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AbstractThis report studies a statistical skin-color model and its adaptation. By quantitative anal-ysis and goodness-of-�t test, we reveal that (1) skin-color di�erences among people can bereduced by intensity normalization, and (2) under a certain lighting condition, a skin-colordistribution can be characterized by a multivariate normal distribution in the normalizedcolor space. We then propose an adaptive model to characterize human skin-color distribu-tions for locating human faces under di�erent lighting conditions. The parameters of themodel are adapted by a linear combination of the known parameters. The maximum likeli-hood criterion has been used to obtain the optimal estimation of the coe�cients. The modelhas been successfully applied to a real-time face tracker and other applications.



1 IntroductionHuman face perception is currently an active research area in the computer vision commu-nity. Locating and tracking human faces is a prerequisite for face recognition and/or facialexpressions analysis, although it is often assumed that a normalized face image is available.In order to locate a human face, the system needs to capture an image using a camera and aframegrabber, to process the image, to search the image for important features, and then touse these features to determine the location of the face. In order to track a human face, thesystem not only needs to locate a face, but also needs to �nd the same face in a sequence ofimages.Several systems of locating human face have been reported. Eigenfaces, obtained byperforming a principal component analysis on a set of faces, have been used to identify faces[1]. By moving a window covering a subimage over the entire image, faces can be locatedwithin the entire image. [2] reports a face detection system based on clustering techniques.The system passes a small window over all portions of the image, and determines whether aface exists in each window. A similar system with better results has been claimed by [3]. Adi�erent approach for locating and tracking faces using skin-colors is described in [4, 5, 6].Facial features, such as eyes, nose and mouth, are natural candidates for locating humanfaces. These features, however, may change from time to time. Occlusion and non-rigidityare basic problems with these features. For example, when a person rotates his/her head,depth changes can warp or occlude facial features. If we take a sequence of images of aperson's rotating his/her head from left to right, the facial features will change as follows: inmoving from a left sided face to a front face, the image of the left eye warps and the right earappears (the inverse of occlusion); in moving from a front face to a right sided face, the leftear disappears (occlusion) and the image of the right eye warps. Four basic techniques arecommonly used for dealing with feature variations: correlation templates [8, 9], deformabletemplates [10], spatial image invariants [11], and neural networks [2, 3]. These methods are,however, computational expensive and hardly achieve real-time performance. For example,the system described in [12] tracks object at about 5 frames/second speed with a 189 x 144image by using a neural network to detect faces.Color is another feature on human faces. Using skin-color as a feature for tracking a facehas several advantages. Processing color is much faster than processing other facial features.Under certain lighting conditions, color is orientation invariant. This property makes motionestimation much easier because only a translation model is needed for motion estimation.However, color is not a physical phenomenon. It is a perceptual phenomenon that is relatedto the spectral characteristics of electro-magnetic radiation in the visible wavelengths striking1



the retina [13]. Tracking human faces using color as a feature has several problems. First,the color representation of a face obtained by a camera is inuenced by many factors suchas ambient light, object movement, etc. Second, di�erent cameras produce signi�cantlydi�erent color values even for the same person under the same lighting condition. Finally,human skin colors di�er from person to person. In order to use color as a feature for facetracking, we have to solve these problems.Much research has been directed to understanding and making use of color information.Color has been long used for recognition and segmentation [14, 15, 16, 17] and recentlyhas been successfully used for road tracking [18] and face locating and tracking [4, 5].Yang and Waibel proposed to use a statistical skin-color model for tracking human facesin real-time and developed a real-time face tracker achieved a rate of 30+ frames/second[6, 7]. While the system is successful, the skin-color model has yet to �nd a more rigoroustheoretical foundation and quantitative justi�cation. The general procedure for developinga distribution model includes �nding cluster, extracting features (dimensionality reduction),and determining a distribution. In this report, we quantitatively investigate human skincolor distributions. We demonstrate that:� human skin-colors are clustered in the color space� skin-color di�erences among people can be reduced by intensity normalization� under a certain lighting condition, a skin-color distribution can be characterized by amultivariate normal distribution in the normalized color space.A common believe is that di�erent people have di�erent color appearances. This studyshows that such a di�erence lies largely in intensity than color itself. By color normalization,the skin-color di�erence among di�erent people can be greatly reduced. Furthermore, usinggoodness-of-�t techniques, we verify that under a certain lighting condition, a human skin-color distribution is a normal distribution. Based on these results, we present an adaptiveparametric model to characterize human skin-color distributions for di�erent people underdi�erent lighting conditions. Since a linear transformation of a normal distribution is still anormal distribution, the di�erent skin-color distributions can be considered as transformeddistributions from other distributions. We propose to use a linear combination of the knownparameters to predict or approximate new parameters. The maximum likelihood methodhas been used to estimate the coe�cients of the linear transformation. We investigate twocases: estimating mean vector only and estimating both mean vector and covariance matrix.We derive the maximum likelihood estimates for both cases.2



