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Estimation robuste multi-�echellede mod�eles param�etr�es de mouvementsur des sc�enes complexesR�esum�e : Nous pr�esentons dans ce rapport une m�ethode originale d'esti-mation de mod�eles param�etr�es de mouvement. L'int�erêt de formuler un pro-bl�eme d'analyse de mouvement par l'identi�cation de tels mod�eles est double.Il s'agit d'une part d'une repr�esentation compacte qui s'av�ere ad�equate etpertinente dans des contextes di��erents et nombreux (mesure, segmentation,suivi ou caract�erisation du mouvement). D'autre part, on peut en obtenir uneestimation peu coûteuse en temps calcul. Le point crucial par contre est d'enobtenir une estimation �able et pr�ecise, et de g�erer correctement la pr�esencede plusieurs mouvements dans l'image. Pour r�epondre de fa�con bien fond�eeet e�cace �a ces probl�emes, nous avons d�evelopp�e un estimateur robuste, dutype M-estimateur, d�e�ni dans un sch�ema multi-r�esolution. Cette techniquea permis d'obtenir des r�esultats tout-�a-fait satisfaisants sur des images re-pr�esentant des sc�enes complexes.Mots-cl�e : S�equence d'images, mouvement, mod�eles param�etr�es, estima-teur robuste, mesure multi-�echelle, segmentation.



Robust multiresolution estimation of parametric motion models 11 IntroductionOne of the major areas in computer vision research is dynamic scene analysis,which has motivation from numerous applications ([AN88, Nag88, MB92c]).Some of them (meteorology, bio-medical, ...) are concerned with natural phy-sical phenomena and therefore deal with scenes including non-rigid objectswith fuzzy dynamical behaviour. We can �nd complex situations in otherdomains, such as autonomous system navigation in complex environments ortelesurveillance, where human body motion is present.Achieving motion analysis in such contexts is a di�cult task which requiresa suitable and e�cient formulation. In this report, we perform the motionanalysis by identifying 2D parametric models of the optical 
ow �eld ; in par-ticular we use polynomial models of the point coordinates (x; y) in the imageplane. Those models include constant 
ow (global translation), a�ne 
ow(�rst order polynomials in x and y), quadratic 
ow. This choice turned outto be judicious in many di�erent situations such as segmentation of the imageinto regions with homogeneous apparent motion [WK93, BF93], extractionand coding of temporal information in a motion-compensated coding scheme[Hoe89, NL91b], apparent motion estimation [ZQY89], tracking [MB92b],and recovery of useful 3D qualitative [BF93] or quantitative [NL91a] motioninformation. Similar models have been used with success for the registra-tion of stereo images [BD93]. There are two arguments for the use of suchan approach. The �rst one is that a small number of parameters (six inthe case of a�ne 
ow) are enough to completely describe the 
ow vector atany point in the region of validity, which can be large, and that those 
owvectors constitute a very good approximation of the real optical 
ow, as thestudies mentioned above show. The second argument is the low computation.However, obtaining reliable and accurate estimations is crucial, for ins-tance to separate more easily di�erent motions, or to make use of the nume-rical results in a second stage (for example [NL91a]) whose e�ciency usuallydeeply depends on the accuracy of these results. We present in this reporttwo robust multiresolution algorithms for parametric motion models estima-tion.It is now well-known that the use of multiresolution schemes improveconsiderably motion analysis estimation using di�erential methods, i.e. using



2 J.M. Odobez & P. Bouthemyspatio-temporal gradients of intensity. This has been mainly studied and va-lidated in dense optical 
ow �eld estimation [BAK91, Enk88, HB93, KD88].Accurate estimations can be recovered even with large displacements orwith an irregular intensity gradient distribution in the image. More recently,[BAHH92] and [MB92a] propose a multiresolution \least mean squares" mo-tion parameters estimation technique. However, to be useful, the regionswhere we apply this technique have to be su�ciently large. Thus, if no seg-mentation is available, the a priori region where the estimation is performed(the whole image or blocks of big size) may contain several motions and theresults will surely be a�ected. In [BAHH92], it is postulated that the globalmotion results from egomotion, and that the projected moving objects oc-cupy only a very small part of the scene. There is less constraint in [BBHP90],where transparent motion is under consideration, but only constant modelsare used. In [MB92a], the regions involved in the estimation process are givenby a motion segmentation that ensures a single motion per region.The problem of the support region is therefore of great importance, given thatwe want to deal with complex situations or to get rid of a preliminary seg-mentation step, which is usually a computationnally heavy and di�cult task.The class of robust estimators [Hub81, Rou84], which has become popular inimage processing [MMR91, Bla92, JMB91] o�ers an appealing direction ofinvestigation. Such an approach has already been used in [DP91] for motionestimation, but only for a 3D translation with constant depth ; i.e., a secondorder 2D motion model with three parameters at a single resolution has beenconsidered. However, a robust estimator well-adapted to the given problemmust take into account three important features : data are noisy, the modelswe use are only approximations, and the computation cost should be as lowas possible.This report is organized as follows : in the following section, we describeour motion model and the objective function used in the minimisation. Sec-tion 3 presents the multiresolution least-mean-squares estimation algorithm,to which our new methods will be compared. Section 4 makes a brief reviewof robust estimators, and describes our solutions. Finally we will show resultswith simulated and real motion.



