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self-calibration, 3D reconstruction from stereo image pairs, object recognition,mobile robots, visual control and motion estimation [1, 2]. The main purpose ofthis paper is to present a quantitative and comparative analysis of several cross-correlation similarity measure functions used in disparity estimation, based ona pyramidal resolution approach. Matching error and computational load mea-sures will be used to compare the several registration algorithms, as well as thedi�erent possible con�gurations of the hierarchical processing scheme.By de�nition, disparity is the di�erence between two matched point's coor-dinates. The disparity map is composed by a dense �eld of disparity vectors,one for each matched pixel or group of pixels. However, this de�nition can havesome slightly di�erent interpretations, depending on the considered application.While in video coding it is associated to a set of motion vectors, computed usingtwo distinct images corresponding to two di�erent time instants, in 3D recon-struction this �eld is computed using two images, corresponding to two di�erentpoints of view of the same scene. The obtained vectors allow 3D perception byinferring depth information from the scene, thus enabling 3D reconstruction ofobjects [3]. To make this possible, a high-resolution estimation of disparity vec-tors of all image pairs is required, leading to the computation of high accuracydisparity maps.Several di�erent approaches have been developed to solve this correspondencesearch problem [1]. Most of them can be classi�ed in three distinct groups:� Feature based algorithms, consisting in �rst extracting prede�ned featuresfrom both images, such as, edge segments or contours, followed by the com-putation of the correspondence matching �eld;� Area based algorithms, where registration algorithms using cross-correlationbased similarity measures [4] are used to �nd the block of image pixels whichbest matches the one being analyzed in the other image;� Optical-
ow algorithms, relying on the relation between photometric corre-spondence vectors and spatiotemporal derivatives of luminance in an imagesequence [5].Although feature based algorithms and optical 
ow algorithms have beenobject of an intense research during the last years, conventional area based al-gorithms still remain very popular and will assume an important position in thenext future in correspondence computation tasks. As an example, area based al-gorithms have been recently applied for use within digital topographical mappingsystems of terrain imagery via satellite platforms or from aircrafts [6]. The mainreason for this fact relies on their simple and straightforward implementation,well suited for parallel implementations based on VLSI circuits or Digital SignalProcessors (DSP), and their robustness against certain image transformations.Furthermore, they directly generate the dense disparity map, whereas in featurebased approaches and interpolation step is required if a dense map of the sceneis desired. However, these algorithms present some serious drawbacks. The mostserious one is concerned with the high computational load, usually associatedto the dense matching �eld computation. To circumvent this disadvantage, a



