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Abstract: In this report, we present a new method to recover an approximation of thebidirectional re�ectance distribution function (BRDF) of the surfaces present in a real scene.This is done from a single photograph and a 3D geometric model of the scene. The resultis a full model of the re�ectance properties of all surfaces, which can be rendered undernovel illumination conditions, with, for example, viewpoint modi�cation and the additionof new synthetic objects. Our technique produces a re�ectance model using a small numberof parameters. Using a new hierarchical algorithm assumptions are done for each surfaceabout their BRDF, which becomes more and more complex during the rerendering itera-tions. We treat each type of BRDF separately, applying a speci�c algorithm to take intoaccount its own characteristics and its parameters. The number of parameters varies withthe complexity of the model.When an approximation of the BRDF of all surfaces has been found, high quality rerender-ings are produced using a global illumination software. We present several synthetic imagesthat are compared to the original ones, as well as some possible applications in augmentedreality.Key-words: Computer Graphics, Computer Vision, Illumination, Image-Based Rendering,Radiosity, Ray Tracing, Re�ectance Recovery, Rendering, Inverse Rendering, Rerendering,BRDF, Augmented Reality



Rendu Inverse à partir d'une Seule Image RéelleRésumé : Dans ce rapport de recherche, nous présentons une nouvelle méthode pour lareconstruction d'une approximation de la fonction de distribution de ré�exion bidirection-nelle (BRDF). Les données nécessaires à une telle reconstruction sont décrites par une seulephotographie de la scène et un modèle géométrique 3D de cette scène. Le résultat produitest un modèle complet des propriétés de ré�exion de toutes les surfaces, incluant la possibi-lité de recalculer une nouvelle image synthétique, soit sous les conditions initiales, soit sousde nouvelles conditions (nouvel éclairement, nouveau point de vue, ajout/ablation d'objets,etc.). Notre technique emploie un modèle de BRDF simple, basé sur cinq paramètres aumaximum, pour calculer les ré�ectances des objets, qui deviennent de plus en plus com-plexes au fur et à mesure des itérations de rendu inverse. Chaque type de surface extraite del'image réelle est donc traitée séparément, en appliquant un algorithme spéci�que pour leurcalculer des propriétés de ré�ectance. Le nombre de paramètres de ré�ectance varie avec lacomplexité de la BRDF choisie pour une surface.Lorsqu'une approximation de la BRDF de chaque surface de la scène a été trouvée, il estpossible de calculer une nouvelle image synthétique en utilisant un logiciel d'illuminationglobale. Nous présentons ici plusieurs images synthétiques qui sont directement comparéesaux images réelles, ainsi que des possibilités d'applications dans le domaine de la réaliteaugmentée.Mots-clés : Vision par Ordinateur, Synthèse d'Images, Illumination, Rendu à base d'ImagesRéelles, Radiosité, Lancer de Rayons, Recouvrement de Ré�ectances, Rendu Réaliste, RenduInverse, BRDF, Réalité Augmentée



Image-Based Rendering 31 Introduction1.1 Overview of the problemSince its origin, Computer Graphics has aimed to simulate an illusion of reality. Renderingalgorithms have been developed speci�cally to generate near-perfect images under realisticillumination conditions. It is often di�cult to say if such images are realistic or not becausethere is no real reference such as a photograph. Moreover, the application may need to cre-ate novel viewpoints and/or novel illumination conditions from a sparse set of photographs.This is di�cult to achieve without using image-based modeling and rendering algorithms.For example, suppose we want to insert a new synthetic object on top of a real anisotropicmirror inside a real scene. This operation clearly requires to take into account the interac-tion between the new object and its environment (especially this mirror). This is impossibleto do, if we do not have an approximation of the re�ectance properties of the real surfaces inthe image. Therefore speci�c algorithms are necessary to recover these re�ectance propertiesfrom the real images.Many authors have contributed to the resolution of this problem [20, 24, 31, 30, 32, 25,26, 33, 7, 39, 22, 23, 29, 28, 14, 11, 27]. The algorithms that they have produced varygreatly and not all can be re-used for our applications. Considerable work has been donefor the re�ectance estimation of an isolated object in particular illumination conditions[20, 24, 31, 30, 32, 25, 26] . Although these techniques often bring very detailed re�ectanceinformation (i.e. a full BRDF sometimes), their goal is more to replace the use of an expen-sive goniore�ectometer rather than to be able to change the viewpoint and/or the illumi-nation. Recently, several methods have been developed to take into account the interactionbetween objects inside a real scene, from a sparse set of photographs [7, 39, 22, 23]. Fournier[14] proposed a di�erent approach but with the use of a single image. However, his tech-nique was limited to perfect di�use environments and was not be able to take into accountspecular surfaces. Our method has the similar ambition to recover an approximation of theBRDF of the surfaces from a single image, including the processing of specular, isotropicor anisotropic surfaces. This is extremely di�cult to achieve because it is not possible tocompute a full BRDF correctly without having several images.We propose a hierarchical and iterative technique that computes the best possible ap-proximation of a real image, using the error computed between the rerendered image andthe real one. Each of the new images is generated by making more and more complex as-sumptions about the re�ectance properties of the real surfaces. It is rendered by a globalillumination software that takes into account these re�ectance changes (see �gure 1). Themain advantages of our approach are: it does not need any special device to capture the realimage (a classical camera is enough), and it estimates the re�ectances of all types of surfaces(including anisotropic mirrors) from a single image without any particular constraint for theviewpoint position, the light sources1 or the objects orientation. The goal of our method is1In fact, the emittances of the light sources are supposed to be known. However, if it is not the case [14]propose a method to recover them automatically.RR n° 4098



