp onding protot yp transform cmmi10.300cmr10.300 applying the protot yp e-to-mo del transform cmmi10.300 cmmi7.300cmr10.300to cmmi10.300cmr10.300

Note that since cmmi10.300cmmi7.300cmsy10.300cmmi10.300 cmmi7.300cmr10.300the protot yp can app ear in oses that do not matc an ossible mo del ose (and therefore in noise- less conditions they are imp ossible to obtain). In case the ob ject is observ ed from suc view, cmmi10.300 cmmi7.300cmr10.300ould map this unmatc hed protot yp transform to the mo del trans- form that corresp onds to the nearest matc hed protot yp transform. By setting cmmi10.300 cmmi7.300cmr10.300to as large as the maxim um of cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300oid cases where there exist views of the ob ject that cannot accoun ted for the protot yp e. Mo del transforms that corresp ond to suc views cannot reco ered from protot yp transforms. cmbx10.3003.4 Summary cmr10.300presen ted in this section sc heme for recognizing cmmi10.300 cmr10.300ob jects from single cmmi10.300 cmr10.300 views that pro ceeds in stages, categorization and iden ti�cation. In the categorization stage the image is compared against the stored proto- yp es. or ev ery protot yp e, the corresp ondence et een the image and the protot yp is reco ered, and the near- est view of the protot yp is constructed. The similarit et een this view and the image is ev aluated, and, if the are found similar, the class iden tit of the ob ject is determined. In the iden ti�cation stage the observ ed ob- ject is compared against the mo dels of its class. Since the protot yp and the mo dels ere brough in the library in to alignmen t, the same transformation that aligns the protot yp to the image also aligns the ob ject mo del to the image. The protot yp transform therefore is applied to the mo dels, and the obtained views are compared with the image. The view that is found to iden tical up to noise and cclusion to the image determines the individ- ual iden tit of the ob ject. The presen ted sc heme is based on sev eral ey princi- pals. Recognition is divided in to sub-pro cesses, cat- cmr10.300egorization and iden ti�cation. In oth pro cesses mo d- els are aligned with the image, and the iden tit of the ob ject is determined cmmi10.300 cmr10.300 comparison; cmmi10.300 cmr10.300 recon- struction of the observ ed ob ject from the image is not erformed. The di�cult comp onen of the alignmen approac h, namely the reco ery of corresp ondence and ob ject ose, is erformed only once for eac class; the protot yp transform is reused in the iden ti�cation stage to align the image with the individual mo dels. cmbx12.300Constructing optimal protot yp es cmr10.300In the sc heme ab assumed that the classes in the library of mo dels are represen ted protot yp ob jects. Since categorization is ac hiev ed matc hing the im- age to protot yp ob jects, the question of ho to select the est protot yp should addressed. In this section presen an algorithm for constructing optimal proto- yp es. Giv en class of ob jects, the optimal protot yp for this class is the ob ject that resem bles the ob jects of the class the most. Under our form ulation, suc an ob ject ould share as man features as ossible with the ob- jects of its class, the osition of these features on the protot yp ould as close as ossible to their osition on the ob jects, and the protot yp e-to-mo del transform for these ob jects ould as stable as ossible. Belo sho that the optimal protot yp can e�ectiv ely computed using principal comp onen analysis; that is, computing the dominan eigen ectors for some ma- trix determined the mo dels of the class. Principal comp onen analysis often is used in clas- si�cation problems to construct classes and protot yp es 11 ]. In existing applications, an ob ject is represen ted oin in some high dimensional space, where eac com- onen of this oin con tains an in arian attribute of the ob ject. yp erplane in that space represen ts class of ob jects. The goal of the principal comp onen analysis is, giv en set of oin ts (ob jects), to reco er the class that these oin ts induce. Our case is somewhat di�er- en t. In our case an ob ject is represen ted con tin uous linear space rather than oin t. Whereas the use of yp erplanes in other sc hemes often is arbitrary and made primarily for con enience, their use in our sc heme is appropriate follo wing the linear com bination sc heme 42 (see Section 