Men tal Image ransformation and Matc hing using Surface Reconstruction Neural Net orks Jenq-Neng Hw ang, en-Hao Tseng Information Pro cessing Lab oratory Departmen of Electrical Engineering, FT-10 Univ ersit of ashington Seattle, 98195 ABSTRA CT In arian 2-D/3-D ob ject recognition and motion estimation under detection/o cclusion noise and/or partial ob ject viewing are di�cult pattern recognition tasks. On the other hand, the biological neural net orks of uman are extremely adept in these tasks. It has een suggested the studies of exp erimen tal psyc hology that the task of matc hing rotated and scaled shap es uman is done men tally rotating and scaling gradually one of the shap es in to the orien tation and size of the other and then testing for matc h. Motiv ated these studies, presen no el and robust neural net ork solution for these tasks based on detected surface oundary data or range data. The metho op erates in stages: The ob ject is �rst parametrically represen ted surface reconstruction neural net ork (SRNN) trained the oundary oin ts sampled from the exemplar ob ject. When later presen ted with oundary oin ts sampled from the distorted ob ject without oin corresp ondence, this parametric represen tation allo ws the mismatc information bac k-propagate through the SRNN to gradually determine (align) the est similarit transform of the distorted ob ject. The distance measure can then computed in the reconstructed represen tation domain et een the surface reconstructed exemplar ob ject and the aligned distorted ob ject. Applications to in arian 2-D target classi�cation and 3-D ob ject motion estimation using sparse range data collected from single asp ect view are presen ted. In tro duction In 2-D/3-D pattern recognition applications, usually encoun ter the follo wing problem: giv en set of oundary oin ts (testing data) extracted from the oundary or the surface of 2-D or 3-D ob ject, whic is distorted similarity tr ansform (translation, rotation, and scaling), corrupted random detection/o cclusion noise, and/or su�ered from partial data acquisition due to limited um er of asp ect views, from one of sev eral exemplar ob jects, an to estimate the amoun of translation rotation and scaling of the testing ob ject with resp ect to the corresp onding exemplar ob ject (absolute orien tation problem or motion estimation 16 ]), or to classify the distorted testing ob ject (in arian pattern recognition) to one of the exemplar class. useful and general solution to this problem can �nd applications in wide ariet of �elds: e.g., design automation, man ufacturing automation, terrain mapping, ehicle guidance, and in telligen rob ots, etc. Most algorithms prop osed so far for absolute orien tation or motion estimation problems adopted the oint orr esp ondenc es assumption, where the size of testing data is the same as that of reference data, and eac oin in the testing data has een pre-matc hed with (corresp onded to) one oin in the exemplar data. This assumption results in least squares problem, and can solv ed an iterativ algorithm 11 ], or the singular alue decomp osition of co ariance matrix of the data 24 ]. In realit there are missing oin ts and noise corruption in most pattern recognition tasks. Therefore, unequal sizes of the data sets are exp ected and the corresp ondence of data oin ts from ob jects are th us di�cult to determine. solv these problems, some e�orts ha een tried. or example, correlating the ourier transforms, represen tation indep enden of where the oin ts are sampled, of the functions de�ned on the co ordinates of the ro ot oin ts from ob jects, it is ossible to estimate the similarit transform parameters 16 ]. Applying neural net orks tec hniques to in arian pattern recognition tasks is emerging due to the oten tial relationship et een arti�cial neural net orks and biological neural net orks, whic are extremely adept in in arian pattern recognition tasks. Existing tec hniques for estab- lishing neural net orks for in arian recognition can group ed in to categories ]: (1) The invarianc by structur metho ds create net ork connections whic force transformed ersion of the same input to ha the same output. These metho ds require prohibitiv ely large um er of connections for most practical applications. (2) The invarianc by tr aining metho ds train net ork with di�eren examples (asp ect views) of the same ob ject. These metho ds require prohibitiv ely large um er of training samples of di�eren translations, rotations, and scaling for the classi�ers to generalize ell. (3) The invariant fe atur sp ac es metho