4 S. Boivin and A. Gagalowicz
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Image-Based Rendering 5image-based rendering and re�ectance recovery. We can split the re�ectance recovery algo-rithms into three parts: direct measure of re�ectances on the object using a speci�c device[36, 19, 2, 6], the extraction of re�ectances from a set of images [20, 24, 31, 30, 32, 25, 26, 33,7, 39, 40, 22, 23], and the extraction of re�ectances from a single image [29, 28, 14, 11, 27].The last two parts may be subdivided into two categories, depending on whether the methodtakes into account energetic interre�ections (using a global illumination algorithm for ex-ample) or not.2.1 Re�ectance Recovery using a Speci�c DeviceWard [36] proposed to directly measure the re�ectances of an object, using a low-cost device.Ward introduced a device to estimate the �ve parameters of his anisotropic BRDF model,that he developed for these purposes. Karner et al. [19] presented a simpli�cation of thisdevice.Baribeau, Rioux and Godin [2] described a method for measuring three re�ectance param-eters of several objects inside a scene. The di�use re�ectance , the Fresnel Term and theroughness of the objects are estimated using a polychromatic laser range sensor. However,this method is limited to uniform re�ectance properties over each object.[6] suggest using a device containing a robotic manipulator and CCD camera to allow simul-taneous measurement of the BTF (Bidirectional Texture Function) and the BRDF of largesamples (about 10cm� 10cm).2.2 Re�ectance Recovery from Several Images2.2.1 Methods without Global IlluminationKay and Caelli [20] described a method to compute the surface re�ectances using theTorrance-Sparrow light re�ection model [34]. They used a depth map and four or eightimages obtained with di�erent point light sources. By increasing the number of intensityimages, they estimated the parameters of the Torrance-Sparrow's model, reduced to threeterms: the di�use re�ection coe�cient kd, the specular re�ection coe�cient ks and the ru-gosity factor c.Lu and Little [24] did not use any re�ection model, but directly estimated the re�ectancesfrom the pixel intensities. Nineteen black and white images were captured using a customdevice that turns around the object. For each incident angle of light, they built a re�ectionfunction, depending on the maximum pixel intensity in the image.[31] and [30] proposed to register a range map (to get a 3D geometric model) and a setof images of an object, using a 360 degrees rotation device. Next, they extracted the pixelintensities from the images and from the 3D model of the object reprojected onto the imagesby a Z-bu�er algorithm. Theses parameters were used to compute the di�use componentand the specular component separately, i.e. the kd term of the Lambert's model and the ksand c terms of a simpli�ed Torrance-Sparrow's re�ection model.[32] needed 120 color images and 12 range maps to compute the Torrance-Sparrow's pa-
RR n° 4098



6 S. Boivin and A. Gagalowiczrameters, separating the di�use and the specular component. They recovered the BRDFof highly textured objects (this was impossible to do with previous techniques presented in[20, 24, 31]), and proposed the creation of new images under novel viewpoints and novelillumination conditions.[25] directly estimated the Lafortune's et al. BRDF [21] of an object from a set of images(30). To obtain the BRDF, the radiance received by the pixels from the object is dividedby the irradiance received by this object from the light source. He applied this computationto the rerendering of objects under novel illumination conditions.Finally, Wong et al. [33] described a method that recovers the re�ectance of each pixel of animage, considered as a set of small facets, each one having its own BRDF. The BRDFs areestimated from a set of images taken under di�erent viewpoint and illumination conditions,as the ratio of the pixel intensity divided by the light source intensity. Wong et al. appliedtheir method to the re-illumination of the scene with new light sources.2.2.2 Methods with Global Illumination[7] used global illumination for augmented reality applications. To insert new objects insidea real image, he needed to take into account interre�ections and compute the re�ectances ofthe surfaces in the part of the scene in�uenced by this insertion. He created a geometrical3D model of this part of the scene (called the local scene), and calculated manually the re-�ectance parameters of all the modeled objects. Each of the BRDF parameters are changedby the user iteratively until the rerendered image becomes close enough to the original one.Yu et al. [39] proposed a complete solution for the recovery of the surfaces BRDF from asparse set of images captured with a camera (twelve of the 150 images were taken speci�callyto get specular highlights on surfaces). They built 40 radiance maps for the estimation of there�ectance parameters and the computation of the radiance-to-pixel intensities conversionfunction (camera transfer function) [8]. Using an image-based modeling software such as Fa-cade [9], a 3D geometrical model of the scene was built from the set of images. All these datawere then utilized to recover the BRDF of the modeled surfaces. Their method minimizedthe error on the parameters of the Ward's anisotropic BRDF model [36] to estimate the bestpossible BRDF for each object. This work was applied to the insertion of new objects in thescene, to the modi�cation of the illumination conditions and to the rendering of a new sceneunder novel viewpoints. However, this method only works if at least one specular highlightis visible on an object. Otherwise this object is simulated as perfect di�use.Loscos et al. [22] proposed a method based on an original idea from Alain Fournier [14].Their algorithm recovers the di�use re�ectances of the surfaces inside a set of photographs ofa scene, taking into account the textures of the objects (each surface has to be unshadowedin at least one image of the set). They applied their technique, to insert/remove objects andto modify the lighting conditions of the original scene (insertion of a new light source for ex-ample). More recently, Loscos et al. [23] extended this technique by removing the constraintof the unshadowed surfaces. To improve the results, they transformed their re�ectance re-covery algorithm into an iterative process. However, the method remained limited to perfectdi�use surfaces (the mirrors are considered to be di�use textured objects for example).INRIA