3.1). The di�erences outlined ab also imply di�erences in the pro of that principle comp onen analysis applies to our case. sho elo that the optimal protot yp can computed principal comp onen analysis. The traditional pro of needs to extended since in our case ob jects are represen ted con tin uous spaces rather than discrete oin ts. The protot yp constructed in this pro cess is cmmi10.300 cmr10.300 ob- ject obtained manipulating the ob jects in its class. allo the construction, it seems as if the ob jects in the class should �rst brough in to alignmen t. In par- ticular, if the ob jects are represen ted view er-cen tered mo dels (that is, sets of their views, see Section 3.1 for details), the di�eren ob jects ould then ha to rep- resen ted images tak en from similar viewp oin ts. Nev- ertheless, the pro cess presen ted elo do es not require an initial alignmen of the ob jects. The same protot yp is obtained in this pro cess ev en when the ob jects are not aligned no turn to constructing the optimal protot yp e. First, de�ne an ob jectiv function. Giv en proto- yp cmmi10.300 cmr10.300 and an ob ject mo del cmmi10.300 cmmi7.300cmr10.300de�ne the similarit et een cmmi10.300 cmr10.300 and cmmi10.300 cmmi7.300cmr10.300as follo ws. Let cmmi10.300 cmmi7.300cmr10.300view of cmmi10.300 cmmi7.300cmr10.300measure the similarit et een the protot yp cmmi10.300 cmr10.300 and the view cmmi10.300 cmmi7.300cmr10.300using (12). Then, sum the measure er all ossible views of cmmi10.300 cmmi7.300cmr10.300Assuming without loss of gen- eralit that cmsy10.300 cmmi10.300 cmmi7.300cmsy10.300cmr10.300 1, (14) can rewritten as cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmr10.300cmsy10.300 cmr10.300 cmmi10.300 cmr7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmr10.300 (18) Without loss of generalit can assume that the constructed protot yp e, cmmi10.300 cmr10.300 is comp osed of orthonormal columns. Note that an erdetermined matrix cmmi10.300 cmr10.300 with orthonormal columns satis�es cmmi10.300 cmr7.300cmr10.300cmmi10.300 cmmi7.300cmr10.300can there- fore rewrite (18) as cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmr10.300cmsy10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmr10.300 (19) The distance et een cmmi10.300 cmr10.300 and the mo del cmmi10.300 cmmi7.300cmr10.300is no giv en summing cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmr10.300er all unit-length (to eliminate scaling e�ects) views of cmmi10.300 cmmi7.300cmr10.300namely cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmr10.300cmex10.300cmsy7.300cmmi7.300 cmmi5.300cmsy7.300=1 cmsy10.300cmr7.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmr10.300 (20) obtain the ob jectiv function, sum these distances er all mo dels cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmmi7.300cmex10.300cmmi7.300=1 cmex10.300cmr7.300 cmsy7.300cmmi7.300 cmmi5.300cmsy7.300=1 cmsy10.300cmr7.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmr10.300 (21) The ob ject cmmi10.300 cmr10.300 that minimizes this function is de�ned to the optimal protot yp e. Note that (21) is not the only ossible ob jectiv func- tion for this purp ose. An alternativ \w orst case" ap- proac is to measure the distance et een the protot yp to the farthest mo del in the class (rather than summing this distance er all mo dels). Except for eing di�cult to compute, this measure also is sensitiv to \outlier" mo dels. The protot yp that minimizes (21) can constructed in pro cess that includes the follo wing steps. 1. simplify the pro cess assume the column ec- tors of eac of the mo del matrices cmmi10.300 cmmi7.300cmr10.300(1 cmsy10.300 cmmi10.300 cmsy10.300 cmmi10.300 cmr10.300 ), are orthonormal. (In case they are not, �rst ap- ply Gramsc hmidt pro cess to them. Suc pro cess ob viously do es not alter the space of views implied the mo dels.) 2. Build the cmmi10.300 cmsy10.300 cmmi10.300 cmr10.300 symmetric matrix cmmi10.300cmr10.300 cmmi7.300cmex10.300cmmi7.300=1 cmmi10.300cmr7.300 cmmi7.300cmmi10.300cmmi7.300cmr10.3003. Find the cmmi10.300 cmr10.300 dominan eigen ectors of cmmi10.300 cmr10.300 The opti- mal matrix cmmi10.300 cmr10.300 is constructed from these eigen ec- tors. cmr10.300Note that, in general, are trying to construct pro- tot yp ob ject that ould elong to the giv en class. This condition determines the hoice of width cmmi10.300 cmr10.300 for the pro- tot yp e. If all the mo dels share the