ds extract input features whic are in arian to transformations. The erformance of these metho ds highly dep end on the prepro cessing tec hniques in extracting the in arian features. In 3-D in arian pattern recognition or motion estimation, one imp ortan issue is partial viewing of the ob ject due to the limited um er of asp ect view angles. More sp eci�cally only the visible surface (or surfaces) whic constitutes part of surfaces of the whole ob ject is ailable, and it is generally assumed that no information ailable ey ond that. This issue further complicates the researc for 3-D in arian pattern recognition and motion etimation. Some probabilistic approac hes ha een prop osed to solv this limited-asp ect data collection problem. In these approac hes, the 3-D ob jects (e.g., the man ufacturing ob jects) are appro ximated small um er of patc hes of planes, cylinders, and spheres. Detection probabilities ere computed based on the collected (range) data and transform parameters ere estimated for eac patc of data in maxim um lik eliho manner. Another approac com bining splines in terp olation and depth estimation using Ba esian mo del tec hniques has also een in tro duced for estimating observ er’s motion 21 ]. All these metho ds su�er from priori assumption ab out the standard building patc hes for ob jects as ell as the form of the probabilit distribution to used in the probabilistic parameter estimation. This pap er prop oses no el surface reconstruction neural net ork (SRNN) approac to ercome the shortcomings encoun tered in the existing metho ds discussed ab e. Our metho can supp orted the exp erimen tal uman psyc hology studies whic sho that the task of matching otate and sc ale shap es is done by mental ly otating and sc aling one of the shap es into the orientation and size of the other and then teste for match. urthermore, it as also rep orted that the men tal transformations of size and orien tation app eared to carried out gradually alternating small steps of sizes and orien tations 19 ]. Our prop osed SRNN approac consists of stages of e�orts. The ob ject shap (as ell as the whole 2-D/3-D image space) is �rst represen ted surface reconstruction neural net- ork (SRNN) trained the oundary oin ts sampled from the exemplar ob ject. The SRNN parametrically reconstructs (in terp olates), in least squares sense, the surface of the exemplar ob ject as ell as the pro�le of the whole space based on the ailable sparse oundary data. More sp eci�cally ev ery oin (in con tin uous domain) in the 2-D/3-D space will assigned alue. If the oin falls on the reconstructed oundary it is assigned alue \0". If oin is outside (or inside) of the reconstructed ob ject, it has ositiv (or negativ e) alue with the magnitude linearly prop ortional to the erp endicular distance of this oin to the ob ject ound- ary (constan slop pro�le). When later presen ted with those oundary oin ts of the distorted ob ject, this parametric SRNN represen tation allo ws easy accum ulation of the mismatc infor- mation from all the distorted testing data. More imp ortan tly the mismatc information can bac k-propagate through the SRNN to iterativ ely determine the est similarit transform of the distorted ob ject (similar to the gradual men tal transformation). The distance measure can then computed in the reconstructed represen tation domain et een the exemplar ob ject and the aligned distorted ob ject. One oin orth of men tioning is that most con en tional shap description using parametric functions (e.g., olynomials 23 ], splines ], deformable functions 25 20 ]) whic sp eci�cally describ the shap of the ob jects without mo deling the whole image space. Our prop osed SRNN represen tation, on the other hand, giv es con tin uous description of the whole image space and the shap is implicitly de�ned as the subspace that giv es 0. The organization of this pap er is as follo ws: In Section 2, discuss the learning pro cedures in olv ed in training an SRNN. Section prop oses our mec hanism of estimating the similarit transform parameters incorp orating the trained SRNN through men tal image transform- lik approac h. Section discusses the application of the SRNN approac to 2-D in arian target recognition. Section presen ts the the application of the SRNN approac to 3-D motion estimation when the testing ob ject is describ ed set of sparse range data collected from one single asp ect view angle. Concluding remarks are giv en in Section 6. Surface Reconstruction Neural Net ork Represen tation Giv en set of data oin ts (in or that lie on or close to the 2-D curv