hierarchical processing scheme is proposed in this paper to compute dense dis-parity maps. Furthermore, several di�erent similarity measure functions havebeen proposed in the past. However, few and limited resources can be found inthe literature comparing and characterizing the various aspects of the severalapproaches, as well as their advantages and disadvantages. Since the �nal per-formance can be greatly in
uenced by a correct selection of the used registrationalgorithm, a complete and exhaustive comparison of the several possible func-tions urges to be performed. With such a study, such as the one presented inthis research work, it will be easier to select the most suitable similarity functionto be used in a given application, depending on the desired �nal matching errorlevel or on the available computational resources.This paper is organized as follows. In Section 2 area based matching algo-rithms will be described, as well as their major advantages and disadvantages.Section 3 will present the several registration algorithms covered by this research.The pyramidal processing scheme will be described in Section 4. In Section 5 itwill be presented the used evaluation methods and the achieved experimentalresults. Section 6 concludes the presentation.2 Area Based Matching AlgorithmsIn area based matching algorithms, rectangular blocks of pixels from a set oftwo M � N images (left and right images) are compared and matched (see�gure 1). For each block of the right image, designated by reference window, acorrespondent block in the left image is sought using a given similarity measureas main criteria (see �gure 2). During the search process, the correspondent blockof the left image is moved by integer increments (c; l) around a prede�ned allowedregion, designated by search window, and an array of similarity scores d (c; l) isgenerated for integer disparity values (see eq.1). The position (cM ; lM ) of themoving block, corresponding to the maximum computed value of the consideredsimilarity function � for that search window, is selected and chosen to computethe optimum disparity vector corresponding to that reference window. Hence, amatching dense �eld D (x; y) is obtained by using as many overlapping searchwindows as the number of pixels that compose the image, thus obtaining a singledisparity vector for each pixel (see equation 3).
Fig. 1. Disparity map estimation process.
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Fig. 2. Searching procedure.d (c; l) = RwidthXv=0 RlenghtXu=0 R (u; v)� S (c+ u; l+ v) (1)d (cM ; lM ) = argmax(c;l) f d (c; l) : 0 � c < Swidth ; 0 � l < Slenght g (2)D (x; y) = f dxy (cM ; lM ) : 0 � x < M ; 0 � y < N g (3)Many di�erent similarity measures have been referred in the literature [4].The reasons for a particular selection are usually related to the computationalload, algorithmic simplicity and achieved performance. Often, cross-correlation,normalized cross-correlation, sum of squared di�erences and sum of absolute dif-ferences are chosen. However, other similarity measures based on co-occurrencematrices have also been recently proposed [8].Usually, the selection of the size of the reference and search windows is nota simple and trivial task [7, 1]. It has been shown that the probability of a mis-match usually decreases as the size of the reference window increases. However,using large windows leads to an accuracy loss, since the in
uence of image di�er-ences increases greatly with the increase of the considered area, as will be shownin section 5. In what concerns the size of the search window, this parameter in
u-ences the maximum allowed value of the resulting disparity vector. The greaterthe search window, the greater the allowed mobility of a given pixel. Therefore,this parameter must be great enough so that the search window comprises thecorrespondent block of a given reference window. Furthermore, a di�cult andimportant trade-o� must be done when selecting these window sizes, since thecomputational load and processing time usually increase quadractically with thesize of these windows. Often, a compromise must be made, by adjusting theseparameters according to the image size and contents.Consequently, disparity estimation of a dense geometric matching �eld isusually considered to be one of the most challenging tasks of 3D reconstruction.This fact can be explained by several reasons, such as:



� The dimension of the solution space is extremely large, since each imagepixel can, in principle, match any pixel of the other image.� It is associated to very computational demanding algorithms.� Its accuracy is extremely dependent on the photometric characteristics ofthe images being analyzed, such as texture, luminance and contrast, and thenoise conditions associated to the acquisition camera system. This task canbe particularly in
uenced in images with lack of information, e.g., regionswith constant bright, horizontal edges and repetitive patterns.� The existence of partially or totally occluded objects in the image pair cangive rise to disparity errors with di�cult solution.The estimation of dense disparity maps is usually performed by taking inconsideration a set of constrains relating the two images being analyzed. One ofthese constrains is the so-called Constant Image Brightness (CIB) assumption,which states that a corresponding pixel pair should have an equal luminancevalue [1]. Therefore, the main problem consists in �nding the pixel pair whoseneighborhood best matches the region being analyzed (see �gure 3). Theoreti-cally, all points of the other image can be considered as possible candidates to thismatching process. However, there is at most only one pixel, which correspondsgeometrically. Thus, the CIB constraint alone is considered to be insu�cient forthe estimation of dense disparity maps. For this reason, this estimation is oftenconsidered an ill-posed problem. One way of simplifying this task is to use somemore constrains, making it possible to decrease the dimension and reduce theambiguity of this problem, thus decreasing the total processing time. Some ofthe constrains more frequently used are [2]:� Epipolar Constraint : makes it possible to convert a 2D search into a 1Dsearch, by imposing that the matched points must lie on the correspondingepipolar line of the two images;� Unicity : imposes that each pixel can have, at most, one correspondent pixelin the other image;� Smoothness : imposes a continuous and smooth variation of the disparity�eld;� Order Constraint : forces the order of the points belonging to an epipolar lineto remain the same;� Disparity Gradient : limits the allowed variation of the disparity values.
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3 Cross-Correlation AlgorithmsAs it was previously referred, one of the main purposes of the present research isto establish a comparative and quantitative analysis of several registration algo-rithms, used as similarity functions in disparity map estimation. This researchwork was mainly focused on the study of correlation-type algorithms, due to theirpotentially robust real-time operation and their moderate requirements in termsof hardware and software resources. In table 1 it is presented the complete setof the studied correlation algorithms, as well as their de�nition expressions [4].In this table, R (u; v) denotes a reference window pixel, S (c; l) a search windowpixel, R the local mean of the reference window: R =PRlenghtv=0 PRwidthu=0 R (u; v),and S (c; l) the pixel mean in the block of the search window being compared:S (c; l) =PRlengthv=0 PRwidthu=0 S (c+ u; l+ v).The functions SCC, NCC, ZNCC and MOR are pure similarity measures.The best match corresponds to the maximum value of these functions. In con-trast, the functions NZSSD, SSD, SAD, NSSD, ZSSD, ZSAD, LSSD andLSAD represent di�erence or dissimilarity functions. Therefore, the best matchis obtained when the returned value of these functions is the minimum.Among the several studied functions, some represent normalized versionswith respect to mean and standard deviation of the SCC, SSD and SADfunctions. The objective is to make these registration algorithms insensitive tochanges of the brightness and contrast of R (u; v) and S (c; l) values [9]. Further-more, in order to overcome some distortions on these measures in the vicinity ofthe image bounds, it was also performed, in all considered algorithms, a size nor-malization, by dividing each correlation result by the area of the correspondentreference window: d̂ (c; l) = 1Rwidth�Rheight � d (c; l) (4)Although the described functions present evident analogies, the correspon-dent computational load and the requirements of each one can have signi�cantdi�erences. While with the SCC, the simplest function, it is only necessary toperform Rlenght�Rwidthmultiply-and-accumulate (MAC) operations, in otherfunctions it is necessary to use arithmetic units capable of performing squared-root operations (ZNCC, NZSSD, NSSD), absolute-value operations (SAD,ZSAD, LSAD) or integer divisions (NCC, ZNCC, MOR, NZSSD, NSSD,LSSD, LSAD). These requirements are often an important aspect when select-ing the most suitable similarity measure function to be used in a given imple-mentation, as will be further illustrated in section 5.4 Pyramidal Processing SchemeAs it was referred in section 2, in order to obtain a high-accuracy disparity com-putation, it is important to use reference and search window sizes large enoughto enable the computation of the correct match, even when pixel pairs present