Robust multiresolution estimation of parametric motion models 32 Motion model and objective functionWe consider the class of 2D polynomial motion models. Using matrix nota-tion, these models can always be stated in the following general way:VA(Xi) = " u(Xi)v(Xi) # = B(Xi)A; (1)which is linear with respect to the n motion parameters At = (a1; ::; aj; ::; an),and where Xi = (xi; yi) denotes the spatial image position of a point, VA(Xi)the 
ow vector at point Xi ; B is a matrix, whose form depends on the chosenmodel, but where its coe�cients depend only on the point coordinates.Every model of this class can be used - constant, a�ne, or quadratic,complete or not - but here we will mainly deal with the complete a�ne 
owde�ned as : ( u(Xi) = a1 + a2 xi + a3 yiv(Xi) = a4 + a5 xi + a6 yi (2)In this case we have :B(Xi) = " 1 xi yi 0 0 00 0 0 1 xi yi #This model is in fact a good tradeo� between complexity and representati-veness. It can take into account many kinds of motion (translation, rotation,scaling, deformation), and even if a rigid 3D motion gives rise to a quadraticmodel (at least) in the image plane, the a�ne 
ow recovers the essential part[BF93, NL91a].For each point Xi, we can write using vector notation:dIdt (Xi; t) = S(Xi; t) = ~V (Xi; t): ~rI(Xi; t) + It(Xi; t)where ~V t = (dxdt ; dydt ) denotes the 
ow vector function, ~rIt = (Ix; Iy) and Itare respectively the spatial gradient and the temporal derivative of the inten-sity function I. S(Xi; t) represents the total derivative of I with respect totime t, that is to say, the instantaneous temporal variation of the intensity of



4 J.M. Odobez & P. Bouthemythe moving projected point along its planar trajectory. The constant bright-ness assumption, i.e. S(Xi; t) = 0 [HS81], leads to the well-known motionconstraint equation : ~V (Xi; t): ~rI(Xi; t) + It(Xi; t) = 0:However, global illumination changes can occur, for instance in outdoorscenes, or in satellite sequences (where, for instance, the frame rate is twoimages per hour for Meteosat) in both visible and infrared channels (in thelatter case, changes are due to the diurnal and interdiurnal variability ofthe brightness temperatures, [SM89]). Hence, to deal with those changes, wechoose S constant over the given region, that is:S(Xi; t) = dIdt (Xi; t) = �� : (3)Letting ri be the following expression (dropping the time variable t when noconfusion is possible):ri = ~V (Xi): ~rI(Xi) + It(Xi)� S(Xi)= Ix(Xi)u(Xi) + Iy(Xi) v(Xi) + It(Xi) + � (4)and considering now not any general function ~V but the model function ~VA,we �nally get for ri (using matrix notation):ri = Xi�� Yi (5)where 8>>><>>>: �t = (At; �)Yi = �It(Xi) andXi = X (Xi; Ix(Xi); Iy(Xi)) = ( rI(Xi)tB(Xi) ; 1 )3 Multiresolution least mean squares esti-mationWe brie
y describe here the multiresolution least mean square estimationscheme. It was introduced in [MB92a], and leads to an incremental estima-tion of the motion model through coarse-to-�ne re�nement. We added ateach resolution level an incremental estimation step which improves resultspreviously obtained in [MB92a]. In addition, we introduced the parameter �presented in the previous section.



Robust multiresolution estimation of parametric motion models 53.1 Incremental estimationThe following presentation concerns the incremental step at one resolutionlevel as well as from one level to the next. The principle of this incremen-tal scheme is presented in the �gure 1 in the monodimensional case. Asdescribed in the former section, equation (4) results from the assumptiondIdt (Xi; t) = ��. The following residual may also be derived from this as-sumption, if we approximate the derivative by a �nite di�erence :r0i = I(Xi + �Xi; t+ �t)� I(Xi; t) + ��t; (6)where �Xi = V (Xi)�t, and �t is the time step between two successive frames.We therefore want to minimize the following sum of squared di�erence errors(from right here, we take � = 1 to simplify notations) :EA(�) = XXi2F(r0i)2 = XXi2F(I(Xi +B(Xi)A; t+ 1)� I(Xi; t) + �)2 (7)where F denotes the region (called the estimation support region) over whichminimization is performed (e.g., the whole image or a block) and where wehave substituted VA(Xi) for V (Xi). To achieve minimization, we make useof an incremental algorithm. Let b�tk = ( bAtk; b�k) be the current estimate of �.In this case, we can write:� = b�k +��k; or more precisely ( A = bAk +�Ak� = b�k +��kand therefore:�Xi = B(Xi)A = Bi bAk +Bi�Ak ( with Bi = B(Xi)):A �rst order expansion of I around point Xi+Bi bAk at time t+1 is performedfor each residual r0i, leading to the new error quantity :r00i = I(Xi +Bi bAk; t+ 1) � I(Xi; t) + b�k+rI t(Xi +Bi bAk; t+ 1)Bi�Ak +��k= X 0i ��k �Y 0i (8)where ( Y 0i = I(Xi; t)� I(Xi +Bi bAk; t+ 1) � b�kX 0i = X (Xi; Ix(Xi +Bi bAk; t+ 1); Iy(Xi +Bi bAk; t+ 1)) (9)



6 J.M. Odobez & P. Bouthemy
I(t) I(t+1)Xi Xi + BicAk

�IIntensity
X

�I BicA0 Bi�cAk
Figure 1: Geometric interpretation in one dimension of the incremental schemeWe thus minimize the following quadratic error measure :E2 = XXi2F(ri 00)2 (10)with respect to ��k, and obtain the well-known solution:d��k = 24 XXi2F X 0i tX 0i35�1 XXi2F X 0i t Y 0i (11)In (9), values of I, Ix and Iy for points which are not on the grid are computedusing bilinear interpolation.