or 3-D surface of an ob ject, the goal of surface reconstruction is to reconstruct the 2-D curv or 3-D surface of the ob ject, expressed smo oth and con tin uous function suc that the training data set is giv en as sample ro ot oin ts of ), i.e., 2.1 Standard Tw o-la er erceptron Neural Net ork standard 2-la er (one hidden la er) erceptron neural net ork, whic has een pro ed to univ ersal functional appro ximator 10 ], is used for surface reconstruction (see Figure 1). In this SRNN, the activ ation alues of the th neuron of the th la er is denoted as ), 2, where sp eci�es the input la er (consists of or input neurons with alues equal to ); sp eci�es the hidden la er (consists of hidden neurons with commonly used sigmoid Figure 1: An SRNN based on standard ultila er erceptron. nonlinearit 1+ ); and sp eci�es the output la er (consists of single output neuron with sligh tly mo di�ed sigmoid nonlinearit 1+ 1). The in terconnection eigh linking the th neuron of the th la er with the th neuron at the th la er is denoted as (with denoting the o�set of the neuron). train this 2-la er neural net ork to learn the unkno wn function is not so straigh t- forw ard, since the desired teac her alue for the training oin is If the standard cost function (i.e., the lease-squares error) is minimized 18 ]: )] (1) then the trained net ork will yield trivial solution 0. Therefore, there is need for more prop er cost function. 2.2 New Cost unction to Minimized The new cost function to minimized should re ect the fact that for oundary oin ts and the implied for non oundary oin ts. One in tuitiv is to assign to ositiv on one side (e.g., exterior of the ob ject) of the con tour and negativ on the other (e.g., in terior of the ob ject). This requires an additional criterion that ould force the function to ha large gradien ts at all the ro ot oin ts 22 ]. The follo wing cost function incorp orates oth criteria, that is, small alues of and large gradien ts kr at the ro ots (i.e., 22 14 ]: kr (2) Mathematically minimizing this new cost function is equiv alen to minimizing the me an- squar distanc et een the data and the reconstructed surface ]. More sp eci�cally giv en oin and its (neigh oring) normal pro jection 0) on the reconstructed surface, �rst order ylor series expansion giv es (3) where constan slop is assumed in the vicinit of Therefore, kr and the distance is kr (4) Ha ving hosen the cost function to minimized, it is no straigh tforw ard for us to apply the standard gradien descen based bac k-propagation learning (sequen tial up dating) to train the net ork 14 ]. Our exp erimen ts on training the SRNNs indicated that the recursiv (sequen tial up dating) bac k-propagation as often stuc in lo cal minima where all eigh ts and o�sets reac hed zero. Therefore, adopted the Lev en erg Marquardt ersion of the batc Gauss Newton metho for the training of our SRNN 12 ]. This algorithm tak es adv an tage of the sum of pro ducts of the �rst order Jacobian matrix to explicitly appro ximate the Hessian matrix of the second order deriv ativ es. Unfortunately sim ulations ha indicated the presence of fak oundary curv es (or surfaces) in the exterior part of the ob ject due to the di�cult of appro ximating abrupt hanges of some oundary curv es. These additional fak curv es sometimes degrade the matc hing accuracy when used in in arian pattern recognition applications 14 ]. Figure sho ws the sim ulation results of the prop osed new cost function for mo deling 2-D airplane. Figure 2(a) sho ws an arti�cially created airplane. There are 500 oundary oin ts uniformly sampled from the airplane used for training the SRNN. The surface reconstructed airplane an SRNN of 24 hidden neurons is obtained hec king all the oin ts in the 2-D space that corresp ond to (see Figure 2(b)). In addition to the fak oundary curv es/surfaces, another problem as also observ ed ab out using this new cost function in Eq. (2). The magnitude of the ositiv and negativ alues created SRNN for non oundary regions are ery small (e.g., 0.01) and quite at (i.e., ery small gradien alues). Therefore, it is inappropriate to use this reconstructed represen tation for the measure of degree of matc hing et een similarly shap ed ob ject and the reconstructed ob ject regardless the similarit measure is based on or kr 2.3 Regularized Cost unction to Minimized attac the encoun tered problems of fak oundaries and the small alued at non oundary region, regularizing terms are e�ectiv ely added in to the new cost function in Eq. (2) 15 ]: kr kr (5) (a) (b) Figure 2: (a) An arti�cially created airplane. (b) The