Table 1. Cross-Correlation Algorithms.Correlation Name De�nitionSimple Cross-CorrelationSCC(c; l) RlengthPv=0 RwidthPu=0 R (u; v) � S (c+ u; l+ v)NormalizedCross-CorrelationNCC(c; l) RlengthPv=0 RwidthPu=0 R(u;v)�S(c+u;l+v)sRlengthPv=0 RwidthPu=0 R2(u;v)�RlengthPv=0 RwidthPu=0 S2(c+u;l+v)Zero Mean NormalizedCross-CorrelationZNCC(c; l) RlengthPv=0 RwidthPu=0 (R(u;v)�R)��S(c+u;l+v)�S(c;l)�sRlengthPv=0 RwidthPu=0 (R(u;v)�R)2�RlengthPv=0 RwidthPu=0 �S(c+u;l+v)�S(c;l)�2MoravecMOR(c; l) 2�RlengthPv=0 RwidthPu=0 (R(u;v)�R)��S(c+u;l+v)�S(c;l)�RlengthPv=0 RwidthPu=0 (R(u;v)�R)2+RlengthPv=0 RwidthPu=0 �S(c+u;l+v)�S(c;l)�2Normalized Zero Mean Sumof Squared Di�erencesNZSSD(c; l) RlengthPv=0 RwidthPu=0 �(R(u;v)�R)��S(c+u;l+v)�S(c;l)��2sRlengthPv=0 RwidthPu=0 (R(u;v)�R)2�RlengthPv=0 RwidthPu=0 �S(c+u;l+v)�S(c;l)�2Sum of Squared Di�erencesSSD(c; l) RlengthPv=0 RwidthPu=0 (R (u; v)� S (c+ u; l+ v))2Sum of Absolute Di�erencesSAD(c; l) RlengthPv=0 RwidthPu=0 jR (u; v)� S (c+ u; l+ v)jNormalized Sum of SquaredDi�erencesNSSD(c; l) RlengthPv=0 RwidthPu=0 (R(u;v)�S(c+u;l+v))2sRlengthPv=0 RwidthPu=0 R2(u;v)�RlengthPv=0 RwidthPu=0 S2(c+u;l+v)Zero Mean Sum of SquaredDi�erencesZSSD(c; l) RlengthPv=0 RwidthPu=0 ��R (u; v)�R� � �S (c+ u; l+ v)� S (c; l)��2Zero Mean Sum of AbsoluteDi�erencesZSAD(c; l) RlengthPv=0 RwidthPu=0 ���R (u; v)�R�� �S (c+ u; l+ v)� S (c; l)���Locally Scaled Sum ofSquared Di�erencesLSSD(c; l) RlengthPv=0 RwidthPu=0 �R (u; v)� RS(c;l) � S (c+ u; l+ v)�2Locally Scaled Sum ofAbsolute Di�erencesLSAD(c; l) RlengthPv=0 RwidthPu=0 ���R (u; v)� RS(c;l) � S (c+ u; l+ v)���



signi�cant disparity values. However, as it was also referred, the computationale�ort of this correspondence search increases signi�cantly when these windowsizes increase. Furthermore, larger windows are usually associated to longer com-putation times.One way of solving these implementation issues is to use a hierarchical ap-proach, by using a pyramidal processing scheme as the one depicted in �gure4 [1, 6]. With this technique, the matching process is done in a multi-layeredfashion based on a coarse-to-�ne approach, providing signi�cant functional andcomputational advantages [10]. Each direction of the left and right images isdown-sampled by a factor of 2, using a decimation function to achieve lowerresolution versions of the image pair. The original images represent level 0 andimages resolution decreases with the level number. This way, the pyramid may beviewed as a 4D data structure, where the pixels' intensity is a function f (l; x; y)with 3 arguments: a level designator (l) and a pair of coordinates (x; y).The matching estimation process starts at level L. This ensures that the ear-lier correlations are performed with the gross image features rather than withthe details. The matching of these gross features will be used to guide the laterhigh-resolution search, to achieve more accurate matches of these features andsurrounding details. After this set of low-resolution pictures has been processed,
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the obtained disparity map is interpolated to the resolution correspondent tolevel L � 1. These disparity values are then used as an initial estimate for thecomputation of the disparity map of this level (see �gure 4). This process con-tinues until estimation of the disparity map corresponding to full resolution, atlevel 0, is performed. This way, for the estimation of the disparity �eld usingseveral di�erent levels, the same algorithm is repetitively applied to each of theconsidered levels.Using this scheme, it is possible to use the same small size of the search andreference windows along the layered processing scheme. This way, each time theimages resolution is increased, the image coverage of these windows is reducedby a factor of 4, thus enabling a gradual re�nement of the matching process anda greater treatment of the picture's details. This also enables the achievementof accurate disparity values and a signi�cant coverage area, only possible withthe use of larger and more time consuming window sizes in a single layeredprocessing architecture.Some research works, referred in the literature, use an additional strategyto speed up the matching estimation, by working with sub-images rather thanprocessing the entire image [11]. However, although with this solution the re-quired memory space is lower, it involves an additional overhead in the wholeprocessing scheme.In the next subsections it will be described, in a more detailed way, severalimportant aspects of the pyramidal processing scheme.4.1 Number of LayersOne of the most critical decisions that arise when using a pyramidal processingscheme is related to the number of layers used in the architecture. Increasingthe number of layers of the structure enables the use of smaller reference andsearch windows, thus leading to faster estimations of the dense disparity �eld.However, signi�cant features and other kind of image information necessary tothe matching process can be lost or distorted when too coarse resolutions areused, giving rise to critical problems in the search process [12]. Furthermore,multiscale image representations should be consistent, since features at di�erentresolutions may be related [6, 12]. As resolution increases, signi�cant features atdi�erent layers should not randomly appear or disappear. However, with carefuldesign of the decimation and interpolation blocks of the hierarchical scheme,satisfactory results can still be achieved. Therefore, image size and its contentsshould always be considered in the decision of the number of layers to be used.Some applications referred in the literature [6] report the use of 4 or 5 layeredpyramid structures derived from sets of 512� 512 pixels images, achieving goodresults.4.2 Decimation FunctionA pyramidal structure is usually implemented by sub-sampling the original im-age. However, in order to satisfy the Nyquist theorem, a low-pass �ltering stage