The remainder of the report is structured as follows. Section 2 discusses the generalproblem of skin-color distributions. Section 3 performs quantitative analysis and goodness-of-�t test on skin-color distributions. Section 4 addresses the maximum likelihood adaptationof skin-color model to di�erent lighting conditions and di�erent people. We close with adiscussion of future work.2 Skin-Color DistributionsColor is the perceptual result of light in the visible region of the spectrum, having wavelengthsin the region of 400 nm to 700 nm, incident upon the retina. Physical power (or radiance)is expressed in a spectral power distribution. A color histogram is a distribution of colorsin the color space and has long been used by the computer vision community in imageunderstanding. For example, analysis of color histograms has been a key tool in applyingphysics-based models to computer vision. It has been shown that color histograms arestable object representations una�ected by occlusion and changes in view, and that theycan be used to di�erentiate among a large number of objects [16]. In the mid-1980s, it wasrecognized that the color histogram for a single inhomogeneous surface with highlights willhave a planar distribution in color space [19]. It has since been shown that the colors do notfall randomly in a plane, but form clusters at speci�c points [20, 21]. The color histogramsof human skin coincide with these observations. The Figure 1 shows a face image and theskin-color occurrences in the RGB color space (256x256x256). The skin-colors are clusteredin a small area in the RGB color space, i.e., only a few of all possible colors actually occurin a human face.
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B (b) Skin-color occurrencesFigure 1: An example of a face image and the skin-color occurrences in the RGB space3



2.1 Color SpaceA variety of spectral distributions of light can produce perceptions of color which are in-distinguishable from one another. The human retina has three di�erent types of color pho-toreceptor cone cells, which respond to incident radiation with somewhat di�erent spectralresponse curves. Based on the human color perceptual system, three numerical componentsare necessary and su�cient to describe a color, provided that appropriate spectral weightingfunctions are used. Theoretically, color coordinates can be de�ned as product integrals ofthe stimulus spectrum U(n) with three linearly independent color matching functions �r(�),�g(�), �b(�), R = Z �2�1 �r(�)U(�)d�; (1)G = Z �2�1 �g(�)U(�)d�; (2)B = Z �2�1 �b(�)U(�)d�: (3)where � is the frequency of the light stimulus.It is well known that di�erent people have di�erent skin-color appearances. Even for thesame person, his/her skin-color appearance will be di�erent if he/she wears di�erent clothesor under di�erent lighting conditions. In other words, many factors contribute to humanskin-color appearance. In order to characterize skin-color, we hope to �nd a color space inwhich skin-colors are less variants. For human color perception, a 3D color space such asan RGB space, is essential. Most video cameras use an RGB model; other color models canbe easily converted into an RGB model. However, an RGB space is not necessarily essentialfor all other problems. In the problem of locating human faces, intensity is not important.Therefor we can remove it from the original information by normalization. Our experimentsreveal that human color appearances di�er more in brightness than in color itself. If we canremove the brightness from the color representation, the di�erence among human skin-colorscan be greatly reduced.The human visual system adapts to di�erent brightness and various illumination sourcessuch that a perception of color constancy is maintained within a wide range of environmentallighting conditions [22]. Therefore it is possible for us to remove brightness from the skin-color representation while preserving an accurate but low dimensional color information. Infact, a triple [r; g; b] in the RGB space represents not only color but also brightness. If thecorresponding elements in two points, [r1; g1; b1] and [r2; g2; b2], are proportional, i.e.,r1r2 = g1g2 = b1b2 ; (4)4