Robust multiresolution estimation of parametric motion models 73.2 Coarse-to-�ne estimationThe incremental estimation is embedded in a coarse-to-�ne re�nement scheme.We use an L-level Gaussian low-pass pyramid of each image [Bur84]. As aresult, a displacement (measured in pixels) at level l + 1 is half the corres-ponding displacement at level l. The estimation process is the following. Atthe coarsest level L, no estimation is available and we therefore minimize theerror measure: E1(�) = XXi2F r2i = XXi2F(Xi��Yi)2 (12)where the di�erent terms are given by (5). At this level, displacements aresmall, and hence the motion constraint equation is valid. So, a �rst estimateof �L is obtained and successive re�nements using (11) are performed at thesame level until the incremental estimate d��L is too small or by limitingthe number of iterations. Then, the estimated parameter d�L is transmittedto the �ner level, where the re�nement process starts again. This is repeateduntil the �nest level is reached. The �nal estimate of �, d�est, is therefore thevalue of c�0 after the last iteration at level 0. Hence, the algorithm is:Multiresolution least mean square algorithm (MRLS) :d�L  � Least mean squares (residual(5))FOR l = level L to level 0 DOiter  � 0DO d��l � Least mean squares (E2)c�l � c�l + d��l and iter  � iter +1WHILE (iter < � and kd��lk > d2l )IF l 6= 0 : dAl�1  � P (cAl), d�l�1  � b�lEND FORd�est  � c�0Di�erent expressions of the norm (kd��k) could be considered. The meanof the quantities k~Vc�A(Xi)k over the support area F , where k~V�Â(Xi)k isthe incremental 
ow �eld induced by the estimated variations d�aj of the



8 J.M. Odobez & P. Bouthemyaj parameters. However, this is computationaly expensive, and, instead, weprefer to use a linear combination of the d�aj :N =Xj sj � dk�ajk (13)If ~Vd�aj denotes the 
ow �eld supplied only by d�aj, setting the other para-meters to zero, we can write :1TF ZF k~Vd�ajk = sj � d�ajwhere TF is the size of the estimation support region F . Considering forinstance an a�ne motion model, we obtain :s1 = s4 = 1; s2 = s5 = 1TF ZF jxi � xF j; s3 = s6 = 1TF ZF jyi � yF jwhere (xF ; yF ) is the gravity center of the region F . Thus, the coe�cientsj can be directly related to the size of the support region. Although Ncannot account for the relationships between parameters in the 
ow �eldmodel, it is su�cient to take into account the fact that, in particular, avariation of a linear coe�cient has an impact on the estimated model 
ow�eld which depends on the region size. Therefore, the criterion used in theabove algorithm (kd��lk > d2l ) tests if the estimated values of the incrementalparameters bring a signi�cant modi�cation of the 
ow �eld. The quantity dcan be assimilated to a displacement (we take d = 0:1), and the denominator2l makes the test homogeneous at the di�erent scales.Of course, elements in (11) are considered at current level l, I becomes I l,Xi becomes X li , support region is F l, etc... The projection operator P per-forms the transformation of the motion parameters from a given level to thenext �ner level. It corresponds therefore to a scale change. It is easy to seethat constant terms are homogeneous to a displacement, linear terms haveno unit, and quadratic terms are homogeneous to the inverse of a distance.Since passing from a given level to a �ner one is equivalent to multiplyingthe displacement by two, we can therefore infer the projection P :P : 8>>><>>>: al�1const  � 2alconstal�1lin  � allinal�1quad  � 12alquad (14)



Robust multiresolution estimation of parametric motion models 94 Robust multiresolution estimationIn statistical analysis, the goal of robust estimation is to �nd the parametervector b� which best �ts a modelM(Xi;�) to the observations yi, when dataXi deviate from the statistical error distribution, i.e., when some data behavelike outliers.4.1 Review of robust estimatorsThree measures are usually used to characterize robust estimators: e�ciency,i.e., the ability to reach optimal estimates given a certain noise distribution,the breakdown point, roughly de�ned as the highest percentage of outliersthat an estimator can tolerate, and time complexity. We now brie
y presentthe two mainly used classes of robust estimators, [Hub81, Rou84].� M-estimator: It consists in the minimization of an error sum of resi-duals : b� = argmin� Xi �(yi �M(�;Xi); �) (15)The function � is called an M-estimator since this minimization corres-ponds to the Maximum-likelihood estimation, if � is interpreted as theopposite of the conditional log-likelihood of the observations.The in
uence function, introduced in ([HRRS86]) is a tool to analyzethe robustness of M-estimators. The in
uence function characterizesthe bias that a particular error is likely to induce on the solution. In thecontinuous case, it corresponds to the derivative,  , of the � function.For example, we have for the least mean squares estimator : �(x) = x2,and therefore  (x) = 2x . In this case, the in
uence of outliers increaseslinearly without bounds. If we replace the quadratic norm by the ab-solute norm, �(x) = jxj, then  (x) = sign(x). The in
uence of grosserrors is reduced, but the asymptotic breakdown point remains at 0,which means that one single datum is likely to completely disturb theestimation. Since we want to eliminate the contribution of outliers, ahard redescending norm is appropriate. This is the case for Tukey's