surface reconstructed airplane an SRNN of 24 hidden neurons using 500 uniformly sampled oundary oin ts. where is the set of data oin ts uniformly sampled from large enough sphere to enclose the whole exemplar ob ject. is the set of data oin ts sampled along the direction of gradien in constan step starting from eac oundary oin \after" the SRNN is trained the data of and sets. Regularization to Remo ak Boundary Curv es/Surfaces: Note that all the fak oundary curv es/surfaces are created due to the inabilit of SRNN to form closed ob ject description to some sharp corners. These fak curv es/surfaces alw ys extend to in�nit at some oin in the space. The �rst regularizing term is th us added to force the alue of the onits outside the ob ject to one consisten tly so that no-zero-crossing zone outside the ob ject is ensured. This is done uniformly sampling additional oin ts from large enough sphere whic encloses the exemplar ob ject. In our sim ulations, the large enough sphere has radius whic is wice of the maxim um Euclidean distance of all oin ts in to their cen troid. also found that the con ergence rate of training the SRNN using the regularized cost function (using and is uc faster than that of no regularization (using only). Note that after this regularizing training, the set of oundary oin ts is con erted in to whole 2-D/3-D image space description, whic is somewhat lik binary image. More sp ecif- ically alue \1"for exterior region of the exemplar ob ject and negativ alue of ery small magnitude for in terior region of the ob ject. Regularization to orm Constan Slop Pro�le: The second regularizing term is imp osed after the training of the SRNN using data sets of and This regularizing term further con erts the somewhat binary image description to constan slop pro�le image description with resp ect to the reconstructed oundary This kind of pro�le construction is normally ac hiev ed (c hamfer) distance transform in discrete and nonparametric manner (a) (b) Figure 3: (a) The reconstructed curv es of the 2-D airplane based on the prop osed regularized cost function. (b) The reconstructed constan slop pro�le of the whole 2-D image giv en the trained SRNN. that appro ximates the Euclidean distance of eac discrete image pixel from its nearest oundary pixel ]. More sp eci�cally this regularization creates reconstructed image represen tation whic has constan slop (e.g., kr 1) along the radial direction of the ob ject oundary instead of using ery sharp cuto� in represen tation. In our sim ulations, the sample oin ts in is generated as follo ws: 1. Compute the gradien ector of eac oundary oin in after the SRNN is trained using and data sets. 2. Starting from eac oundary oin t, sample along the direction of gradien in constan step un til the other oundary oin is met or exceeding pre-sp eci�ed limiting co ordinate alue. 3. Rep eat (2) sampling along the opp osite gradien direction. Figure 3(a) sho ws the reconstructed shap of the 2-D airplane based on the prop osed reg- ularized cost function (see Eq. (5)) using the same 500 uniformly sampled oundary oin ts in Figure 2(b). The reconstructed constan slop pro�le of the whole 2-D image giv en the trained SRNN is sho wn in Figure 3(b). Alignmen of Distorted Ob jects Before Matc hing After trained the (reference) exemplar ob ject with regularizations, the SRNN establishes an implicit parametric represen tation of the curv es or surfaces (and the whole image space). are no ready to erform the matc hing et een the represen ted exemplar ob jects and an Figure 4: trained SRNN for represen ting the exemplar ob ject is co ordinated with the similarit transform mo dule for gradual (men tal) ob ject alignmen t. distorted testing ob ject without oin corresp ondence if the latter one can pre-aligned (i.e., appropriately translated, rotated, and scaled). Our design of alignmen of the distorted ob ject is based on the studies exp erimen tal psyc hology that the task of matc hing rotated and scaled shap es is done men tally rotating and scaling gradually one of the shap es in to the orien tation and size of the other one and then tested for matc 19 ]. Figure sho ws the gradual (iterativ e) similarit transform mo dule in co ordination with the SRNN. The basic idea is to allo the similarity tr ansform mo dule gradually up date the similarit transform parameters through the guidance of the trained SRNN for exemplar ob ject (b eeping constan the eigh ts of the SRNN). The testing oundary oin ts can th us est transformed (via rotation R( of angle ector scaling constan and translation ector to