Image-Based Rendering 72.3 Re�ectance Recovery from a Single Image2.3.1 Methods without Global IlluminationK. Sato and K. Ikeuchi [29] described an algorithm for the re�ectance recovery of an iso-lated object from a single image and a 3D geometrical model of this object. They appliedsome constraints on the light source position and the camera parameters. In addition, theysimpli�ed the Torrance-Sparrow re�ection model. This way, they estimated separately thedi�use component and the specular component to recover the uniform re�ectance of thesurface.More recently, I. Sato et al. [28] proposed to recover the BRDF of an object, using theshadows generated by the surfaces of the scene. They used a single omnidirectional image ofthe environment and a 3D geometrical description of the surfaces. They developed a 6-stepiterative algorithm to minimize the error between the real and the synthetic image withrespect to the BRDF parameters of the surfaces.2.3.2 Methods with Global IlluminationOur approach belongs to this category.A pioneering work in this domain was completed by Fournier et al. [14] in 1993. He proposedto rerender an original image using a 3D representation of the scene (including the positionsof the light source and the camera parameters) and a single image of this scene. All thesurfaces are considered as perfect di�use, and they used their reprojection on the real imageto estimate their re�ectances. A radiosity-based algorithm then computes an image applyingthese re�ectances to a progressive radiosity technique [4] to obtain a new synthetic image.An extension of the previous method was developed by Drettakis et al. [11]. They proposedan interactive version of the initial paper and added a vision algorithm for the cameracalibration and the 3D geometrical model automatic positioning. They described a slightlydi�erent technique for the estimation of the re�ectances of the surfaces and they used ahierarchical radiosity algorithm [18] to compute a new synthetic image close to the real one.An approach similar to Fournier et al.'s was chosen in [27]. It included a feedback thatcompares the real image to the synthetic one. Gagalowicz [27] described a technique togenerate a new synthetic image from a single one (except the 3D geometrical model, whichwas built from two stereo images) using an iterative method that minimizes the error betweenthe real image and the synthetic one. However, this technique is limited to a pure lambertianapproximation of the surface re�ectances.3 Elements of Re�ectance Recovery3.1 The Notion of GroupThe inputs of our re�ectance recovery algorithm are separated into two categories, the 3Dgeometrical model of the scene and a single image of this scene captured with a standard
RR n° 4098



8 S. Boivin and A. Gagalowiczcamera. This method is based on the extraction of the object re�ectances from the pixelscovered by the projection of these objects in the image (as described later in section 4).Using a single image to recover all the surface re�ectances of the scene raised several problemsrelated to the geometrical model and the size of the projection of the objects in the image.First of all, there are generally a lot of surfaces that are not directly visible in the real image.It is then extremely di�cult (sometimes impossible) to compute their re�ectances becauseno information is available about them. This is not important if the position of the observeris never changed. However, it is usual to modify this position especially in augmented realityapplications. Therefore, we introduce the notion of group of objects and surfaces. Thesegroups specify the objects and the surfaces which have the same re�ectance properties. Thisis a very fast manual operation left to the user after or during the geometrical modelingprocess. For example, in �gure 2, the 'red cube' was modeled as an object containing sixplanar surfaces which have the same re�ectance properties. Our re�ectance algorithm willthen use this description to propagate the estimated re�ectance from the three visible facesof the cube to the three other ones.This group notion often solves the second modeling problem which could happen duringthe re�ectance estimation. Indeed, the area covered by the projection of some objectsin the real image could be too small to give a good approximation to the re�ectance ofthese objects. Therefore, if the user joins these objects with others which have the samere�ectance and a bigger projection area in the real image, it becomes possible to obtain abetter approximation of their re�ectance. However, if there are no other bigger objects, avery rough approximation of the re�ectance will be computed for these small objects, andthe resulting image may be biased. This problem is inherent in all image-based renderingmethods [7, 39, 40, 22, 23, 14, 11, 27] which use the area covered by the projection of anobject in the real image to determine its re�ectance. Nervertheless, as our method uses afeedback through the comparison between the real and synthetic image, bias is considerablyreduced.3.2 Re�ectance Model and Data DescriptionFor the past several years, the construction of a 3D geometrical model from a single imageor a set of images has been widely investigated and is known as image-based modeling (see[9] for an overview of these methods). In image-based modeling, the 3D geometrical modelis built interactively using AliasjWavefront's Maya modeler. The positioning of the full 3Dgeometrical model of �gure 2 took around six hours to be complete, including the recovery ofthe camera parameters and the light sources positions. Typically, for the camera parameterswe use the Dementhon and Davis [10] technique combined with a Simplex minimizationmethod [17]. The light sources have been modeled approximately (because of their complexgeometry) and they have been placed manually with a precision of � 5cm2. Our photometricrecovery method is based on the use of Ward's re�ectance model [36]. We chose the sameBRDF model as [39, 40] because of its small number of parameters and its ability to simulate2Our technique can be used regardless of how the geometry is acquired.
INRIA



Image-Based Rendering 9anisotropic surfaces. This model only requires the knowledge of �ve parameters for a complexBRDF: �d the di�use re�ectance, �s the specular re�ectance, ~x the anisotropy direction(called the brushed direction) and the anisotropic roughness parameters �x and �y (see [36]for a detailed description of this BRDF model). Furthermore, this model avoids the costlycomputation of the Fresnel term which has been replaced by a normalization factor.