same width then the protot yp ould assume this width. In the rigid case, for example, cmmi10.300 cmr10.300 (see Section 3.1). As men tioned in Section 3.3 ab e, in case the ob jects ha di�eren de- grees of freedom, cmmi10.300 cmr10.300 is set to the maxim um of cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300where cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300are the widths of cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300resp ectiv ely In case more than cmmi10.300 cmr10.300 large eigen alues are obtained, one ma ignore these guideline rules and construct proto- yp that has higher degrees of freedom than the ob jects in the class (see for example 31 ]). Theorem elo establishes that the algorithm ab pro duces the optimal protot yp e. consider here the case that all the ob jects share similar degrees of freedom. The same pro cedure can applied with sligh mo di�ca- tions to include the case of ob jects with di�eren degrees of freedom. cmbx10.300Theorem cmsl10.300 Let cmmi10.300 cmr7.300cmsl10.300cmmi10.300 cmr7.300cmsl10.300..., cmmi10.300 cmmi7.300cmsl10.300set of mo dels elonging to some class cmsy10.300 cmsl10.300 Assume ev ery mo del cmmi10.300 cmmi7.300cmsl10.300is represen ted an cmmi10.300 cmsy10.300 cmmi10.300 cmsl10.300 matrix with orthonormal column ectors. The protot yp cmmi10.300 cmsl10.300 that minimizes the term cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmmi7.300cmex10.300cmmi7.300=1 cmex10.300cmr7.300 cmsy7.300cmmi7.300 cmmi5.300cmsy7.300=1 cmsy10.300cmr7.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmsl10.300where the in tegration is done er all the unit-length views cmmi10.300 cmmi7.300cmsl10.300of eac mo del cmmi10.300 cmmi7.300cmsl10.300is comp osed of the cmmi10.300 cmsl10.300 eigen- ectors of the matrix cmmi10.300cmr10.300 cmmi7.300cmex10.300cmmi7.300=1 cmmi10.300cmr7.300 cmmi7.300cmmi10.300cmmi7.300cmsl10.300that corresp ond to its cmmi10.300 cmsl10.300 largest eigen alues. cmbx10.300Pro of: cmr10.300 Let cmmi10.300 cmr10.300 comp osed of the cmmi10.300 cmr10.300 dominan eigen- ectors of cmmi10.300 cmr10.300 According to regression principles cmmi10.300 cmr10.300 min- imizes the term cmmi7.300cmex10.300cmmi7.300=1 cmmi7.300cmr7.300 cmex10.300cmmi7.300cmr7.300 =1 cmsy10.300cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300ij cmsy10.300cmr10.300where cmmi10.300 cmmi7.300ij cmr10.300is the cmmi10.300 cmr10.300 ’th column ector of cmmi10.300 cmmi7.300cmr10.300In other ords, consider cmmi10.300 cmmi7.300ij cmr10.300as oin in cmsy10.300 cmmi7.300cmr10.300The space spanned the column ectors of cmmi10.300 cmr10.300 is the nearest cmmi10.300 cmr10.300 -dimensional yp erplane to these oin ts, cmmi10.300 cmmi7.300ij cmr10.300The rest of this pro of extends the claim from the discrete sum er the column ectors of cmmi10.300 cmmi7.300cmr10.300to the con tin uous in tegral er all views spanned these ectors. According to our assumptions, eac matrix cmmi10.300 cmmi7.300cmr10.300con tains an orthonormal set of column ectors. Replacing these ectors another orthonormal basis for cmmi10.300 cmmi7.300cmr10.300will not hange the matrix cmmi10.300 cmr10.300 that is, cmmi10.300 cmr10.300 is indep enden of the hoice of orthonormal basis for the mo dels. This is illustrated the follo wing deriv ation. obtain new orthonormal basis for the column space of cmmi10.300 cmmi7.300cmr10.300can apply cmmi10.300 cmsy10.300 cmmi10.300 cmr10.300 rotation matrix cmmi10.300 cmr10.300 to cmmi10.300 cmmi7.300cmr10.300(namely cmmi10.300 cmmi7.300cmmi10.300). cmmi10.300 cmr10.300 cmr10.300 is the est ector space for the new set as ell, since cmmi10.300cmmi7.300cmmi10.300cmr10.300 cmmi10.300 cmmi7.300cmmi10.300cmr10.300 cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmmi10.300cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmr10.300cmmi10.300 cmmi7.300cmmi10.300cmmi7.300cmmi10.300cmr10.300 therefore is constan for an hoice of orthonormal ec- tors for cmmi10.300 cmr7.300cmmi10.300:::; cmmi7.300cmr10.300and so its dominan eigen ectors rep- resen the est ector space for for an orthonormal rep- resen tation of the ob jects. Consequen tly cmmi10.300 cmr10.300 minimizes the ob jectiv function regardless of hoice of basis for the mo dels, and therefore it also minimizes the required term cmmi10.300cmr10.300 cmmi10.300 cmr10.300 cmmi7.300cmex10.300cmmi7.300=1 cmex10.300cmr7.300 cmsy7.300cmmi7.300 cmmi5.300cmsy7.300=1 cmsy10.300cmr7.