is necessary to be �rst performed in the original image. The �lter implementedin this system is a gaussian �lter, with mean centered at m = (mx;my) andvariance �2, and with an impulse response given by eq. 5.h (x) = 1p2�:� � e� (x�m)22:�2 (5)The frequency response of this �lter can be shown to be given by eq. 6, havinga 3dB bandwidth given by eq. 7.H �f� = e�2�2�2f2 (6)BW�3dB = � ln (�)2�2�2 �����= 1p2 = ln (2)4�2�2 (7)Therefore, the set of (ML �NL) pixels, fL (i; j), that compose the imagelayer corresponding to level L can be obtained by performing a 2D convolutionof the image matrix of size (ML�1 �NL�1), fL�1 (i; j), corresponding to thelayer of level L � 1, with the impulse response of the gaussian �lter h (x; y),followed by the sub-sampling process.The e�ciency of this algorithm can be greatly improved. In fact, during thedescribed process it is performed the computation of (ML�1 �NL�1) �lter re-sults and, after the sub-sampling process, only (ML �NL) = (ML�1 �NL�1) =4pixels are used. If we consider this 25% e�ciency in a K layered pyramid, it ispossible to conclude that only (0:25)K�1% of the computations are used. Tocircumvent this limitation, it was decided to use a di�erent approach, consist-ing in only performing the necessary �lter computations corresponding to thepixels which are going to be in the sampling process to obtain the new desiredlayer. This procedure can be regarded as a combination of the �ltering andsub-sampling phases, thus avoiding the computations of unnecessary results.Another decision considered at this stage is related to the precision of the�lter results. In order to avoid a gradual decrease of the precision as a conse-quence of multiple and cascaded quantization steps, it was decided to use alwaysthe original image as the input of all �lter operations at all implemented layers.This implies a gradual and correspondent decrease of the �lter bandwidth, asthe current layer number increases. As it was shown in eq. 7, this can be easilydone by increasing the �lter variance �2 as the layer number is increased. Inthe current system, it was considered �2L = 2 � �2L�1 and a �lter window ofsize 6� �2L was used in the computation of the �ltered layers. This window sizeguarantees that more than 99% of the area of the 2D gaussian �lter of eq. 5 lieswithin this window.In �gure 5 it is presented the result obtained with the application of thedescribed decimation function to the 256� 256 lenna test image.4.3 Matching ProcessThe matching process was performed using the set of correlation based similarityfunctions described in section 3 and presented in table 1. However, in order to



Level 0
(256 x 256)
(Original Resolution)

Level 1
(128 x 128)

Level 2
(64 x 64)

Level 3
(32 x 32)

Fig. 5. Result of the application of a 4 layered decimation function using the lennatest image.achieve an e�cient implementation of each of these algorithms, some manipula-tions of the expressions presented in table 1 were performed, in order to obtainthe �nal result in the minimum number of steps, using the minimum number ofoperations [11]. This is illustrated, for the general case of a zero-mean normal-ized cross-correlation, in eq. 8 through 11, where it was used the following sim-pli�ed nomenclature, described in section 3: R = R (u; v), S = S (c+ u; l+ v),S = S (c; l), L = Rlength, W = Rwidth, PP� =PLv=0PWu=0 �.d (c; l) = covc;l (f; g)varc;l (f)� varc;l (g) (8)var (f) =XX�R �R�2 = XX�R2 � 2RR+R2�=XXR2 � 2 � (PPR)2L:W +�PPRL:W �2 � L:W=XXR2 � (PPR)2L:W (9)var (g) =XXS2 � (PPS)2L:W (10)covc;l (f; g) =XX�R�R� �S � S�=XXR:S �RXXS � SXXR+ L:W �R:S=XXR:S � PPRL:W �XXS � PPSL:W �XXR+L:W � PPRL:W � PPSL:W=XXR:S � PPR �PPSL:W (11)Hence, for the majority of these algorithms, it is only necessary to computethe values of PLv=0PWu=0R, PLv=0PWu=0 S, PLv=0PWu=0R:S, PLv=0PWu=0R2and PLv=0PWu=0 S2 in one single step.Besides these manipulations, a size normalization was also performed, asillustrated in eq. 4.