Figure 2: Example of a real image with the superposition of its 3D reconstructed geometrical model (inwhite)When the 3D geometrical model (objects, camera and light sources positions) and thephotometric model (re�ectances and light sources intensity) are determined, it is possible torender a synthetic image using a classical rendering software such as Radiance [37]. In this re-port, we developed our own rendering software called Phoenix to obtain a high-performancecomputing power and to take advantage of the speci�c architecture of the Silicon Graphicsworkstations used3. Phoenix is a global illumination software. It computes the form factorsof a progressive radiosity system [4] using a 64 bits A-Bu�er [3, 13] mapped on each face ofthe hemicube [5]. This increases the resolution of each face of the hemicube by a factor of 64with a negligible increase in computation time, with respect to a classical Z-Bu�er software.Moreover, Phoenix uses advanced OpenGL programming techniques called o�screen render-ing to compute the index bu�ers (or item bu�ers [11]) necessary for the extraction of thepixel intensities from the original image and the synthetic one. Each number in the indexbu�er indicates either a group number, or an object number, depending on whether we needto compute the re�ectance of a group or of an object.3This work was carried out on a SGI Octane SI 2� R12000 300Mhz.
RR n° 4098



10 S. Boivin and A. Gagalowicz4 Inverse Rendering from a Single Image4.1 Overview of the AlgorithmThe core of our technique is incremental and hierarchical (see �gure 3). It is incrementalbecause the surface re�ectances are going to evolve to their optimum value. It is hierarchicalbecause the general algorithm forces the surfaces BRDF to be more and more complex if theerror between the real and the synthetic image does not decrease for these surfaces. Thisalgorithm is iterative and will proceed to successive corrections of the surface re�ectancesby minimizing the error between the real and the synthetic image. Indeed, each computederror for a group of objects having the same photometric properties drives the correction oftheir re�ectance. Our technique successively applies the selected assumption on the groupre�ectances until the error became smaller than a user-de�ned threshold. The notion ofthreshold and how to �x its value to give them will be discussed in the section 6.We start the algorithm with the perfect di�use case without considering texture (thedi�use re�ectance of a group is computed averaging the radiances covered by its projection inthe real image). All the surfaces are then considered as perfectly lambertian, and the globalillumination rendering software (Phoenix in this case) computes an new approximation ofthe image. If the di�erence between the real and the synthetic image for a group is greaterthan a �xed threshold on all the group projection, then the re�ectance of this group isconsidered as perfect specular for the next rerendering iteration. If, after Phoenix hasrecomputed a new image using the new assumption, the error for this group remains big,then its re�ectance is simulated as non-perfect specular. We apply the same principle tochange again the group re�ectance to a both di�use and specular one. Until then, all thesurfaces were considered with no roughness term (only a �d and a �s were estimated). Inthe next assumption, if the di�erence between the two images still produces big errors, theyare considered as isotropic and a rugosity factor (�) has to be evaluated. This assumptionis extended to anisotropic properties if the user-de�ned threshold for the error has not beenreached. If all assumptions have failed, the group is supposed to be highly textured. Sinceonly a single image is available, it is extremely di�cult and sometimes impossible to create acombination between this texture and other re�ectance properties (a glossy textured surfacefor example). This situation is discussed in paragraph 4.7.4.2 Case of perfect di�use surfacesOne of the most simple cases of re�ectances is the perfect di�use one. During the �rst inverserendering iteration, all the objects of the scene are simulated as perfectly di�use. A di�usere�ectance (�d) is then computed for each group, as the average of radiances covered bythe projection of the groups in the original image. This technique is di�erent from [11, 14]because we do not pay attention to the texture of the surfaces. It is interesting to notethat some textured surface may be simulated using a pure di�use re�ectance (as shown in�gure 14), to create a good visual approximation. This method is very di�erent from [11, 14]because it is not limited to the computation of the average re�ectance to produce the new
INRIA