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300cmmi10.300 cmr10.300 cmmi10.300 cmmi7.300cmsy10.300lasy10.300cmr10.300summarize, sho ed that giv en class of ob ject mo dels, the optimal protot yp for this class is giv en the dominan eigen ectors of the matrix cmmi10.300 cmr10.300 whic is con- structed from the ob ject mo dels. Note that in pro ving Theorem sho ed that the protot yp is indep enden of hoice of basis for the mo dels. This implies that, in order to construct the protot yp e, the ob ject mo dels cmmi10.300 cmr7.300cmr10.300..., cmmi10.300 cmmi7.300cmr10.300do not need to �rst brough in to alignmen t. The pro cess ab guaran tees to output the same pro- tot yp ob ject ev en if the mo dels are not aligned. cmbx12.300Relev ance to uman vision cmr10.300The recognition protot yp es sc heme uses the general shap of ob jects as the cue for recognizing them. As as already men tioned, classes in our sc heme con tain ob jects with fairly similar shap es. In con trast, the uman vi- sual system recognizes ob jects using oth shap cues as ell as man other cues, suc as color, texture, motion, and con text, and ob jects are categorized in their basic lev el of abstraction 33 ]. Only little is curren tly kno wn ab out the underlying pro cesses for recognition used the visual system. rom what is kno wn, in spite of the di�erences oin ted ab e, the recognition protot yp es sc heme seems to consisten in sev eral ey issues with psyc hological and ph ysiological �ndings. In this section brie y review these �ndings. The sc heme presen ted in this pap er promotes the no- tion that categorization and iden ti�cation are erformed using similar to ols. In oth cases view ariations �rst are comp ensated for, and then view of either the y- othesized protot yp or ob ject mo del is compared with the image. This is in con trast to metho ds (suc as part decomp osition and functional description) that in gen- eral handle either categorization or iden ti�cation, but do not extend to deal with oth problems. The ail- able studies in this case are inconclusiv e. Some evidence seem to indicate that the pro cesses are handled sepa- rately the visual system. Agnostic and prosopagnostic patien ts often demonstrate degraded iden ti�cation abili- ties, whereas their erformance in categorization remains in tact. Double disso ciation et een the pro cesses, ho ev er, has not een found, and so the assumption that the pro cesses are handled separately in the brain has not een established. In fact, oth cells that resp ond to general faces as ell as cells that resp ond to sp eci�c faces where found lying side side within the same brain area, STS, of the macaque monk ey 29 ]. The vul- nerabilit of the iden ti�cation pro cess to brain lessions can explained that the pro cess requires relativ ely large memory to enco de the detailed shap es of ob jects as cmr10.300ell as sophisticated image pro cessing mec hanisms to re- co er detailed description of the observ ed ob ject from the image (see e.g., 19 ]). Another idea prop osed here is that categorization in- olv es stages: stage of comp ensating for view ari- ations follo ed stage of cmmi10.300 cmr10.300 comparison to accoun for shap di�erences. decoupling of view ariation and seman tic categorization as suggested Lissauer 24 ]. arrington and ylor 44 45 found that pa- tien ts that su�er from lessions in the osterior lob of the righ hemisphere demonstrate di�culties in catego- rizing ob jects from uncon en tional views, whereas their erformance in categorization of ob jects from con en- tional views remains in tact. Additional evidence for the e�ect of view ariations on categorization erformance ere found for health sub jects. Sub jects that are ask ed to name ob jects resp ond slo er when the ob jects ap- ear in uncon en tional views 28 ]. Also, men tal rotation e�ects, namely resp onse time that gro ws linearly with the tilt of the ob ject, ere observ ed in naming tasks of natural ob jects 21 ]. Finally the pro cess of categorization presen ted here is ac hiev ed comparing the image to protot yp ob- jects, and these protot yp ob jects can constructed manipulating the familiar ob jects of the class. Recen studies indicate that resp onse time in naming tasks is ypically shorter and error rates are lo er when the ob- serv ed ob ject is similar to the protot yp ]. Similarly shorter reaction time is obtained when sub