the same orien tation of the exemplar oundary oin ts Note that, Therefore, the goal of the similarit transform mo dule is to ha the transformed (aligned) data est matc that of the surface reconstructed represen tation of the exemplar ob ject. Only using this kind of cascading con�guration, can e�cien tly pro vide the necessary mismatc information in the represen tation domain from the master SRNN to the sla similarit transform mo dule in the training of the latter one. This idea is similar in concept to sev eral neural net ork con troller designs 17 ]. The up dating of the similarit transform parameters can implemen ted an iterativ optimization searc h. again used the Gauss Newton searc in our implemen tation. (6) where is calculated in net ork in ersion pro cedure 13 ], whic is similar to the deriv ativ calculation of eigh ts in the bac k-propagation learning. The mathematical expression of the partial deriv ativ es can pre-calculated since the function (similarit transform equation) is ell de�ned. The initial guess of translation parameter as obtained via the ector di�erence of the cen troid of the exemplar ob ject and that of the similarit transformed ob ject. Additional care has to tak en in the case of 3-D recognition tasks where only partial viewing data are acquired. Similarly the initial guess of the scale is obtained the ratio of the e�ectiv olume of the exemplar ob ject to that of the distorted ob ject, where (7) (8) where and denotes the sample erage of data sets and resp ectiv ely The initial guess of the rotation angle(s) is obtained starting with sev eral rotation angle com binations. The one giv es the smallest matc hing error from one SRNN is used to comp ete with other SRNN results. or example, in the 2-D in arian pattern recognition application to discussed in Section 4, tried angles with 45 apart (see Section 4). While in the 3-D motion estimation application, 32 com binations out of three angles are tested (see Section 5). The determination of the est similarit transform alignmen go es through couple of it- erativ sw eeps. In eac sw eep, steps of up dating are consecutiv ely erformed. First, only the rotation and the translation parameters are up dated (k eeping the scaling parameter �xed). Second, after the rotation and the translation parameters con erge, the scaling parameter is up dated (k eeping rotation and translation parameters �xed). This completed the up dating of one sw eep. The up dating pro cess con tin ues un til no more hanges through all the three steps in one sw eep. Application to 2-D/3-D In arian attern Recognition or in arian pattern recognition, one is required to represen eac distinct 2-D/3-D exemplar ob ject with separate SRNN. Eac SRNN can trained with quite complete set of (usually noise free) oundary data of the corresp onding exemplar ob ject. In our exp erimen ts, three classes of airplanes ere recognized (see Figure 5(a)). Eac class as represen ted 2-la er SRNN (with 24 hidden units) trained 500 noise-free oundary oin ts uniformly sampled from the corresp onding exemplar ob ject within square of 500 500. The SRNN reconstructed oundary shap es and the constan slop 2-D image pro�les are sho wn in Figure 5(b). Eac testing distorted ob ject as sp eci�ed 100 randomly selected oundary oin ts. The amoun ts of similarit transforms for eac testing ob ject ere: the translation as random within 50 50] for eac co ordinate, scaling as random within [0 2], and rotation as also random within 180 180 ]. alid com bination of the similarit transform ensures all the 100 sample oin ts are con�ned within the square domain. or eac distorted testing ob ject, further create additional testing ob jects corrupting with: small Gaussian noise �; (0 05 to eac co ordinate of the oundary oin ts, and large noise large Gaussian noise �; (0 to eac co ordinate of the oundary oin ts, where is the e�ectiv olume de�ned in Eq. (8). (a) (b) Figure 5: (a) Three exemplar airplanes to recognized. (b) The SRNN reconstructed oundary shap es and 2-D image pro�les. 10 Exemplar Ob jects Airplane Airplane Airplane 00 No Noise (100 ests) 100 (100 ests) 100 (100 ests) 100 Av erage Accuracy 100 Exemplar Ob jects Airplane Airplane Airplane 05 Small Noise (100 ests) 100 (100 ests) 99 (100 ests) 99 Av erage Accuracy 99.3 Exemplar Ob jects Airplane Airplane Airplane 10 Large Noise (100 ests) 99 (100 ests) 20 80 (100 ests) 24 76 Av erage Accuracy 85.0 able 1: The erformances of three sim ulation en vironmen ts. or eac exemplar airplane, there ere 300 distorted testing airplanes (100 noiseless, 100 small noise, and 100 large