Image-Based Rendering 11
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12 S. Boivin and A. Gagalowicz�nal synthetic image. We correct this re�ectance iteratively until the error between theoriginal and the rerendered image becomes small. For an object, this error is computed asthe ratio between the average of the radiances covered by the projection of the groups in theoriginal image, and the average of the radiances covered by the projection of the groups inthe synthetic image (see equation 1). These radiances have been obtained using the inverseof the camera transfer function that was simulated as a 
 correction function with a 
 valueof 2.2 according to [35]. However a more sophisticated algorithm could be applied if we hadmore than one photograph of our scene [8] .
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Figure 4: In the top row, from left to right: the original synthetic image (top left) generated using arendering software was rerendered for 4 iterations (the next four images). The di�erences between thisoriginal image and the regenerated images are shown in the bottom row and displayed using a speci�c errorcolormap (at the bottom right). We observe a regular decrease of the error from left to right.b"j = dBorgjdBnewj ) = dT�1(Porgj )dT�1(Pnewj ) ) (1)where : dBorgj and dPorgj are respectively the average of theradiances and the pixels covered by the projectionof object j in the original image.dBnewj and dPnewj are respectively the average of theradiances and the pixels covered by the projectionof object j in the synthetic image.T () is the camera transfer function (a 
 correctionfunction here).
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Image-Based Rendering 13Since the di�use re�ectance �dj of object j is proportional to the average radiance cBj ,the iterative correction of the �dj can be written as:�dik+1 = �dik � b"i (2)�dik+1 = �dik � niXj=1 f( b"j) � ( b"j � mj)niXj=1 f( b"j) �mj| {z }6=0 (3)
and f( b"j) = � 0 if b"j � (1 + �) �md1 elsewith : k; the current rerendering iteration number.b"i; the total error between the original and the syntheticimage for group i:b"j ; the total error between the original and the syntheticimage for object j:ni; the number of objects for group i:md; the median (select the middle value of thesorted samples):�; the authorized dispersion criteria:mj ; the number of pixels covered by the projection ofobject j:The function f() eliminates problems generated by smaller objects for which the error isvery important, because they are more sensitive to the image noise (their projection in theimage cover a small amount of pixels). An example of iterative correction of �d is providedby �gure 4 on a very simple synthetic scene, nevertheless containing high color bleedinge�ects (see how the green cube is in�uenced by the blue �oor for example).As textures are not taken into account in this section, we only consider a di�use re-�ectance parameter �d. It could be interesting and maybe faster to directly inverse theradiosity equation as suggested by [39, 40]. If we know the radiances, the emittances andthe full geometry (i.e. the form factors), it is possible to directly solve the radiosity equa-tion [16] for the re�ectances. However, this is not so simple, because we work with a singleimage. Consequently, there are some surfaces that are not directly visible in the originalRR n° 4098



14 S. Boivin and A. Gagalowiczimage. Therefore, their radiosities are unknown and it is impossible to guess their values.Thus, we can not inverse the radiosity equation.4.3 Case of perfect and non-perfect specular surfacesIf the previous di�use hypothesis about the surface re�ectance failed, it is now consideredas aperfect mirror. It is the easiest case to solve because the di�use re�ectance of a perfectmirror has a null value (�d = 0) and its specular re�ectance is equal to 1 (�s = 1). It isworth noting that there is no need to iterate on the specular re�ectance and a new syntheticimage can be directly rendered. On the other hand, the re�ectance for a non-perfect specularobject has to be iteratively modi�ed to obtain an optimum �s. The iterative correction of�s is similiar to equation 3, except �d has to be replaced by �s. An example of the use ofthe hierarchical algorithm on a scene containing both di�use, non-perfect specular surfacesis shown in �gure 5.
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Figure 5: Simulation of hierarchical inverse rendering, where the top row from left to right consists ofthe real image captured with a camera, the synthetic image with a pure di�use assumption (�rst iteration),the synthetic image with perfect di�use and perfect specular assumptions (�fth iteration) and the syntheticimage with pure di�use and non-perfect specular surfaces (seventh iteration). On the bottom row, we cansee the error images corresponding to the di�erence between the real and the synthetic image.4.4 Case of both di�use and specular surfaces with no rugosityfactorAt this point of the algorithm, surfaces with big errors are now considered as both di�useand specular (�d 6= 0 and �s 6= 0 ) but still with no roughness.The di�erences between the real image and the synthetic are minimized as a function of �d
INRIA



Image-Based Rendering 15and �s: (T�1(Isynth)� T�1(Iorg))2 = nbgXi=1(�d � Bd + �s �Bs � T�1(Iorg))2 (4)with nbg, the number of pixels covered by the group projection.This minimization has an analytical solution for each wavelength R;G;B:� �d�s � = 0BB@ Xnbg BdT�1(Iorg )Xnbg BsT�1(Iorg) 1CCA0BB@ Xnbg B2d Xnbg BdBsXnbg BdBs Xnbg B2s 1CCA�1 (5)In practice, such surfaces in real cases are very rare but not impossible. For example,the top face of the desk in the �gure 14 presents some photometric properties very close tothis approximation.4.5 Case of isotropic surfacesUntil now, all the surfaces were supposed to be without roughness. In the case of an isotropicsurface, the di�use re�ectance �d, the specular re�ectance �s and a rugosity coe�cient �have to be recovered according to Ward's BRDF model. A �rst idea is to use a classicalminimization algorithm to solve for these three paremeters. However, the error function(di�erence between the real and the synthetic image) for an anisotropic surface is radicallydi�erent if �d is varying in ]0:0; 1:0[ (�gure 6) or if �d has a null value (�gure 7). Directlyminimizing the error function for �d, �s and � in the interval [0:0; 1:0[ is thus not possible.We propose to miminize the error function using two separate error functions: one for theinterval ]0:0; 1:0[ and the other for the �d = 0 particular case. The minimization algorithm(we use the Simplex method [17] for the two minimizations) that provides the smallest errorwill determine the �nal value of �d, �s and �.One of the disadvantages of the method is that it could take a lot of time to minimizesuch functions. Indeed, these isotropic surfaces use ray-tracing [1] techniques for their correctsimulation. Even if optimizations techniques greatly accelerate the rendering [15, 12], it stillcould take around one hour and �fty minutes to recover the �d, �s and � values (using tenbounced rays for each primary ray (nine per pixel) that reached a glossy surface). In fact, theoptimum values of �d and �s are found in only two minutes because the resulting value doesnot need to be obtained with a precision better than 1 � 10�2 (the visual di�erence becameimperceptible). On the other hand, � requires a determination with a 1 � 10�4 precision(according to [36], the � parameters may vary between 0:001 for a quite perfect specularsurface to 0:2 for a mostly di�use surface).Figure 8 shows the result of these minimizations: the aluminium surface (in the center ofimage) has been simulated as isotropic, and an optimum value of �d = 0:0 and �s = 1:0has been found. However the error image shows that maybe a better approximation seemsRR n° 4098
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Image-Based Rendering 17to be possible for this particular surface. The error remains important in the extent of thespecular re�ection area of the two books on this surface. Therefore a more complex BRDFis needed and the algorithms tries now to simulate the surface as an anisotropic one.
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Error image for the glossy surface