10 J.M. Odobez & P. Bouthemybiweight estimator, whose  function is given by : (x;C) = ( x(C2 � x2)2 if jxj < C ;0 otherwise (16)Hard redescending estimators can have a breakdown point strictly grea-ter than 0, but it can be equal at most to 1p+1 , where p is the numberof parameters of the model.� The least-median-of-squares estimator (LMedS) : The parameters areestimated by solving the nonlinear minimization problem :b� = argmin� Medi ( yi �M(�;Xi) )2 (17)Its main advantage resides in its theoretical high robustness, since itremains reliable up to 50% of the data as outliers. However, it hasseveral drawbacks, more particularly :{ if the model is nonlinear with respect to the parameters, it isimpossible to estimate these parameters ;{ if the model is linear, the computation cost is very high, increasingrapidly with the amount of data, even if a Monte-Carlo-like speed-up technique is used, [MMR91] ;{ its e�ciency, in the case of Gaussian noise, is very low, since ateach iteration, a number of observations equal to the number ofparameters is employed to compute a possible estimate ;In our case, data in the support region F are more or less numerous, datanoise is important (image acquisition noise, interpolation step, computationof intensity derivatives, . . .) ; in addition, the model, whichever we choose(linear or quadratic), is of course only an approximation of the real motion.Those considerations and early experiments performed with real images andmotions using the LMedS estimator have led us to prefer the M-estimatormethod with Tukey's biweight function.



Robust multiresolution estimation of parametric motion models 114.2 Proposed robust multiresolution estimation me-thodsIteratively Reweighted Least Squares (IRLS) is a well known method to solvethe M-estimation problem [HW77]. It converts this M-estimation probleminto an equivalent weighted least-squares problem :Xi �( ri ) =Xi 12 wi r2i with ri = yi �M(�;Xi)A necessary condition for minimization is that the derivates of the errormeasure with respect to each component �j of the parameter vector � arenull ; we get :Xi  (ri) @ri@�j =Xi wi ri @ri@�j = 0; j = 1; . . . ; J (18)The weights wi at each point Xi are therefore given by:wi =  (ri)ri : (19)The �rst step of IRLS consists in obtaining a �rst estimate of �. Sincethe modelM is linear with respect to the parameter �, this can be achievedusing least squares minimization. Then, the weights are evaluated, and anew estimate of � is computed using weighted least squares. The weights arethen updated and the process is repeated until convergence. In our case, thismethod will be embedded in a multiresolution scheme that we now describe.Recall that the error measure we have considered in Section 3 was P r2i ,with ri given by (6) . It is simply reformulated here as :E3(�) = XXi2F �(ri) (20)where � is Tukey's biweight. A scheme similar to MRLS one is used, buteach minimization is now achieved using IRLS. At the coarsest level, the�rst IRLS (where residual of equation (5) is used) is performed as describedabove. However, for each of the following incremental steps (at one givenlevel or from a level to a �ner one), the �rst iteration of IRLS does not startwith all weights wi equal to 1, but makes use of (and adapts if necessary)



12 J.M. Odobez & P. Bouthemythe weights derived in the last iteration of the previous IRLS step.Up to now, the problem of estimating the standard noise deviation ap-pearing in (15) has not been addressed. It is generally solved in parallel withthe parameter estimation, and a robust estimator of this quantity usuallyemployed is, [MMR91] :b� = 1:48 � Medi(jri �Medj(rj)j) (21)This deviation can in fact be related to the constant C appearing in the  function (16). For instance, in [HW77], it is recommended to use a propor-tionality factor of 4:7 between C and � to ensure a better e�ciency in caseof Gaussian noise.In our case, since the residual can be assimilated to a displaced frame dif-ference, C can be viewed as an intensity variation between two points in twosuccessive images. Usually, an error of two to �ve grey levels is considered asacceptable in a matching issue or in a motion-compensated coding schemefor instance. Since C represents the value beyond which the contribution ofthe point becomes 0, we will consider for C values ranging from 5 to 20. Infact, the value of this parameter mainly depends on the suitability of the mo-tion model to the real motion : if the model is appropriate, it can be small ;otherwise, it is better to set C to a rather large value. It also depends on thelocal intensity variations between neighbouring entities undergoing di�erentmotion, and on the intensity texture inside those entities. In our algorithm,the C constant is chosen very large at the �rst estimation step (speci�cally,equal to the largest temporal intensity di�erence, in order to have an objec-tive function convex with respect to the data). Then, it is lowered at eachincremental estimation step, until it reaches in the last minimization stepeither a preset value (typically 8), or a value robustly estimated with (21).Experiments carried out with these two options gave similar results, but ata higher computation cost in the second case. Moreover, these experimentshave shown that the value of C is not critical. Thus, we have de�ned a �rstalgorithm which can be described as follows :