they have the same color but di�erent brightness. The brightness can be removed from colorspace by normalization. Chromatic colors (r; g) [13], known as "pure" colors in the absenceof brightness, are de�ned by a normalization process:r = R(R+G +B); (5)g = G(R+G +B): (6)In fact, (5) and (6) de�ne an R3 ! R2 mapping. Color blue is redundant after thenormalization because r + g + b = 1. It has been showed that the di�erences of the colordistributions have been reduced after the normalization. In other words, skin-colors ofdi�erent people are less variant in the normalized color space. This result is signi�cantbecause it provides evidence of the possibility of modeling human faces with di�erent colorappearances in the chromatic color space.2.2 Skin-Color RepresentationWe have so far revealed that human skin-colors cluster in the color space and are less variantin the chromatic color space. We are further interested in the representation of the skin-color distributions. However, the skin-color distribution is related not only to the skin-color, but also to the illumination color because only those colors can be reected. Forexample, sunlight will shift color histograms towards blue because it contains more blue thanuorescent lighting. Therefore, it is impossible to characterize all the skin-color distributionsusing a �xed model. On the other hand, although skin colors of di�erent people appear tovary over a wide range, it is possible to model the skin-color distribution of each individualunder a certain lighting condition. Since the skin-color distribution has only two variablesin the normalized color space, it is convenient to investigate it graphically. Figure 2 shows askin color distribution of the image in Figure 1.
(a) Global view (b) Local viewFigure 2: Skin-color distribution of the image in Figure 1 in the normalized color space5



Moreover, we have found that the shape of the skin-color distribution of a person remainssimilar although there is a shift in the distribution under changing lighting conditions. Byclosely investigating the face color cluster, we have discovered that the distribution has aregular shape. By comparing the shape of skin-color distributions with a bivariate nor-mal distribution, it concludes that it is possible to use a bivariate normal distribution tocharacterize the skin-color distributions3 Quantitative Analysis and Goodness-of-Fit TestWe present in this section the human face color data along with the quantitative analysisto determine its statistical distribution using goodness-of-�t techniques. We demonstratethat the composition of human skin-color distributions can be approximated by bivariatenormal distributions as we have asserted earlier in the previous section. The data we usedin this study are from a large pool (about one thousand) of color digital images collectedfrom the public domain on the internet as well as those recorded in our multimedia lab.A large portion of our face database were down-loaded from http://pics.psych.stir.ac.uk/,which contains a collection of images for use in psychology and visual science research. Wechoose approximately seven hundred color images from this database that cover both bothgenders, a wide age range, and various lighting conditions. To compliment the shortcomingsof these data, we also built a database in our own lab which contains facial images of peopleof the Caucasian, African American, and Asian races and of both genders, and the lightingintensity were varied to cover the most normal application conditions.3.1 Data AnalysisWe �rst investigate the problem of color space for representing human skin-colors. A digitalcolor image is actually a two-dimensional array of pixels with a �nite size, each of which isspeci�ed by a set of intensities for three independent colors, usually red, green, and blue.Although the three numerical values for the image coding could, in theory, be provided bya color speci�cation system, a practical image coding system needs to be computationallye�cient and cannot a�ord unlimited precision. In this work, we represent color in the RGBcolor space with 8 bits for each color band, i.e., there are 2563 bins into which a pixel mayfall. Thus, a particular color is conveniently represented by a point in the color space whoseaxes corresponds to the intensity levels of each color: Red, Green, and Blue (see Figure 4).For each image, the sample data is collected from a region occupied mainly by the humanskin, such as a subset frame shown in Figure 3.6