simulated as an isotropic oneFigure 8: Approximation of the aluminium surface (anisotropic) of the real image (left) by an isotropicsurface in the synthetic image (center). The error between these two images for the aluminium surface isvisible in the right image. We remark that the error is still important in the area of the specular re�ectionof the books. The red pixels correspond to a high error but they are not signi�cant because they are comingfrom an approximative positioning of the 3D geometrical model ont the image, especially on the edges ofthe objects.4.6 Case of anisotropic surfacesThis is clearly the most complicated case of our algorithm because the anisotropic modelof Ward requires to minimize a function of �ve parameters: the di�use re�ectance �d, thespecular re�ectance �s, the anisotropy direction ~x (or brushed direction [36]) and the rugosityfactors �x, �y. However, it is possible to keep the previous �d and �s values computed forthe isotropic case: the error functions (see �gure 6 and 7) show that the �s parameter isnot correlated to the � parameter, because these functions are quite constant with respect
RR n° 4098



18 S. Boivin and A. Gagalowiczto �. We may then suppose that the �d and �s do no di�er from the isotropic case to theanisotropic one.The error function to minimize has now three parameters left (see �gure 9). We remarkon this �gure that for a given rotating angle of the vector ~x and varying values of �x and�y, this error function presents several minima. This con�rms that a standard minizationalgorithm will probably not �nd a global minimum.Regarding these considerations, we have computed the four images corresponding to the foursmallest minima found by a Simplex minimization algorithm (�gure 10). It is interestingto note that the rerendered images remain far from the original one and that the error isbigger than for the isotropic case. This brings us to the conclusion that the data for theminimization procedure are not well conditioned. Therefore, we propose to determine theanisotropy vector ~x directly from the real image.In a �rst step, we consider the anisotropic surface as a perfect mirror and compute asynthetic image. Next, we estimate the di�erence between the real image and the syntheticone to visualize the part of the anisotropic mirror where the specular re�ection is �extended�.This area corresponds to an attenuation of the specular re�ection, and this e�ect is alwaysvery important in the direction perpendicular to the brushed direction (or anisotropy direc-tion). In a second step, we compute an index bu�er for this mirror of all the surfaces visiblethrough it. We then look for a reference surface that has the biggest re�ection area on theanisotropic surface, while being as close as possible to it. This surface is then selected in asuch manner that the ratio Area(re�ected surface)d(S;P ) is maximized (with d(S,P), the euclideandistance between the center of gravity of the selected surface and the center of gravity ofthe anisotropic mirror). The motivation of this choice resides in the fact that surfaces veryfar from the anisotropic object exhibit a re�ection pattern that is too small or too noisy tobe usable for the recovery of the brushed direction. In a third step, the anisotropy directionis sampled creating ~x vectors around the normal to the anisotropic surface. Each of thesesampled directions determine a direction to traverse the error image and compute the av-erage of the standard error deviations computed in the error image. Finally, the algorithmselects the direction for which this average value is the smallest one (see �gure 11). The�gure 12 summarizes the complete procedure.Once the anisotropy direction ~x has been recovered, a Simplex minimization algorithm isused to estimate the rugosity parameters �x and �y. Typically, for the synthetic image inthe lower right corner of the �gure 14, it tooks 50 iterations and 2h30 to recover the fullBRDF of the anisotropic surface. The algorithm found an optimum anisotropy vector for arotation angle of 0 degrees and then minimized the error function of the upper left cornerof the �gure 9. The estimated values of �x and �y were 0.01 and 0.062 respectively.4.7 Case of textured surfacesWhen the simulation of a surface as anisotropic still produces big errors in the di�erenceimage, we proceed to texture extraction.Extracting the texture from the real image is an easy task that can be realized using the
INRIA
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20 S. Boivin and A. Gagalowicz
Figure 10: The �rst image (top left) is the original one (reduced here to the interest area). The next fourimages have been produced using the four smallest minima found by the minimization algorithm. We cansee that all of these images are far from the original one (the vertical black line on the white book (see �gure8) has disappeared from the specular re�ection) and that a lot of details have been smoothed. The errorcolormap remained the same as on �gure 8.
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Figure 11: The selected object used here to recover the anisotropy direction is the violet book of the lowerleft real image of �gure 14. The 3D surface (left image) shows the error image for the di�erence betweenthe perfect specular re�ection area of this selected object, and its corresponding area in the real image. The2D curve (right) shows the average of the standard error deviations computed from the error image alongthe sampled anisotropy directions (see also �gure 12).
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Rendering of the surface supposed to be anisotropic

as a perfect specular surface, and extraction of the

area from the synthetic image

Computation of the index buffer of the surfaces

reflected on the perfect mirror. Selection of the

surface for which the ratio of its reflected area

on the mirror divided by the distance between

its center of gravity and the center of gravity of

the mirror, is the biggest one.