Robust multiresolution estimation of parametric motion models 13Robust multiresolution algorithm (RMR)C  � Max(jItj)d�L  � IRLS (residual (5),C)FOR l = level L to level 0 DOiter  � 0DO C  � f(C)d��l � IRLS ( residual(8), C )c�l � c�l + d��l and iter  � iter +1WHILE (iter < � and kd��lk > d2l )if l 6= 0 : dAl�1  � P (cAl), d�l�1  � b�lEND FORd�est  � c�0The � number is usually set to a small value (equal to 4 or 5), and fewiterations are needed to achieve convergence at each IRLS step.We have established a simpli�ed version of this algorithm, using the samescheme, and exploiting the fact that the MRLS algorithm usually gives anestimation attracted by the dominant motion (and this is especially truewhen a constant model is used). Of course, if there are several regions un-dergoing di�erent motion, or if the constraint equation is not valid (due toocclusions, high intensity contrasts, ..., see [HB93]), the estimation will begreatly disturbed. Nevertheless, the following brightness di�erence :DFDcomp(Xi) = I(Xi +Bi bA; t+ 1)� I(Xi; t) + b� (22)is likely to be small in the region corresponding to the dominant motion.Hence, we use this information to compute a weight at each point on the �-nest grid after having applied the MRLS scheme once. These weights are thenpropagated throughout the pyramid. Then, a new coarse-to-�ne estimation isperformed, but instead of using least squares at each incremental estimationstep, we use weighted least squares. This version avoids the IRLS computa-tion at each incremental estimation, but several passes through the pyramidare required. In this algorithm, C is kept constant from one multiresolutionestimation to the other one. This second algorithm is summarized as follows :



14 J.M. Odobez & P. BouthemyPseudo-M-estimator algorithm (PSM)wi  � 1:0, k  � 0 and (d�est)0  � 0DO (d�est)k+1  � MRLS(wi)wi  � 	(qi;C)qi and k  � k + 1WHILE k(d�est)k � (d�est)k�1k > d0 and k< �d�est  � (d�est)kIn order to �lter noise, to smooth the intensity values of warped images,and to pay more attention to the points really bringing information (i.e.points of high intensity gradient), we use the following expression for qi :qi = PXj2�i krI(Xj)kDFDcomp(Xj )PXj2�i krI(Xj)kwhere �i represents an 8-neighbourhood of Xi.4.3 Complementary stagesLet us point out undesirable behaviours of the robust estimation algorithmsdescribed in the preceeding section. They may originate from three generalproblems related to the considered modeling :1. the real motion, that we would like to recover, could be described by lessparameters than those contained in the chosen model to be estimated ;equivalently, it may happen that the real underlying motion and thespatial distribution of intensity gradients do not su�ciently constrainthe parameters of the considered model.2. the initial minimization steps of our algorithms are based on least-squares ; therefore, the secondary objects and their motion could be\absorbed" in the minimization to su�ciently constrain the \degreesof freedom" left indeterminate by the observations corresponding to thedominant motion. This is further facilitated when the dominant motionareas are poorly textured.
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a. b.Figure 2: a) Example of ambiguous problem : the dominant object translates up-wards (
ow vectors are plotted where signi�cant intensity gradients are supposedto be located) and the second object translates downwards ; b) The resultingestimated �eld is a rotational �eld.3. since our algorithms are iterative, they greatly depend on the initialguess ; if those initial estimates are quite far from the true parame-ter values, the estimation process may fall in an unsatisfactory localminimum.A typical example is given in �gure 2. Figure 2.a displays the true 
owvectors, and Figure 2.b shows the 
ow vectors corresponding to the estima-ted model that we suppose to have obtained (vectors are plotted only atpositions where intensity gradient is supposed to be important enough). The
ow vectors are roughly well estimated, although the two independent trans-lations are blended by the estimation process into a single rotational motionthat has nothing to do with the real motions.One way of alleviating these di�culties could be to use another estimator,like the least median of squares, at least for the �rst iteration. However thissolution su�ers from other shortcomings, as pointed out in Section 4.1. Infact, an easier and e�cient answer to this problem is to add the followingstage to the two estimation algorithms described in the previous section. Westart the estimation process by considering a constant motion model, andwe introduce a more complex model (e.g., an a�ne one) only after a fewiterations :



16 J.M. Odobez & P. BouthemyModi�ed robust multiresolution algorithm (RMRmod)Number of motion parameters � 2C  � Max(jItj)d�L  � IRLS (residual (5),C)FOR l = level L to level 0 DOif (l < Lc) Number of motion parameters � niter  � 0DO C  � f(C)d��l � IRLS ( residual(8), C )c�l � c�l + d��l and iter  � iter +1WHILE (iter < � and kd��lk > d2l )if l 6= 0 : dAl�1  � P (cAl), d�l�1  � b�lEND FORd�est  � c�0Usually, Lc is taken equal to L. This means that we start to estimatea constant motion model at the lowest resolution level, and, at subsequentlevels, we consider the model chosen for the application at hand, e.g., thea�ne motion model. The main advantage of this method is that the incre-mental estimation algorithm is very e�cient when a constant model is used,as explained in [BHK91]. Then, it helps to discriminate between several ob-jects or between the background and objects. The PSM algorithm also can bemodi�ed in that way, by estimating a constant model at the very beginningwith the MRLS algorithm. This leads to :



Robust multiresolution estimation of parametric motion models 17Modi�ed pseudo-M-estimator algorithm (PSMmod)Number of motion parameters � 2(d�est)1 � MRLSwi  � 	(qi;2�C)qiNumber of motion parameters � nDO (d�est)k+1  � MRLS(wi)wi  � 	(qi;C)qi and k  � k + 1WHILE k(d�est)k � (d�est)k�1k > d0 and k< �d�est  � (d�est)kThe computation of the weights after the estimation of the constant mo-tion model is performed with a constant in the  function twice as large asthe one used in the subsequent steps. This is to take into account the factthat the model we have used is not the right one. Thus, we will keep enoughpoints to make a good estimation of all the parameters in the multiresolutionestimation. Let us note that a point with a null weight at a given iteration isnot de�nitively discarded, and can get a non zero weight in the subsequentiterations. Finally, this method does not prevent us from estimating motionswhich are far from being constant, as shown in the next section.5 ResultsWe have tested our algorithms on real images with both synthetic and realmotions. In the former case, we can quantitatively evaluate the results toassess the performance of the algorithms.5.1 Experiments with real images and synthetic mo-tionThe �rst experiment is the following. From the real image of Fig. 6.a andusing the synthetic motion shown in Fig. 3.a, we have constructed a secondimage (a bilinear interpolation is used to determine the intensity values whenthe 
ow vector does not point to an element of the image grid). The synthetic
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a b 50