4.4 InterpolationAs it was previously described, the several disparity maps estimated in the lowerlevels of the pyramid are used as an initial estimate of the disparity �elds of sub-sequent higher levels, following a classic coarse-to-�ne approach. However, beforethese initial estimates can be used in the computation, a scaling up operation isnecessary to be performed on the disparity map of the previous layer, in orderto conform its dimension and its disparity vectors with the new layer resolution.To implement this function it was decided to use a bilinear interpolationalgorithm based on the computation of the mean disparity value of the groupcomposed by 4 or 2 neighbor disparity vectors corresponding to the set of pixelsbelonging to a 3� 3 interpolation window.4.5 Disparity MapsThe �nal result of this pyramidal processing scheme is a dense disparity map.This map can be seen as a (M0 � N0) sized array, where each element of thisarray is a data structure composed by 3 values:� Disparity value along the xx axis.� Disparity value along the yy axis.� Similarity measure value of the correspondent pair of pixels.Hence, this data structure can be viewed as a set of 3 (M0 � N0) arrays.Since there is a direct relation between the calculated correlation values and theachieved matching performance, the similarity measure array can be regardedas a con�dence map of the �nal result. Therefore, it can be used to select thepixel coordinates corresponding to the best match of the whole process.5 Experimental ResultsThe comparative analysis presented in this research was based in a softwareimplementation of the described algorithms using the object oriented languageC++. The several computations, performed along this experiment, were doneusing general purpose Linux andWindows NT workstations. In the following sub-sections, it will be described the experiment layout and presented the achievedexperimental results.5.1 Experiment LayoutIn the performed comparative analysis, it was used a set of two image pairsrepresenting, respectively, a scene taken at planet Mars and an aerial view ofthe Pentagon (see �gures 6 and 7). These scenes are considered to be good ex-amples of high textured pictures, well suited for evaluating area-based matchingalgorithms. In the several computations carried out along this research, it wasconsidered two main aspects to assess the several algorithms: matching errorand computational load.



Fig. 6. Left and right images of Sojourner, taken from Path�nder lander camera atplanet Mars.
Fig. 7. Left and right images of an aerial view of the Pentagon.In order to obtain a comparison of the resultant disparity maps as fair aspossible, it was decided to de�ne a measure which equally assessed the result ofthe several algorithms. This common measure is the �nal registration error ofeach similarity function and was estimated by computing, for each pixel of theright image, the sum of the squared di�erences, exy, between all pixels belongingto a rectangular neighborhood window of size (K � L) of the right image, f (x; y),and all pixels belonging to the correspondent window of the left image, g (x; y),de�ned with the correspondent disparity vector (dx; dy) (see eq. 12).exy = +K2 �1Xi=�K2 +L2�1Xj=�L2 [f (x+ i; y + j)� g (x+ i+ dx; y + j + dy)]2 (12)By evaluating the square root of this sum and by dividing it by the area ofthe considered window, it was obtained a value which enables us to quantify theresultant matching error in the pixel domain (eq. 13). Moreover, by performingthe sum of all these E (x; y) values and by dividing it by the total image area, itis possible to obtain a value which best characterizes the performance of a givenalgorithm (eq. 14). These values were then used in the several comparative chartspresented in the following subsections. With the set of all E (x; y) values, it wasalso possible to obtain a matrix E (x; y), denominated by error map (eq. 15).