Extraction of the surface

simulated as a perfect

mirror in the synthetic image
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supposed  to be anisotropic
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Figure 12: Computation method of the anisotropy direction ~x for a glossy surface.
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22 S. Boivin and A. Gagalowicztechnique proposed by [38] for example. However, we have to extract this texture whiletaking into account the fact that it already has received the energy from the light sources,and that the pixels covered by its projection in the real image contain this information.Otherwise, if we send the energy of the light sources to these textures again, they will beover-illuminated. Therefore, we introduce here a notion called radiosity texture that bal-ances the extracted texture with an intermediate texture in order to minimize the errorbetween the real and the synthetic image. As for the perfect di�use re�ectance case, thisintermediate texture is computed by an iterative method.At the �rst iteration, the texture used to rerender the image is the texture directly extractedfrom the real image. At the second iteration, the texture used to obtain the resulting syn-thetic image is multiplied by the ratio between the newly extracted texture of this syntheticimage and the texture of the real image. This iterative process stops when the user-de�nedthreshold for textured surface has been reached. The textures of the poster and the booksin the rerendered images of section 7 have been obtained using this technique.The problem of this method is that it computes a texture including the shadows, thespecular re�ections and the highlights. Typically, suppose that we have a marbled �oor onwhich a sphere is re�ected. The texture of this �oor in the real image then includes themarble characteristics, its re�ectance properties and the sphere re�ection including its ownre�ectance properties. How to extract the marble characteristics only and independently ofthe rest of the scene ? This is an extremely hard problem, and according to [32] no algorithmhas been proposed yet to solve it using a single image.5 Advanced Analysis of Re�ectancesOur inverse rendering procedure gives the opportunity to analyze the re�ectances of somesurfaces that are not directly seen in the original image. Indeed, if a surface is detected andcon�rmed as a perfect or non-perfect specular one, we can extend our re�ectance recoveryalgorithm to the surfaces that are seen through this mirror in the real image.First of all, the index bu�er of the groups visible through the mirror are computed usinga ray tracing algorithm. If there exists a surface in this index bu�er that was not visiblebefore in the real image, then its re�ectance is computed taking into account the currentassumption made for its group re�ectance (the surface has the same photometric propertiesas its group). In the next iteration, this re�ectance is balanced by the mirror re�ectance (ifit is a non-perfect one), and it is then considered for the correction of the group re�ectance(see �gure 13).To our knowledge, this is the �rst time that an image-based rendering technique deliberatleyexploits mirror surfaces to enhance the BRDF recovery process in a scene.
INRIA
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Figure 13: Example of surface not directly seen in the original image. The re�ectance of this surfacebecomes computable through the mirror put on the right wall. This surface belongs to the 'cube' group andnow contributes to the estimation of its re�ectance. If this face had a speci�c re�ectance (new group), itwould be computable only at this point.6 Optimizations and Determination of ThresholdsSince the re�ectance recovery algorithm takes around two hours to simulate an isotropicsurface, and two more hours in an anisotropic case, this means that all textured surfaces(which is the �nal hypothesis after the isotropy and the anisotropy tests) will need fourhours to be correctly estimated. This is not acceptable when a lot of surfaces are texturedin a real image, but the computing time could be greatly reduced if we can �nd that thesurface is textured before treating the isotropic case. Therefore we introduced a heuristic tosolve this problem. It is related to the choice of the thresholds that determine if a surface iscorrectly simulated. Indeed, after each synthetic image has been produced, it is comparedto the real one using a user-de�ned error threshold to know if the assumptions made aboutthe surface re�ectances are correct. For the presented images, the following thresholds wereused to produce the results of the section 7. Such thresholds are not critical to the behaviourfo the technique but only a�ect speed.From the case of the perfect di�use assumption up to the isotropic one, the sum of the threeR,G,B errors coming from the di�erence between the real and the synthetic image must havea value smaller than 5%. However, during the non-perfect specular assumption, if the erroris greater than 50%, we can directly avoid the isotropic and the anisotropic cases and sogreatly increase the performance of the algorithm. We do not have a formal characterizationof this optimization, but in practice it seems to work well (see section 7). The isotropic-to-anisotropic threshold has been chosen equal to 1%, to ensure that the algorithm tries theanisotropic case. On the other hand, the threshold used to come to a texture assumption
RR n° 4098