Figure 3: This �gures shows how the face color data is collected from the original digitalimage.
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B 3-D scatterplotFigure 4: This 3-D scatterplot displays all the colors that are present in 48 faces, which aretaken as subsets from the original images.Figure 4 shows in the RGB space a typical aggregated color occurrence distribution from arandom set of 48 human faces of various race, age, gender, and lighting conditions. Each pointin the �gure designates the presence of a particular color as speci�ed by the correspondingcoordinate values. The total number of images included in such a set is limited by thememory resource of the system associated with the statistical analysis software we used, andwe did not attempt to migrate the computation to a more powerful machine because throughexperimentation, we found images beyond 20 adds little to the aggregated color pool. Thisattribute is further a�rmed when we also analyzed several similar random sets of imagesand found no qualitative di�erences are found among them. As an example, the means and7



variances of each color for the set shown in Figure 4 aremgreen = 142:9157;mred = 188:9069;mblue = 115:1863;sgreen = 45:3306;sred = 58:3542;sblue = 43:397:It is evident from these results that the color occurrences of all human faces under variouslighting conditions (at least for all what we have collected, in which we carefully tried tocover most conceivable application scenarios) are well con�ned in a speci�c region in thecolor space. This property, as we have con�rmed, is the foundation of skin-color modeling.Compared to the aggregated color distribution, colors from individual faces are expectedlymore narrowly distributed, as shown in Figure 5. The corresponding means and variances
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R (a) Single face 2-D scatterplotFigure 5: These scatterplot displays all the colors that are present in one face.of three examples are mgreen = 185:7177;mred = 234:2947;mblue = 151:1090;sgreen = 30:4088;sred = 26:7735;sblue = 25:6779:Di�erent people have di�erent color appearances. This raises a question: can we reducesuch di�erences in some way? While the RGB space represent the true color of the image,8



it is not necessarily the best space for characterizing skin-colors. We hope to �nd a colorspace where the skin-colors are less variant. The skin-color appearance is related not only tothe skin-color, but also to the illumination color. We want to minimize the e�ects from theillumination. An e�cient way is normalization by Equation(5) and Equation(6). There isa two-fold bene�t from this R3 to R2 mapping. First, it reduces the number of parametersneeded for modeling skin-colors, resulting in a much less complex system. Second, the map-ping also reduces the variances of skin-color distributions, as is obvious from the comparisonof the means and variance data for the 3-D case to the 2-D reduction:mgreen = 81:5879mred = 104:2225sgreen = 3:8858sred = 4:9317:(computed from the same data as shown in Figures 5). These attributes are essential tosystem performance and robustness.3.2 Goodness-of-�t TestsThe remaining challenge is to determine what statistical distribution function best describesthe data. We have observed that the skin-color distributions are Gaussian-like distributions.Unlike most of the methods used in engineering statistics assume a normal distribution ofthe measured data, we will examine whether the measured data of a sample do indeed have anormal distribution by goodness-of-�t techniques. Goodness-of-�t tests test the conformityof the observed data's empirical distribution function with a posited theoretical distributionfunction.Thus, we have a NULL hypothesis:human skin-color is normally distributed in a normalized bivariate space.Our task is to determine whether or not we can build up enough evidence to reject thehypothesis. We tested the hypothesis with more than a thousand images using the goodness-of-�t method, which is a widely used tool in the con�rmatory statistical analysis that weneed to accomplish.An immediate di�culty of the task is that there is no commonly agreed analytical toolavailable to test the normality of a bivariate distribution [25]. Since the marginal distributionof a bivariate normal must also be normal, it would be e�cient that we test for marginaldistributions �rst. If the test fails at this level, we would know that the data cannot be9