jects are ask ed to answ er questions of the yp \do es the ob ject e- long to the class Y?" 34 ]. Other studies rep orted that hildren learn go examples of classes efore they learn or ones 32 and that sub jects recall ha ving seen the protot yp or erage con�guration of studied face images ev en if this con�guration as not studied ]. summarize, although the presen ted sc heme gen- erally do es not recognize ob jects in their basic lev el of abstraction, it is consisten with psyc hological and ph ys- iological �ndings in sev eral ey issues including single approac for the sub-problems of recognition, cat- egorization and iden ti�cation, view dep endency of the sub-pro cesses, and the role of protot yp es in catego- rization. The �ndings discussed here ob viously are in- conclusiv e, since psyc hological and ph ysiological studies including the ones discussed here ha more than one ossible in terpretation. cmbx12.300Implemen tation cmr10.300test the ideas presen ted in the pap er, ha imple- men ted the sc heme and applied it to sev eral ob jects. In our implemen tation, the library of mo dels included classes. The �rst (Figure 2) con tained four-legged hairs (denoted and B), and the second (Figure 3) included car mo dels, VW and Saab. demonstrate categorization, used hair as protot yp and matc hed it to an image of hair B. Corre- sp ondences et een the protot yp and the image ere pic ed man ually and, using these corresp ondences, the protot yp transform as reco ered and applied to the protot yp e. The results of matc hing the transformed pro- tot yp with the image are seen in Figure 4. It can seen that the transformed protot yp (middle �gure) assumed the same orien tation as the observ ed ob ject (left �gure), and that the matc et een the is go considering that the ob jects ha di�eren shap es. Note that in this implemen tation allo ed the ob jects to undergo gen- eral a�ne transformations in cmmi10.300 cmr10.300 including stretc and shear, and so the matc et een the protot yp and the image as etter than if only rigid transformations ere allo ed. Additional examples using hair and the cars as the protot yp es are sho wn in Figures 5-7. In Figures 8-9 tried to matc the protot yp es to the images with wrong corresp ondences. The results of these matc hes ere signi�can tly orse than when the correct matc hes ere used. This is consisten with the idea dis- cussed in Section 3.2 that the qualit of the matc can used as the ob jectiv function for resolving the correct corresp ondence. Figure 10 sho ws the results of matc hing protot yp four-legged hair to single-legged o�ce hair. It can seen that the upp er ortions of the hairs matc rel- ativ ely ell, while the legs of the hairs do not �nd ap- propriate matc hes. Figure 11 sho ws the result of matc hing protot yp hair to an image of Saab car. As an anecdotal ex- ample, matc hed the hole elo the bac of the hair to the windshield of the car and the seat to the ho d. In general, whatev er corresp ondence is used, the ob- jects ould matc orly relativ to matc hing the pro- tot yp es to ob jects of their class. Figures 12-13 demonstrate the iden ti�cation stage. In the library �rst aligned the mo del for hair with the protot yp hair (c hair B) using the protot yp e-to- mo del transform. Then, an image of hair as cate- gorized (Figure 5) matc hing it to the protot yp hair, and the protot yp transform as computed. In the next step, the protot yp transform as applied to the sp eci�c mo del of hair A. The result of this application is seen in Figure 12. It can seen that near-p erfect align- men as ac hiev ed in this pro cess. similar pro cess as applied to the VW car in Figure 13 using the Saab car as the protot yp e. (The result of the corresp onding cat- egorization stage is sho wn in Figure 6.) These �gures demonstrate that although erfect matc et een the protot yp and the image could not obtained, the pro- tot yp transform can still used to align the observ ed ob ject with its sp eci�c mo del. cmbx12.300Summary cmr10.300in tro duced in this pap er recognition sc heme that pro ceeds in stages: categorization and iden ti�cation. Categorization is ac hiev ed aligning the image to pro- tot yp ob jects. or ev ery protot yp e, the nearest proto- yp view is reco ered, and the similarit et een this view and the image is ev aluated. The protot yp that most resem bles the observ ed ob ject determines its class iden tit Lik