24 S. Boivin and A. Gagalowiczis equal to 5%. Finally, the last threshold is a global threshold that forces all the groups inthe synthetic image to have an error smaller than 5%.7 ResultsAll the following synthetic images have been generated using Phoenix as rendering andinverse rendering software. The �rst synthetic image at the top right of �gure 14 has beengenerated in 37 minutes using the hierarchical algorithm, from the left real photograph.Two specular surfaces have been recovered and simulated as non-perfect mirrors. Neitherisotropic nor anisotropic hypothesis have been tried thanks to the optimization techniquedescribed in section 6, and 14 rerendering iterations were necessary to generate the �nalimage.The inverse algorithm tooks 4 hours and 40 minutes to produce the image at the bottomright of �gure 14. Roughly 4 hours of this time were necessary to recover the anisotropicBRDF of the aluminium surface. The �nal rendering stage took 32 minutes to render the�nal image (100 bounced rays have been used for the anisotropic surface).The images of �gure 15 show examples of applications in augmented reality. Some syntheticobjects have been added such as a small robot and a luxo-like desk lamp. It is also possibleto modify the re�ectances easily too. New viewpoints can be generated and new illuminationconditions can be created as well.8 Conclusion and Future WorkIn this report, we have presented a new technique allowing to determine an approximationof the re�ectance properties of the surfaces of a 3D scene. An incremental and hierarchicalalgorithm iteratively estimates the di�use, specular, isotropic and anisotropic re�ectance pa-rameters. In a �nal step, the textured surfaces are considered as a special case of re�ectancesto be simulated. The method takes as input a single photograph of the scene taken underknown illumination conditions as well as a 3D geometric model of the scene. The resultis a complete description of the photometric properties of the scene which may be used toproduce a photorealistic synthetic image very similar to the real one. We showed that themethod is robust and gives the opportunity to visualize the original scene from any newangle, with any illumination conditions and with the addition, removal and modi�cation ofobjects.Our work has currently some limitations, especially regarding textured surfaces. Till now,we are not able to discriminate the shadows or highlights from an assumed textured surface.In this regard, it will be interesting to extend our method to these cases, although we thinkthat this is a very di�cult problem, if one sticks to the single image assumption.While many challenges remain, we believe that algorithms for recovering an approximationof the re�ectances inside a real scene are an important direction of research for both Com-puter Vision and Computer Graphics communities. In Computer Vision, it could be possible
INRIA
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Figure 14: Two di�erent examples of synthetic images (right) rerendered from a single real image (left).We remark that the perfect di�use assumption is realistic enough for many surfaces (including the walls, the�oor, the desk, etc.).
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26 S. Boivin and A. Gagalowicz

Figure 15: Examples of several augmented reality applications. All these new images were rendered usingour global illumination software Phoenix, which �rst recovered the surface re�ectances from the bottom leftimage of �gure 14. The top left image shows the original scene removing some objects (the feet of the deskand the red cube). Note that the right mirror has taken into account the modi�cation. The right top imageshows the original scene rendered under a novel viewpoint. The bottom left image shows the scene withmodi�ed photometric properties, and the addition of an object (a small robot). The bottom right imagepresents the scene under novel illumination conditions with the addition and deletion of objects.
INRIA



Image-Based Rendering 27for example to use our method to enhance the positioning of mirrors using a minimizationalgorithm between the real and the synthetic image. Regarding Computer Graphics, we mayextend the re�ectance recovery algorithm to objects that have more complex photometricproperties such as light beam, small �res, caustics, etc. The hierarchical property of ourtechnique o�ers a lot of possible extensions.References[1] Arthur Appel. Some techniques for shading machine renderings of solids. AFIPS 1968Spring Joint Computer Conf., 32:37�45, 1968.[2] R. Baribeau, M. Rioux, and G. Godin. Color re�ectance modeling using a polychromaticlaser range sensor. IEEE Transactions on Pattern Analysis and Machine Intelligence,14(2):263�269, February 1992.[3] Loren Carpenter. The a-bu�er, an antialiased hidden surface method. Computer Graph-ics (Proceedings of SIGGRAPH 84), 18(3):103�108, July 1984. Held in Minneapolis,Minnesota.[4] M. F. Cohen, D. P. Greenberg, D. S. Immel, and P. J. Brock. An e�cient radiosityapproach for realistic image synthesis. IEEE Computer Graphics and Applications,6(3):26�35, March 1986.[5] Michael F. Cohen and Donald P. Greenberg. The Hemi-Cube: A radiosity solution forcomplex environments. In B. A. Barsky, editor, Computer Graphics (SIGGRAPH '85Proceedings), volume 19, pages 31�40, August 1985.[6] Kristin J. Dana, Bram van Ginneken, Shree K. Nayar, and Jan J. Koenderink. Re-�ectance and texture of real-world surfaces. ACM Transactions on Graphics, 18(1):1�34, January 1999. ISSN 0730-0301.[7] Paul Debevec. Rendering synthetic objects into real scenes: Bridging traditional andimage-based graphics with global illumination and high dynamic range photography. InMichael Cohen, editor, Proceedings of SIGGRAPH 98, Computer Graphics Proceedings,Annual Conference Series, pages 189�198. Addison Wesley, July 1998.[8] Paul E. Debevec and Jitendra Malik. Recovering high dynamic range radiance mapsfrom photographs. In Turner Whitted, editor, Proceedings of SIGGRAPH 97, Com-puter Graphics Proceedings, Annual Conference Series, pages 369�378. Addison Wesley,August 1997.[9] Paul Ernest Debevec. Modeling and Rendering Architecture from Photographs. PhDthesis, University of California, Berkeley, 1996.
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