bivariately normal and the NULL hypothesis should be rejected. It would thus save us thetrouble of further bivariate level tests.To perform marginal normality test, we deal with each variable separately as if there isno other variables. For such one dimensional normality test, a few goodness-of-�t techniquesexist, and we employ here the most popularly used Quantile-Quantile plot (or Q-Q plot)graphical technique due to its straightforwardness and simplicity. Given a set of n sampledata, the quantiles are the same data ordered from the smallest to largest. Correspondingto each of the data point, its order position (e.g. ith) in that data set is associated with acumulative percentage (called p value) in the occurrence distribution of that data (i�0:5)=n( the interested readers are referred to textbooks on the subject, e.g. [25].)Once the data are ordered in place and with each p value calculated, the correspondingvariable value of an ideal normal distribution can be computed by numerically solving the in-verse function of the cumulative normal distribution, whose mean and variance are estimatedfrom the data. Hence a one-to-one match between the test data and theoretical data can beconstructed. These matches can be plotted together on a standard normal distribution scale.The deducted normal distribution would show up as a straight line with its intercept andslope valued according to the group's mean and variance, and if the tested data is indeednormally distributed, the data points should basically match the line.Plots in Figures 6 are the marginal Q-Q plots of Asian, African American, and Caucasianraces, respectively. Because of the limitation of the space, we show here only an extremelysmall selection of our results that capture the major features of the several hundred plots wehave produced during this analysis. While the intercepts and slopes of the lines are di�erent(expectedly, for di�erent people and lighting condition) from plot to plot, all the plots havemost of the data points fall on or scattered closely nearby these lines.These �gures demonstrate that our data can be said to be at least marginally normal,and thus we have failed to reject the NULL hypothesis that states that the face color datasatis�es the normal distribution by marginal normality tests.Having passed the marginal tests, we need to further verify the bivariate normality. Arelatively simple and e�ective way to determine deviations from the normal distribution isthe 2-dimensional Quantile-Quantile plot (Q-Q plot) method. It is based on the fact that,for normally distributed multivariate vector data x of dimension n, the transformation [24](x� �)0��1(x� �) = u0u (7)where � is the mean and � the dispersion matrix:� = E [fx�E(x)gfx�E(x)g0]:10
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90(f) Green of a CaucasianFigure 6: The marginal q-q plot for the face colors of three di�erent races.results in the square of a standard normal u, i.e. u � N(0; In). Since u0u = Pni=1 u2i is thesum of n independent N(0,1) variates, thereforez = (x� �)0��1(x� �) = �0� (8)has a �2 distribution with n degrees of freedom. We can thus test the normality of x bytesting zi's to the �2n distribution.The graphic testing procedure is as the following: similar to the marginal normalitytesting procedure, we �rst calculate zi's and sort them in the increasing order. Correspondingto each of the data point, its order position (e.g. ith) in that data set is associated with acumulative probability (called p value) of (i� 0:5)=n (e.g. [25]).The quantile of the distribution is computed by numerically solving the inverse functionof the cumulative distribution function at each speci�ed probability point. Thus if zi's aretruly independent observations from a �2n distribution (in our case n = 2), then the plot ofzi against the �2n quantiles should yield a straight line.Plots in Figure 7 shows the Q-Q plot against �2 distributions of 2 degree of freedom forface colors of Asian, African, and Caucasian races respectively. The result does not displayany evidence of a signi�cant deviation of our data from the line, and we can safely assert11
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40 (c) CaucasianFigure 7: The �2 test for the bivariate data of the face color for three races.that our tests failed to reject the NULL hypothesis; thus normality can be assumed for theany formal applications and analysis of the data.Having con�rmed that our color data basically follows a normal distribution, however, wealso can notice that the deviation from the straight line is sometimes signi�cant, especiallyat the lower end of the line. These phenomena indicates there are some outliers in the data.The reason, in our belief, is partly contributed to by the rounding of the color values to an8-bit integer (between 0 and 255), and it may be veri�ed only by increase the the numberof bits for each color. Another major cause of deviation from normality is the cosmeticmakeups on the faces, which makes a particular color predominantly strong and the thus thedistribution would have a diminishing \shoulder."4 Maximum Likelihood AdaptationWe have veri�ed that under a certain lighting condition human skin-colors can be charac-terized by a multivariate normal distribution, i.e., N(�;�), where � = (r; g) with�r = 1N NXi=1 ri; �g = 1N NXi=1 gi; (9)and � = " �rr �rg�gr �gg # : (10)A direct application of the skin-color model is to locate a face in an image. A straightforwardway to locate a face is to match the model with the input image to �nd the face colorclusters. Each pixel of the original image is converted into the chromatic color space andthen compared with the distribution of the skin-color model. Since the skin colors occur ina small area of the chromatic color space, the matching process is very fast. This is usefulfor real-time face tracking. Figure 8 b is an example of color segmentation for Figure 8 a12