noise) created, and the standard squared error (9) as used as an indicator of the go dness of matc hing. Figures 6(a) and (b) sho the ypical distorted 100-p oin testing oundary data randomly sampled from three testing ob jects with small and large noises. more robust in the rotation alignmen t, there are initial guesses of rotation angles ere tried, i.e., 45 :::; 315 or eac SRNN, the smallest alue out of the eigh initial rotation angles as hosen to the matc hing score for this class. Then the smallest alue out of all three exemplar SRNNs determined the winner of the classi�cation. The classi�cation erformance for three test en vironmen ts is presen ted as confusion matrices of accuracy giv en in able 1. 11 (a) (b) Figure 6: ypical 100-p oin testing oundary data randomly sampled from three testing ob jects. (a) With small noise. (b) With large noise. 12 Application to 3-D Motion Estimation using artial Viewing Data from Single Asp ect View The prop osed SRNN can naturally applied to 3-D in arian pattern recognition applications where the testing data migh represen partial ortion of the complete ob ject due to limited um er of viewing asp ect angles. The is demonstrated the follo wing 3-D motion estimation example. Giv en kno wn 3-D mo ving ob ject already represen ted an SRNN, are to estimate its motion via estimating the amoun of translation and rotation based on sequence of sets of 3-D sparse range data tak en from one (v arying) asp ect of the ob ject. An similarit transformed data on the mo ving ob ject is obtained randomly sampling the surface oin ts from the rotated and translated ersion of the exemplar ob ject. minimize the complexit in olv ed, the size scaling e�ect is ignored in this application (i.e., 1). By using the similarit transform mo dule cascaded et een the input and the trained SRNN (see Figure 4), the motion estimation can done in similar manner as in arian pattern recognition. Note that are aligning the distorted ob ject through the similarit transform mo dule to the orien tation of the exemplar ob ject. Therefore, the motion parameters estimated are de�ned with resp ect to the distorted ob ject, whic is di�eren from the usual de�nition of motion parameters with resp ect to the exemplar ob ject, this concern can easily answ ered. As giv en in Figure (also assume 1) (10) cos cos cos sin sin sin cos cos sin cos sin sin sin cos sin sin sin cos cos sin sin cos cos sin sin cos sin cos cos (11) where and represen roll, pitc h, rotation angles and translation ector resp ectiv ely with resp ect to the distorted ob ject. Eq. (10) can rewritten as (12) Therefore, after the similarit transform mo dule estimates the and motion parameters with resp ect to the distorted ob ject, the desired rotation matrix with resp ect to the exemplar ob ject can easily obtained as and the desired translation ector with resep ct to the exemplar ob ject is By taking adv an tage of the con tin uit assumption in trac king the motion, the initial guess of angles (or lo cations) at eac time instance is set to the estimated angles (or lo cations) at previous time instance except the initial guesses in the ery eginning, i.e., the th time instance. Without loss of generalit let’s assume the exemplar ob ject is cen tered at origin. Due to large ortion of missing data resulted from single asp ect range data collection, the initial guess of in the similarit transform mo dule at the th time instance cannot solely relied on the cen troid information of the partial data The cen troid is de�ned from sample erage of the single asp ect range data in If the range �nder is assumed to oin to direction, then the initial guesses of and at the th time instance can still set to 13 and while the initial guess of the depth of the data, at the th time instance should comp ensated to (13) where and are the e�ectiv olumes of exemplar ob ject and the single asp ect range �nding ob ject (see Eq. (8)). The initial guess of the rotation angles at the th time instance is obtained starting with 32 di�eren ossible rotation com binations: f� 135 45 45 135 f� 45 45 and f� 135 45 45 135 After the presen tation of 1st single asp ect range data set the one pro duces smallest matc hing error is hosen as the initial guess for future motion trac king. demonstrate that our motion estimation can ork in wide range of motion parameters, sim ulation with tra jectory of 101 time instances as conducted. First, syn thetic exemplar ob ject (3-D truc k) as generated and one view of the ob ject is sho wn in Figure 7(a). There are 600 range data uniformly sampled from six views (fron t, end, left, righ t, top, and ottom) used for training the SRNN, whic consists of one hidden la er of 16 hidden neurons. Figure 7(b) sho ws one asp ect of the reconstructed SRNN oundary represen tation. One single cross section of the constan slop pro�le of the 3-D image space represen ting the 3-D truc is sho wn in Figure 7(c). This SRNN is then cascaded with the similarit transform mo dule for motion estimation of the 3-D truc k. �xed the camera viewing angle and mo ed (translate and rotate) the truc k. Images with noise-free and Gaussian noise (0 ere used to test the erformance of our metho d. Figure 7(d) sho ws the noisy range data collected from single asp ect at the �rst time instance. There ere only 100 range data randomly sampled at eac time instance. Figures 8(a) and (b) sho the 100 data samples (noise-free and noisy) collected from the range �nder oin ting to direction. The corresp onding 3-D truc ks of the distorted data sampled from are also sho wn. The estimation results of motion parameters (3 rotation angles and translation co ordinates) during the motion trac king in the 101 time instances are sho wn in Figures and 10. Conclusion This pap er presen ts regularized surface reconstruction neural net ork approac to erform robust in arian 2-D/3-D ob ject recognition and motion estimation. By e�cien tly em ed the whole 2-D/3-D image space in to neural net ork in to neural net ork parametric represen- tation, are able to elegan tly duplicate the uman’s men tal image transform and matc hing capabilit in erforming the rotating and scaling of ob jects as suggested the studies of ex- erimen tal psyc hology The preliminary sim ulations of applying this tec hnique to in arian 2-D target classi�cation and 3-D ob ject motion estimation using sparse range data collected from single asp ect view are encouraging. urther researc in using this tec hnique for standard 2-D images (instead of range data) is explored. 14 (a) (b) (c) (d) Figure 7: (a) syn thetic exemplar ob ject (3-D truc k). (b) One asp ect view of the trained SRNN represen tation. (c) One cross section of the reconstructed SRNN constan slop represen tation of the whole 3-D image. (d) The noisy range data collected from single asp ect view for motion estimation. 15 (a) (b) Figure 8: (a) ypical 100 noise free range data of the 3-D truc sampled from single asp ect view. (a) ypical 100 noisy range data of the 3-D truc sampled from single asp ect view. 16 (a) (b) (c) Figure 9: Motion estimation results of rotation angles based on noiseless and noisy sparse range data collected from single asp ect view. (a) Estimation of (b) Estimation of (c) Estimation of 17 (a) (b) (c) Figure 10: Motion estimation results of translation co ordinates based on noiseless and noisy sparse range data collected from single asp ect view. (a) Estimation of (b) Estimation of (c) Estimation of 18 References [1] K. S. Arun, T. S. Huang, S. D. Blostein. Least squares �tting of 3-D oin sets. IEEE ans. on AMI 9(5):698-700, Sept. 1987. [2] E. Barnard and D. Casaasen t. In ariance and neural nets. IEEE rans. on Neural Net orks, 2(5):498-508, Septem er 1991. [3] R. H. Bartels, J. C. Beatt and B. A. Barsky An In tro duction to Splines for use in Computer Graphics and Geometric Mo deling. Morgan Kaufmann Publishing Inc., Los Altos, CA 1987. [4] R.M. Bolle. Information extraction ab out complex three-dimensional ob jects from visual data. Ph.D. Dissertation, Bro wn Univ ersit Ma 1984. (Also Bro wn Univ. ec h. Rep. LEMS 6.) [5] R. J. Bolle and B. C. erm uri. On three-dimensional surface reconstruction metho ds. IEEE ans. on AMI 13(1):1-13, Jan uary 1991. [6] R.M. Bolle and D.B. Co op er. On optimally com bining pieces of information, with applica- tion to estimating 3-D complex-ob ject osition from range data. IEEE rans. on AMI, 8(5):619-637, Septem er 1986. [7] G. Borgefors. Hierarc hical hamfer matc hing: parametric edge matc hing algorithm. IEEE rans. on AMI, 10(6):849-865, No v. 1988. [8] C. Bundesen and A. Larsen. Visual ransformation of Size. Journal of Exp erimen tal Psyc hology: Human erception and erformance, 1(3):214-220, 1975. [9] B. K. Horn, H. M. Hilden, S. Negahdarip our. Closed-form solution of absolute orien tation using orthonormal matrices. J. Opt. So c. m. 5(7):1127-1135, July 1988. [10] K. Hornik. Multila er feedforw ard net orks are univ ersal appro ximators. Neur al Networks 2(5):359{366, 1989. [11] T. S. Huang, S. D. Blostein, E. A. Margerum. Least squares estimation of motion parame- ters from 3-D oin corresp ondences. In Pro c. IEEE Conf. Computer Vision and Pattern gnition pp. 198-201, Miami Beac hd, FL, 1986. [12] J. N. Hw ang and S. Lewis. rom nonlinear optimization to neural net ork learning. In Pro c. 24th Asilomar Conf. on Signals, Systems, Computers pp. 985-989, aci�c Gro e, CA, No em er 1990. [13] J. N. Hw ang, J. J. Choi, S. Oh, and R. J. Marks I. Query based learning applied to partially trained ultila er erceptrons. IEEE rans. on Neural Net orks, ol. 2, No. 1, pp. 131-136, Jan uary 1991. [14] J.N. Hw ang and H. Li. In arian ob ject recognition via surface reconstruction neural net- orks. In t’l Join Conf. on Neural Net orks, ol. 3, pp. 184-189, 1992. 