Area 2 (background)

Estimation window W

Area 1

200

Sw (window size)Figure 3: a) synthetic motion �eld; b) experimental framework ;motion �eld ~Vs is composed of two di�erent a�ne models (whose parametersare given in Table 1): the �rst one is applied to a square window (�rst area,A1) centered in the image, and the second one to the rest of the image (secondarea, A2), as illustrated in Fig. 3b.Parameters a1 a2 a3 a4 a5 a6Model of area 1 1.0 -0.03 0.0 1.0 0.08 -0.06Model of area 2 0.0 0.01 0.005 0.0 0.0 0.02Table 1: Values of the synthetic motion parameters.Then, we estimate the six parameters of the a�ne motion model in asquare window (or support region) W of varying size SW (see Fig. 3b), andwe study the accuracy of those estimates (denoted dAW ) according to the ratioof areas A1 and A2 within W . We consider as an adequacy measurement theaverage error given by (n = 1; 2):errn = 1card(W \An) XXi2(W\An) k~VdAW (Xi)� ~Vs(Xi)kTaking into account other error quantities (such as the angular error) ordirectly the disparity between the theoretical and estimated values of thea�ne parameters gives similar results and leads to the same conclusions.In these experiments, we have considered the non modi�ed RMR and PSM
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Figure 4: Average error errn as a function of the percentage of window Woccupied by : a) area 1; b) area 2. (case of the moving square in the center ofthe image)
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Figure 5: Average error errn as a function of the percentage of window Woccupied by : a) area 1; b) area 2. (case of the moving square situated on thecar, in the foreground)



Robust multiresolution estimation of parametric motion models 21algorithms (with a value of C respectively equal to 5 and 9). Concerning thePSM algorithm, we report results obtained for a number of multiresolutionestimation steps limited to four (� = 4), and results where � is set to in�nity(called PSM limit).Results are plotted in Fig. 4. As expected, the MRLS estimator averagesthe two motions (and this is even more obvious in Fig. 5), whereas bothrobust estimators behave quite well, recovering the dominant motion andyielding a good estimation, while the support region W is occupied by asubstantial percentage of points undergoing the other motion.However, for those two estimators, the motion of area 1 is not correctlyestimated as soon as area 1 occupies less than 70% of the estimation window.In contrast, the motion of area 2 is already well estimated when area 2 onlyrepresents 40% of the support region. The transition point, separating thewindow sizes for which the estimated motion is that of area 1 and thosefor which the estimated motion is that of area 2, lies near SW = 62, whilearea 1 represents about 65% of the support region. We would have expecteda result closer to 50%. This can be explained however by the fact that theestimation is based on the motion constraint equations (4) or (8), whereintensity gradient plays a crucial role : uniform areas (which occupies a non-negligible area in this example !) provide in fact no motion information.Therefore the transition point can be more adequately de�ned as the sizeratio corresponding to : ZW\A1 k ~rIk = ZW\A2 k ~rIk (23)In the �rst example, area 1 is located on a region of leaves of low contrast incomparison with the foreground objects (cars, pannel). The transition pointcorresponding to equilibrium (23) and computed at level 0 is reached forSW = 63, with 63% of W occupied by area 1. To corroborate this remark,we have performed another experiment, positioning the square region A1on a part of the car in the middle of the lower part of the image. The samemotion models as in the �rst experiment are used. Results are given in Fig. 5.Equilibrium (23) is now obtained when 48% of W is occupied by the �rstarea A1, in good agreement with plots of Fig. 5.
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a bFigure 6: \cars sequence": a) �rst image ; b) temporal di�erence between thetwo considered images ;5.2 Experiments with real sequences\Cars" sequence.In numerous dynamic scene analysis issues, it is useful and often even neces-sary to �rst recover the camera motion, and then, to perform detection andtracking of moving objects in the scene. Figure 6.a presents the �rst imageof the sequence. Figure (�g.6.b) shows the temporal di�erence between thetwo considered images (to which an o�set of 128 was added : a grey value of128 therefore corresponds to a null di�erence, and the more black or whitea point is, according to the sign of the di�erence, the greater the magnitudeof the di�erence). Motion is composed of four main components : panningof the camera from the right to the left (producing an opposite apparenttranslation in the image), sway of the foliage, especially in the middle, anddisplacements of the two cars. To illustrate several typical cases, the imagewas divided in four blocks. In each one, the dominant motion is estimatedand the value of DFDcomp given by (22) is then computed using the esti-mated motion. We use four levels in the estimation pyramid, (three mightbe enough with respect to the motion magnitude; in fact, we use a simplecriterion based on the size of the support region to choose the number oflevels). Derivatives of the intensity are computed as explained in [VF92].
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a bFigure 7: Compensated images DFDcomp, case of a velocity �eld estimatedwith : a) MRLS ; b) modi�ed PSM (C = 9) ;
a bFigure 8: Velocity �eld corresponding to the model estimated with : a) MRLS ; b)modi�ed PSM (C = 9) (For display convenience, velocity �elds are subsampledby a factor of 9).Figures 7 and 8 show results obtained with the MRLS and modi�ed PSMalgorithms. The results obtained with the modi�ed RMR algorithm are iden-tical to those of the PSM.