ewise, iden ti�cation is ac hiev ed align- ing the observ ed ob ject to the individual mo dels of its class. this stage the protot yp transform computed in the categorization stage is reused to align the mo dels with the image. The mo del that matc hes the observ ed ob ject determines its sp eci�c iden tit In addition, 10 cmr10.300Figure 2: cmr9.300 Pictures of hairs used as mo dels. refer to these hairs (left) and (righ t). Mo dels for the hairs ere constructed fom single images using symmetry 31 ]. cmr10.300Figure 3: cmr9.300 Pictures of cars used as mo dels. Left: VW mo del. Righ t: Saab mo del. Mo dels for the cars ere orro ed from 42 ]. cmr10.300Figure 4: cmr9.300 Matc hing protot yp hair (c hair A) to an image of hair B. This �gure, as ell as the rest of the �gures, con tain three pictures. Left: the image to recognized. Middle: the app earance of the protot yp follo wing the application of the protot yp transform. Righ t: an erla of the left and the middle pictures. cmr10.30011 cmr10.300Figure 5: cmr9.300 Matc hing protot yp hair (c hair B) to an image of hair A. cmr10.300Figure 6: cmr9.300 Matc hing protot yp car (Saab) to an image of VW car. cmr10.300Figure 7: cmr9.300 Matc hing protot yp car (VW) to an image of Saab car. cmr10.30012 cmr10.300Figure 8: cmr9.300 Matc hing protot yp hair (c hair B) to an image of hair with wrong corresp ondence. cmr10.300Figure 9: cmr9.300 Matc hing protot yp car (Saab) to an image of VW car with wrong corresp ondence. cmr10.300Figure 10: cmr9.300 Matc hing four-legged hair to an image of an o�ce hair. cmr10.30013 cmr10.300Figure 11: cmr9.300 Matc hing protot yp to hair (c hair A) to an image of Saab car. cmr10.300Figure 12: cmr9.300 Matc hing mo del of hair to an image of the same hair using the protot yp transform computed in the categorization stage. cmr10.300Figure 13: cmr9.300 Matc hing mo del of VW car to an image of the same car using the protot yp transform computed in the categorization stage. cmr10.30014 cmr10.300presen ted an algorithm for constructing the optimal pro- tot yp es and discussed the relev ance of the sc heme to u- man recognition. An imp ortan issue con ey ed our sc heme is that categorization can used to facilitate the iden ti�cation of ob jects. sho ed that �rst categorizing the ob- ject, the di�cult stages of the alignmen pro cess, namely the reco ery of the ob ject ose and the corresp ondence et een the image and the mo del, can erformed only once er class. Consequen tly iden ti�cation is reduced in this sc heme in to series of simple template comparisons. The sc heme presen ted in this pap er di�ers from ex- isting categorization sc hemes in imp ortan asp ects. The existing sc hemes (e.g., ]) �rst attempt to reco er the part structure (geons) of the ob ject from the image alone. This structure is assumed to almost in ari- an oth to rotation of the ob ject and across ob jects of the same class. In con trast, our sc heme do es not at- tempt to reco er an cmmi10.300 cmr10.300 information from the image alone. Moreo er, it separates the e�ects that deter- mine the ob ject’s app earance: view ariation e�ects and deformations due to class ariabilit View ariations are comp ensated for reco ering the view of the protot yp that most resem bles the image, and the amoun of de- formation that separates the protot yp from the sp eci�c ob ject is ev aluated assessing the di�erence (in cmmi10.300 cmr10.300 et een the nearest protot yp view and the image. Op en problems for future researc include solving the corresp ondence et een protot yp es and images, com bin- ing the sc heme with existing indexing approac hes, de�n- ing e�ectiv measures to ev aluate the qualit of matc hes, and extending the system to incorp orate additional cues, suc as color and texture. cmbx12.300Ac kno wledgemen cmr10.300wish to thank Shimon Ullman for encouragemen and advice, ao Alter and ael Moses for man fruitful dis- cussions, Dror Bar Natan for his assistance in erifying the pro of for Theorem 4, Eric Grimson, John Harris, and omaso oggio for commen ts on earlier drafts. cmbx12.300References cmr10.300[1] Anglin, J., 1976. Les premiers termes de ef erence de enfan t. In cmti10.300 S. Enrlich and E. ulving (Eds.), memoir emantique cmr10.300 aris: Bulletin de Psyc holo- gie. [2] Ba jcsy R. and Solina F., 1987. Three dimensional ob ject represen tation revisited. cmti10.300 Pr c. of 1st ICCV Confer enc e, ondon cmr10.300