E (x; y) = pexyK � L (13)E = PMx=0PNy=0E (x; y)M �N (14)E (x; y) = fE (x; y) ; 0 � x < M ; 0 � y < Ng (15)In what concerns the computational load, the implemented program wasdesigned in order to provide a statistical study of all arithmetic operations per-formed along the disparity map estimation, namely, multiplications, additionsand other similarity measure speci�c functions, such as, square roots, absolutevalues and integer divisions.Furthermore, the several estimations were also focused on the analysis ofseveral di�erent aspects related to matching estimation using a pyramidal struc-ture. All experiments were tested using the complete set of similarity measurefunctions presented in table 1 in order to evaluate the speci�c characteristics ofeach of the described functions. The performed tests intend to study the in
u-ence of several aspects in the �nal disparity error and computational load, suchas:� Pyramid depth, i.e., the number of layers used in the hierarchical processing;� Pixel mobility, concerning the maximum value of the disparity vector allowedfor each pixel, controlled by adjusting the search window size parameter;� Reference window size;� Computational load distribution among the several stages of the system.In the following subsections, it will be presented the achieved comparative re-sults, obtained using the Mars stereo image pair. These results are similar tothose obtained using other test images, in what concerns all of the studied as-pects described in the previous paragraphs.5.2 Disparity MapsIn �gure 8 it is presented a graphical representation of the computed matrices,composed by the components of the disparity vectors along the xx and yy axis.These matrices were obtained applying the ZNCC similarity measure functionwith a 2 layered pyramidal structure, a 64 pixels sized search window and a 13pixels sized reference window to the Mars stereo image pair. In this �gure, itis possible to see a gradual increase of the amplitude in the y direction of thedisparity vectors along the xx axis. This fact conforms with the expected be-haviour, since these vectors correspond to image points farther from the camerasystem position, thus presenting more signi�cant coordinates di�erences. Therepresentation shown in �gure 9 presents these matrices in a more intuitive way.In �gure 10 it is presented the correlation map correspondent to this con�g-uration and the error map obtained by using eq. 14. In this �gure it is possible
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Fig. 10. Correlation and Error Maps.to distinguish image areas with signi�cant higher values of the disparity error,namely, at the borders of the graph. This higher values are usually due to non-overlapping regions of the image pair. Some of the peaks found in the centralarea of the disparity error map are usually due to matching mistakes or oc-cluded objects. Several di�erent solutions have been proposed in the literatureto eliminate these matching mistakes. As an example, Sun et al. have proposeda dynamic programming algorithm [11]. In the present research it was studied



a di�erent approach based on the previous described Smoothness constraint ofthe disparity �eld. The main idea consists in performing a median �ltering stagebefore applying the interpolation step of the obtained disparity �eld at eachlevel of the pyramid scheme. The objective is to eliminate abrupt maximum andminimum peaks of this �eld. Unfortunately, the achieved results demonstratede�ective improvements of only 5% on the �nal disparity error. Therefore, it wasdecided to disable this intermediary block on the overall processing scheme inthe subsequent study of the required computational load presented in the nextsubsections.5.3 Disparity ErrorIn �gure 11 it is represented the variation of the disparity error with the allowedpixel mobility. In this and in the following charts it has been de�ned the measureFull-Mobility (FM), designating the largest allowed value of any disparity vectorof the estimated map. This value corresponds to the limit situation, such asthe one where there is a match between the lower-left pixel of one image andthe upper-right pixel of the other image. In a non-hierarchical scheme this limitsituation would give rise to the usage of a search window area equal to twice theoriginal image area.As it can be seen, for the majority of the studied con�gurations, it is pos-sible to distinguish one con�guration corresponding to the best match. In thepresented case, it corresponds to the situation where the maximum allowed dis-parity value is FM/8, which corresponds to a 32 pixel sized search window. Infact, for smaller windows, the increase of the error value was already expected,since when using too small windows the probability to �nd the correct corre-spondent pixel in the other image decreases. The increase of the disparity errorwhen using larger windows is probably due to an increase of the ambiguity ofthe image features in larger search areas.Figure 12 represents the variation of the disparity error with the number oflevels of the used pyramidal scheme. From the obtained values, it is possibleto conclude that better results can be achieved with fewer hierarchical levels.The reason for this fact can be explained because of the distortions and feature
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uence of the pyramid depth in the �nal disparity error.
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Fig. 13. In
uence of the reference window size in the �nal disparity error.losses on the images when using too coarse resolutions, giving rise to a criticalloss of very important reference points, essential to perform the matching ofimage regions.Figure 13 describes the in
uence of the used reference window size in the �naldisparity error. From the achieved results, it is possible to conclude which thereis an optimal value for this parameter that corresponds to the best con�guration.For this considered case, the reference window size should be de�ned between 11and 13 pixels. In fact, for smaller windows, the increase of the error value wasalready expected, since with too small reference windows such as 3�3 windows, itbecomes very di�cult to distinguish between the several image features, givingrise to a substantial increase of the matching ambiguity. The increase of thedisparity error associated to larger windows can be justi�ed because, when usingtoo large reference windows, it becomes more di�cult to �nd the correct matchdue to the increasingly in
uence of the di�erences encountered in the image pair,due to the di�erent points of view of the acquisition camera system.The previous charts enable also to perform a general comparison of the sev-eral studied similarity measure functions. From these charts, it is possible toconclude that using a convenient value for the search window size and referencewindow size, the �nal results can be very similar. However, it is possible to dis-tinguish better results obtained using SSD,NSSD and SAD similarity measurefunctions. The simple cross-correlation function (SCC) presented the worst set