24 J.M. Odobez & P. BouthemyIn the two upper blocks of the image, the motion of the leaves is glo-bally rather incoherent and more like a `Brownian motion". Therefore, thedominant motion is clearly the panning, and both MRLS and modi�ed PSMalgorithms successfully estimate it, as shown by the 
ow �eld displayed inFigure 8 (displacement vectors are shown only at points where the dominantmotion is considered as appropriate according to the value of wi). However,in the lower blocks, the rigid motions of the two cars are coherent. Figure 7.aas well as the estimated velocity �eld (Fig.8.a) clearly show the averaginge�ect of the MRLS algorithm : the DFD is neither correct in the static partof the scene nor on the cars; the motions are also badly estimated. On thecontrary, the modi�ed PSM algorithm perfectly computes the panning mo-tion as shown by Fig. 7.b and Fig.8.b ; not only the panning motion is wellcompensated for but also the moving areas are more accentuated than usingthe MRLS. This is of particular interest if a subsequent detection stage isconsidered to delineate moving objects in the scene. Of course, it is possibleto consider a second step, in which we estimate the second dominant motionfor the points considered as not belonging to the �rst dominant motion, andso on.Meteo sequence.Figures 9.a and 9.b contain two successive infrared meteorological images ofan equatorial area taken half-an hour apart. The scene is mainly composed ofdeep convective clouds giving rise to a clockwise vortex motion, whose centeris located in the heart of the convective clouds (upper right corner of thecentral block). However, some mid-level clouds, at the right of the image areglobally rotating counterclockwise, and a second convective growth in the leftlower part makes some clouds go towards the bottom of the image. Moreover,there are transparent phenomena between cloud layers; the increase of theatmospheric temperature clears away parts of low- and mid- level clouds; andthe deep convection results in ascending clouds leading to strong grey levelvariations.The image is subdivided in nine blocks of 75 � 75 pixels, in which ana�ne motion model can be considered as a correct approximation. The esti-mated 
ow �elds ~VÂ are presented whithout any post-processing step to eli-minate block e�ects. The MRLS algorithm obtained globally correct results
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a bFigure 9: Meteo Sequence : a) �rst and b) second image
a bFigure 10: Velocity �eld computed with : a) MRLS; b) modi�ed PSM (C = 18);(Fig. 10.a), but still su�ers from several limitations, in particular the motionis badly estimated in the central block. On the other hand, the modi�ed PSMalgorithm, although it computes a translation at the �rst multiresolution es-timation, recovers the rotational motion quite well in that block, and blocke�ects are signi�cantly reduced. Values of parameter � for each block can befound in Table 2; this shows it is worth introducing it in the model. A valueof � > 0 indicates an average decrease of the grey levels in the block. Almost



26 J.M. Odobez & P. Bouthemyall estimated values are positive, which is coherent with the clearing of someclouds throughout the sequence.0.5 2.0 -1.13.4 2.3 2.60.7 -0.6 4.0 Table 2: � values estimated in each blockAs for the \cars" sequence, the modi�ed RMR algorithm gives very similarresults. However, its computational cost is usually slightly less importantthan the one of the modi�ed PSM algorithm.ConclusionWe have described in this report two robust multiresolution parametric mo-tion model estimation algorithms. They were compared favorably to a multi-resolution least-mean-squares method. This has been validated on syntheticas well as real motion examples and on images depicting complex scenes.Such algorithms are of great importance, since they can evaluate the globalmotion in the image or over a region without being a�ected by secondarymotions and without using an explicit segmentation step. They can also beseen as an e�cient �rst step of a motion segmentation scheme or of a motion�eld estimation scheme.This study is supported in part by the French Ministry of Research in thecontext of the GDR-PRC \Man-Machine Interface"(MRT contract 91S269),and by \R�egion Bretagne"(Brittany Council) through a contribution to stu-dent grant. The authors would like to thank D. Dagorne from Centre de M�e-t�eorologie Spatiale, Lannion, for providing the meteorological image sequence.



Robust multiresolution estimation of parametric motion models 27References[AN88] J.K. Aggarwal and N. Nandhakumar. On the computation ofmotion from sequences of images- a review. Proc. of the IEEE,Vol.76, No.8:917{935, August 1988.[BAHH92] J.R. Bergen, P. Anandan, K. Hanna, and R. Hingorani. Hie-rarchical model-based motion estimation. In Proc. of ECCV-92,S.Margherita Ligure, Italy, pp 237{252, Springer-Verlag, 1992.[BAK91] R. Battiti, E. Amaldi, and C. Koch. Computing optical 
owacross multiple scales: an adaptative coarse-to-�ne strategy. In-tern. J. Comput. Vis., 6:2:133{145, 1991.[BBHP90] J.R. Bergen, P.J. Burt, R. Hingorani, and S. Peleg. Computingtwo motions from three frames. In Proc. 3rd Int. Conf. on Com-puter Vision, Osaka, pp 27{32, Dec. 1990.[BD93] B. Bascle and N. Deriche. Stereo matching, reconstruction andre�nement of 3D curves using deformable contours. In Proc. 4thInt. Conf. Computer Vision, Berlin, pp 421{430, May 1993.[BF93] P. Bouthemy and E. Fran�cois. Motion segmentation and qualita-tive dynamic scene analysis from an image sequence. Int. Journalof Computer Vision, Vol.10, No 2:157{182, April 1993.[BHK91] P.J. Burt, R. Hingorani, and R.J. Kolczynski. Mechanisms forisolating component patterns in the sequential analysis of mul-tiple motion. In IEEE Workshop on Visual Motion, Princeton,pp 187{193, October 1991.[Bla92] M. J. Black. Robust incremental optical 
ow. PhD thesis, YaleUniversity, Computer Science Dept, September 1992.[Bur84] P.J. Burt. The pyramid as a structure for e�cient computa-tion. In A. Rosenfeld, editor, Multiresolution Image Processingand Analysis, pp 6{35, Springer-Verlag, 1984.