19 [15] J.N. Hw ang and Y. H. Tseng. 3-D motion estimation using single ersp ectiv sparse range data via surface reconstruction neural net orks. Submitted to In t’l Conf. on Neural Net- orks, San rancisco, CA, Marc 1993. [16] Z.C. Lin, H. Lee, T. S. Huang. frequency-domain algorithm for determining motion of rigid dy from range data without corresp ondences. In Pro c. IEEE Conf. Computer Vision and Pattern gnition pp. 194-198, Miami Beac h, FL, 1986. [17] D. Nguy en and B. Widro w. The truc bac er-upp er: an example of self-learning in neural net orks. In Int’l Joint Conf. on Neur al Networks (IJCNN), Washington D.C. pages I357{I I363, June 1989. [18] D. E. Rumelhart, G. E. Hin ton, and R. J. Williams. Learning in ternal represen tation error propagation. in Par al lel Distribute Pr essing: Explor ations in the Micr ostructur of Co gnition: olume 1: oundations Chapter 8. MIT Press, Cam bridge, MA, 1986. [19] R. N. Shepard and L. A. Co op er, Men tal Images and Their ransformations. MIT Press, Cam bridge, Massac usetts, 1982. [20] L. H. Staib and J. S. Duncan. Boundary �nding with parametrically deformable mo dels. IEEE rans. on AMI, 14(11):1061-1075, No em er 1992. [21] R. Szeliski. Estimating motion from sparse range data without corresp ondence. In t’l Conf. on Computer Vision, pp. 336-340, 1988. [22] G. aubin. Algebraic nonplanar curv and surface estimation in 3-space with applications to osition estimation. ec hnical Rep ort, Bro wn Univ ersit LEMS-43, eb. 1988. [23] G. aubin. Estimation of planar curv es, surfaces, and nonplanar space curv es de�ned implicit equations with applications to edge and range image segmen tation. IEEE ans. on AMI 13(11):1115-1138, No em er 1991. [24] S. Umey ama. Least-squares estimation of transformation parameters et een oin patterns. IEEE ans. on AMI 13(4):376-380, April 1991. [25] B. Widro w. The rubb er mask tec hnique and I. Pattern gnition 5:175-211, 1973. 20 Con ten ts In tro duction Surface Reconstruction Neural Net ork Represen tation 2.1 Standard Tw o-la er erceptron Neural Net ork 2.2 New Cost unction to Minimized 2.3 Regularized Cost unction to Minimized Alignmen of Distorted Ob jects Before Matc hing Application to 2-D/3-D In arian attern Recognition Application to 3-D Motion Estimation using artial Viewing Data from Single Asp ect View 13 Conclusion 14 21 List of Figures An SRNN based on standard ultila er erceptron. (a) An arti�cially created airplane. (b) The surface reconstructed airplane an SRNN of 24 hidden neurons using 500 uniformly sampled oundary oin ts. (a) The reconstructed curv es of the 2-D airplane based on the prop osed regularized cost function. (b) The reconstructed constan slop pro�le of the whole 2-D image giv en the trained SRNN. trained SRNN for represen ting the exemplar ob ject is co ordinated with the similarit transform mo dule for gradual (men tal) ob ject alignmen t. (a) Three exemplar airplanes to recognized. (b) The SRNN reconstructed oundary shap es and 2-D image pro�les. 10 ypical 100-p oin testing oundary data randomly sampled from three testing ob jects. (a) With small noise. (b) With large noise. 12 (a) syn thetic exemplar ob ject (3-D truc k). (b) One asp ect view of the trained SRNN represen tation. (c) One cross section of the reconstructed SRNN constan slop represen tation of the whole 3-D image. (d) The noisy range data collected from single asp ect view for motion estimation. 15 (a) ypical 100 noise free range data of the 3-D truc sampled from single asp ect view. (a) ypical 100 noisy range data of the 3-D truc sampled from single asp ect view. 16 Motion estimation results of rotation angles based on noiseless and noisy sparse range data collected from single asp ect view. (a) Estimation of (b) Estima- tion of (c) Estimation of 17 10 Motion estimation results of translation co ordinates based on noiseless and noisy sparse range data collected from single asp ect view. (a) Estimation of (b) Estimation of (c) Estimation of 18 22