231-240. [3] Basri R. and Ullman S., 1988. The alignmen of ob- jects with smo oth surfaces. cmti10.300 Pr c. of 2nd Int. Conf. of Computer Vision, Florida cmr10.300

482-488. [4] Biederman, I. 1985. Human image understanding: recen researc and theory cmti10.300 Computer Vision, Gr aphics, and Image Pr essing, 32 cmr10.300

29-73. [5] Biederman, I., 1988. Asp ects and extensions of theory of uman image understanding. In cmti10.300 Z. Pylyshyn (Ed.), Computational Pr esses in Human Vision: an Inter disciplinary Persp ctive cmr10.300

Norw d, NJ: Ablex<, 370-428. [6] Binford, T.O., 1971. Visual erception com- puter. cmti10.300 IEEE Conf. on Systems and Contr ol cmr10.300

[7] Bro oks, R., 1981. Sym olic reasoning among 3- dimensional mo dels and 2-dimensional images. cmti10.300 r- ti�cial Intel ligenc e, 17 cmr10.300

285-349. [8] Bruce, V., 1990. erceiving and recognizing faces. cmti10.300Mind and anguage, 5(4) cmr10.300

342-364. [9] Chien, C.H. and Aggarw al, J.K., 1987. Shap recog- nition from single silhouette. cmti10.300 Pr c. of ICCV Conf., ondon cmr10.300

481-490. [10] Da vis L.S., 1979. Shap matc hing using relaxation tec hniques. cmti10.300 IEEE ans. on Pattern nalysis and Machine Intel., 1(1) cmr10.300

60-72. [11] Duda, R.O. and Hart .E., 1973. attern classi�ca- tion and scene analysis. cmti10.300 Wiley-Interscienc Public a- tion, John Wiley and Sons, Inc cmr10.300

[12] augeras, O.D. and Heb ert, M., 1986. The represen- tation, recognition and lo cation of 3D ob jects. cmti10.300 Int. J. ob otics ese ar ch 5(3) cmr10.300

27-52. [13] Fisc hler, M.A. and Bolles, R.C., 1981. Random sample consensus: paradigm for mo del �tting with application to image analysis and automated car- tograph cmti10.300 Com. of the A.C.M., 24(6) cmr10.300

381-395. [14] orsyth, D., Mundy J.L., Zisserman, A., Co elho, C., Heller, A., and Roth ell, C., 1991. In arian de- scriptors for 3-D ob ject recognition and ose. cmti10.300 IEEE ans. on Pattern nalysis and Machine Intel., 13 cmr10.300

971-991. [15] Grimson W.E.L. and Lozano-P erez T., 1984. Mo del-based recognition and lo calization from sparse data. cmti10.300 Int. J. of ob otics ese ar ch, cmr10.300

3-35. [16] Ho, S., 1987. Represen ting and using functional def- initions for visual recognition. cmti10.300 Ph.D. Dissertation, University of Visc onsin, Madison cmr10.300

[17] Ho�man, D. and Ric hards, W., 1984. arts of recog- nition. cmti10.300 Co gnition, cmr10.300

1865-1896. [18] Huttenlo her, D.P ., and Ullman, S., 1990 Recogniz- ing Solid Ob jects Alignmen with an Image, cmti10.300 Int. J. Computer Vision, 5(2) cmr10.300

195-212. [19] Humphreys G.W. and Riddo M.J., 1987. see but not to see. case study of visual agnosia. cmti10.300awr enc Erlb aum Asso ciates, Pub., ondon cmr10.300

[20] Jacobs, D.W., 1992. Space e�cien 3D mo del in- dexing. cmti10.300 Pr c. of Image Understanding Workshop cmr10.300

717-725. [21] Jolico eur ., 1985. The time to name disorien ted natural ob jects. cmti10.300 Memory and Co gnition, 13(4) cmr10.300

289- 303. [22] Ko enderink, J.J. and an Do orn, A.J., 1982. The shap of smo oth ob jects and the con tours end. cmti10.300Per eption, 11 cmr10.300

129-137. [23] Lamdan, Y., Sc artz, J.T., and olfson, H., 1987. On recognition of 3-D ob jects from 2-D images. cmti10.300Cour ant Inst. of Math. Sci., ob. TR 122 cmr10.300

15 cmr10.300[24] Lissauer H., 1890. all on Seelen blindheit nebst einem eitrag zur theorie derselb en. cmti10.300 chives Psy- chiatrie und Nervenkr ankheiten, 21 cmr10.300

222. [25] Lo e, D.G., 1985. Three-dimensional ob ject recog- nition from single o-dimensional images. cmti10.300 Cour ant Inst. of Math. Sci., ob. TR 202 cmr10.300[26] Marr D. and Nishihara, H.K., 1978. Represen tation and recognition of the spatial organization of three- dimensional shap es. cmti10.300 Pr c. of the oyal So ciety, on- don, B200 cmr10.300

269-294. [27] Nic erson, R.S., 1965. Short term memory for meaningful con�gurations: demonstration of ca- pacit cmti10.300 Canadian J. of Psycholo gy, 19 cmr10.300