of disparity error values. Consequently, its disparity error was not considered insome of the previous comparisons.5.4 Computational LoadIn �gure 14 it is presented a statistical comparison of the required number ofmultiplications, additions and other operations, when using several di�erent val-ues for the maximum allowed pixel mobility. In these and in the following graphs,the general designation Other function corresponds to the computation of:
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Fig. 14. In
uence of the allowed pixel mobility in the number of arithmetic operations.



� Other (a; b) = apb in NCC, ZNCC, NZSSD and NSSD similarity func-tions;� Other (a; b) = ab in MOR and LSSD similarity functions;� Other (a) = jaj in SAD, ZSAD and LSAD similarity functions.From these charts it is possible to conclude that the increase of the mobilityfactor (re
ected in a correspondent increase of the search window size) is respon-sible for a signi�cant increase of the number of arithmetic operations performedalong the estimation process. As an example, it is possible to verify that usinga search window corresponding to FM/1 can mean a computational load 8000times higher than the one corresponding to FM/32.
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Fig. 15. In
uence of the pyramid depth in the number of arithmetic operations.



In �gure 15 it is shown the statistical comparison of the number of requiredarithmetic operations to estimate the dense disparity �eld using 0 (original res-olution), 1, 2 and 3 hierarchical levels. With these results, it is evident thesigni�cant advantages of using a hierarchical approach. The achieved results al-low us to conclude that the computational load of a 3 layered scheme can be500 times lower than the one based on a 0 level approach. The exceptional lowernumber of multiplications correspondent to SAD similarity function was alreadyexpected since, for this registration algorithm, this operation is only performedin the �lter and interpolation stages. In �gure 16 it is represented this relationusing a percentual analysis. These graphs evidence the signi�cant di�erence of
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Fig. 16. In
uence of the pyramid depth in the number of arithmetic operations (per-centage analysis).



the number of performed operations when using a pyramidal scheme with 0, 1,2, or 3 levels.In �gure 17 it is presented the variation of the computational load with thesize of the reference window. In these charts, it is evident the general increaseof the number of arithmetic operations performed in the matching estimationstage with the increase of the reference window size.Finally, in �gure 18, it is presented the distribution of the global compu-tational load in the three main stages of the system: Similarity computation,Gaussian �ltering and Disparity map interpolation. From these charts, it is evi-dent that the similarity measure computation is responsible for the major part ofthe set of performed operations. Therefore, these results demonstrate that the
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Fig. 17. Variation of the number of operations with the size of the reference window.



overhead of the several auxiliary stages required to perform a pyramidal pro-cessing scheme have an almost insigni�cant weight in the overall computationalload.Hence, the results presented in this subsection constitute a very importantcomparison basis to select the most convenient similarity function and the mostsuitable set of parameters of the pyramidal processing scheme to estimate thedense disparity map of a given stereo image pair. Therefore, the results pre-sented in the several charts of this section should constitute a primordial basisof decision in the critical tradeo� between computational load saving and �naldisparity error minimization.
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Fig. 18. Distribution of the multiply and add operations in the several stages of thesystem.6 ConclusionThis paper presents a comparative analysis of several area based similarity mea-sure functions, using a pyramidal resolution scheme. The studied similarityfunctions constitute a set of twelve di�erent cross-correlation based matchingalgorithms. Among this set, it has been veri�ed that better results can be ob-tained when using zero-mean normalized similarity functions, such as, ZNCCand MOR. Dissimilarity functions like SSD and SAD have also proved to giverise to good results.The presented research has also shown the in
uence of several parametersof this hierarchical scheme on the overall Disparity Error and Computational
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