28 J.M. Odobez & P. Bouthemy[DP91] T. Darell and A. Pentland. Robust estimation of a multi-layeredmotion representation. In Proc. IEEE Workshop on Visual Mo-tion, Princeton, pp 173{178, Oct. 1991.[Enk88] W. Enkelmann. Investigations of multigrid algorithms for theestimation of optical 
ow �elds in image sequences. ComputerVision, Graphics and Image Processing, Vol.43:150{177, 1988.[HB93] F. Heitz and P. Bouthemy. Multimodal estimation of disconti-nuous optical 
ow using Markov random �elds. IEEE Trans. onPattern Analysis and Machine Intelligence, Vol 15, No.12, Dec.1993.[Hoe89] M. Hoetter. Di�erential estimation of the global motion parame-ters zoom and pan. Signal Processing, Vol.16:249{265, 1989.[HRRS86] F.R. Hampel, E.M. Ronchetti, P.J. Rousseeuw, and W.A. Stahel.Robust Statistics : The Approach Based on In
uence Functions.John Wiley and Sons, New York, 1986.[HS81] B.K.P. Horn and B.G. Schunck. Determining optical 
ow. Arti-�cial Intelligence, Vol.17:185{203, 1981.[Hub81] P.J. Hubert. Robust statistics. Wiley, 1981.[HW77] P.W. Holland and R.E. Welsch. Robust regression using itera-tively reweighted least squares. Commun. Stat.- Theor. Meth.,A6:813{828, 1977.[JMB91] J.M. Jolion, P. Meer, and S. Batauche. Robust clustering withapplication in computer vision. IEEE Trans. Pattern Analysisand Machine Intelligence, Vol.13:791{802, August 1991.[KD88] J. Konrad and E. Dubois. Multigrid Bayesian estimation ofimage motion �elds using stochastic relaxation. In Proc. 2nd Int.Conf. Computer Vision, Tarpon Springs, Florida, pp 354{362,Dec. 1988.



Robust multiresolution estimation of parametric motion models 29[MB92a] F. Meyer and P. Bouthemy. Estimation of time-to-collision mapsfrom �rst order motion models and normal 
ows. In Proc. 11thIntern. Conf. on Pattern Recognition, The Hague, pp 78{82, 1992.[MB92b] F. Meyer and P. Bouthemy. Region-based tracking in an imagesequence. In G. Sandini, editor, Proc. of 2nd ECCV-92, pp 476{484, Springer-Verlag, 1992.[MB92c] A. Mitiche and P. Bouthemy. Computation and analysis ofvisual motion : a review. Technical Report No 92-26, INRS-T�el�ecommunications, Montr�eal, October 1992.[MMR91] P. Meer, D. Mintz, and A. Rosenfeld. Robust regression methodsfor computer vision: a review. International Journal of ComputerVision, 6(1):59{70, 1991.[Nag88] H.H. Nagel. From image sequences towards conceptual descrip-tions. Image and Vision Computing Jal, Vol.6, No.2:59{74, May1988.[NL91a] S. Negahdaripour and S. Lee. Motion recovery from image se-quences using �rst-order optical 
ow information. In Proc. of theIEEE Workshop on Visual Motion, Princeton, pp 132{139, Oct.1991.[NL91b] H. Nicolas and C. Labit. Global motion identi�cation for imagesequence analysis and coding. Proc. Int. Conf. on Acoustics,Speech, and Signal Processing, Toronto, Vol. IV:2825{2828, May1991.[Rou84] P.J. Rousseeuw. Least median of squares regression. Jal of theAmerican Statistical Association, Vol.79, No 388:871{880, Dec.1984.[SM89] J. Schmetz and M.S. Mhita. Diurnal and interdiurnal variabilityof IR and WV brightness temperatures from Meteosat. ESAJournal, 13:329{341, 1989.



30 J.M. Odobez & P. Bouthemy[VF92] T. Vieville and O. Faugeras. Robust and fast computation ofunbiased intensity derivatives in images. In Proc. 2nd EuropeanConf. on Computer Vision, Genova, pp 203{212, May 1992.[WK93] S. F. Wu and J. Kittler. A gradient-based method for general mo-tion estimation and segmentation. Jal of Visual Communicationand Image Representation, 4(1):25{38, March 1993.[ZQY89] W.-Z. Zhao, F.-H. Qi, and T.Y. Young. Dynamic estimation ofoptical 
ow �eld using objective functions. Image and VisionComputing, Vol.7, No.4:259{267, Nov. 1989.

View publication stats

https://www.researchgate.net/publication/240224767