155-160. [28] almer, S.E., Rosc h, E., and Chase, ., 1981. Canonical ersp ectiv and the erception of ob jects. cmti10.300In ong J. and Baddeley A. (Eds), ttention and Performanc e, 9, Erlb aum Hil lsdale, NJ cmr10.300

135-151. [29] erret, D.I., Smith, .A.J., otter, D.D., Mistlin, A.J., Head, A.S., Milner, A.D. and Jeev es, M.A., 1985. Visual cells in the temp oral cortex sensitiv to face view and gaze direction. cmti10.300 Pr c. of the oyal So ciety, B223 cmr10.300

293-317. [30] oggio, T., 1990. 3D ob ject recognition: on result Basri and Ullman, cmti10.300 TR 9005-03, IRST, Povo, Italy cmr10.300

[31] oggio, T. and etter T., 1992. Recognition and structure from one 2D mo del view: observ ations on protot yp es, ob ject classes, and symmetries. cmti10.300 M.I.T., A.I. Memo No. 1347 cmr10.300

[32] Rosc h, E., 1973. On the in ternal structure of ercep- tual and seman tic categories In cmti10.300 T.E. Mo or (Ed.), Co gnitive development and the quisition of an- guage cmr10.300

New ork: Academic Press. [33] Rosc h, E., Mervis, C.B., Gra W.D., Johnson, D.M., and Bo es-Braem ., 1976. Basic ob jects in natural categories. cmti10.300 Co gnitive Psycholo gy, cmr10.300

382- 439. [34] Rosc h, E., Simpson, C., and Miller, R.S., 1976. Structural bases of ypicalit e�ects. cmti10.300 J. of Exp eri- mental Psycholo gy: Human Per eption and Perfor- manc e, 2(4) cmr10.300

491-502. [35] Rosenfeld A., Hummel R., and Zuc er S., 1976. Scene lab eling relaxation op erations. cmti10.300 IEEE ans. on System and Man Cyb ernetics, cmr10.300

420-433. [36] Shapira, Y. and Ullman, S., 1991. pictorial ap- proac to ob ject classi�cation. cmti10.300 Pr c. of the Int. Conf. on arti�cial intel. cmr10.300

1257-1263. [37] Shepard, R.N., 1967. Recognition memory for ords, sen tences, and pictures. cmti10.300 J. of erb al arn- ing and erb al Behavior, cmr10.300

156-163. [38] Standing, L., Conezio, J., and Hab er, R.N., 1970. erception and memory for pictures: single-trial learning stim uli. cmti10.300 Psychonomic Scienc e, 19 cmr10.300

73-74. [39] Stark, L., and Bo wy er, K., 1990. Ac hieving gener- alized ob ject recognition through reasoning ab out asso ciation of function to structure. cmti10.300 IEEE ans. on AMI, 13(10) cmr10.300

992-1006. [40] Thompson, D.W. and Mundy J.L., 1987. Three di- mensional mo del matc hing from an unconstrained viewp oin t. cmti10.300 Pr c. of IEEE Int. Conf. on ob otics and utomation cmr10.300

208-220. [41] Ullman S., 1989. Aligning pictorial descriptions: an approac to ob ject recognition. cmti10.300 Co gnition, 32(3) cmr10.300

193-254. [42] Ullman, S. and Basri, R., 1991. Recognition lin- ear com binations of mo dels. cmti10.300 IEEE ans. on AMI, 13(10) cmr10.300

992-1006. [43] aina, L.M. and Zlatev a, S.D., 1990. The largest con ex patc hes: oundary-based metho for ob- taining ob ject parts. cmti10.300 Biolo gic al Cyb ernetics, 62 cmr10.300

225-236. [44] arrington E.K. and ylor A.M., 1973. The con- tribution of the righ erietal lob to ob ject recog- nition. cmti10.300 Cortex, cmr10.300

152-164. [45] arrington E.K. and ylor A.M., 1978. Tw cat- egorical stages of ob ject recognition. cmti10.300 Per eption, cmr10.300

695-705. [46] einshall, D., 1991. Mo del-based in arian ts for 3D vision. cmti10.300 ese ar ch ep ort C-17358 (#76640), IBM T.J. Watson ese ar ch Center cmr10.300

[47] Winston, .H., Binford, T.O., Katz, B., and Lo wry M, 1984. Learning ph ysical description from func- tional de�nitions, examples and preceden ts. cmti10.300 M.I.T., A.I. Memo 679 cmr10.300 16