image using the skin-color model. Pixels with a high gray-scale value in Figure 8 correspondto frequently occurring skin colors. Although the skin-color region contains the eyes and thelips as well as background, there is little di�culty to locate a face based on the result ofFigure 8.
(a) Original image (b) Segmented faceFigure 8: An example of face segmentation by skin-color modelAlthough under a certain environment the skin-color distribution of each individual isa multivariate normal distribution, the parameters of the distribution for di�erent peopleand di�erent lighting conditions are di�erent. A number of viewing factors, such as lightsources, background colors, luminance levels, and media, impact greatly on the change incolor appearance of an image. Most color-based systems are sensitive to changes in viewingenvironment. Even under the same lighting conditions, background colors such as coloredclothes may inuence skin-color appearance. Furthermore, if a person is moving, the appar-ent skin-colors change as the person's position relative to camera or light changes. Therefore,the ability of handling lighting changes is the key to success for a skin-color model.There are two schools of philosophy to handle environment changes: tolerating and adapt-ing. Color constancy refers to the ability to identify a surface as having the same colorunder considerably di�erent viewing conditions. Although human beings have such ability,the underlying mechanism is still unclear. A few color constancy theories have demonstratedsuccess on real images [23]. On the other hand, the adaptive approach provides an alterna-tive to make a color model useful in a large range. Instead of emphasizing the recovery ofthe spectral properties of light sources and surfaces that combine to produce the reectedlights, the goal of adaptation is to transform the previously developed color model to thenew environment.In this report we present a method to adapt the skin-color model. The basic idea is touse a linear combination of the known parameters to predict the new parameters. Supposethat X has a multivariate normal distribution. If Y = BX is any linear transformation of13



X, where B is an (m�p) matrix of real numbers with m � p and rank m, then Y also has amultivariate normal distribution. Based on the identi�cation of the skin-color distribution ateach sampling point, we can obtain its mean vector and covariance matrix. We can considerthis set of parameters is a linear combination of the past r sets of parameters, such that�̂ = rXk=1�kmk; (11)where �̂ is the estimated mean vector; �i � 1, k = 1; : : : ; r, are weighting factors; mk,k = 1; : : : ; r, are the previous mean vectors.�̂ = rXk=1 �kSk; (12)where �̂ is the estimated covariance matrix; �k � 1, k = 1; : : : ; r, are weighting factors; Sk,k = 1; : : : ; r are the previous covariance matrices.The weighting factors in (11) and (12) determine how much the past parameters willinuence current parameters. We then use this set of coe�cients to predict the new parame-ters. We will use the maximum likelihood criterion to �nd the best set of coe�cients for theprediction. Since we have veri�ed that the skin-color distribution is a normal distribution,The likelihood function of N observations on X = (x1;x2) in the normalized bivariate colorspace is L = 1(2�)N j�j 12N exp "�12 NXk=1(xk � �)0��1(xk � �)# : (13)The logarithm of the likelihood function islogL = �N log(2�)� 12N log �����1���� 12 NXk=1(xk � �)0��1(xk � �): (14)Since log L is an increasing function of L, its maximum is at the same point in the spaceof � as the maximum of L.Let the sample mean and variance be�x = 1N NXk=1 xk = 0BBBBB@ 1N NXk=1 x1k1N NXk=1 x2k 1CCCCCA =  �x1�x2 ! : (15)C = 1N NXk=1 (xk � �x)(xk � �x)0 (16)14



We have NXk=1 (xk � �)(xk � �)0 = NC +N(�x� �)(�x� �)0: (17)Using this result and the properties of the trace of a matrix we can rewrite (14) aslog L = �N log(2�)� 12N log �����1���� 12Ntr ��1C � 12N(�x� �)0��1(�x� �): (18)We will use (18) to derive the maximum likelihood equations. We will discuss two cases: (1)adapting mean vector only; and (2) adapting both mean vector and covariance matrix.4.1 Mean Vector AdaptationIn this case, the covariance matrix is assumed to be a constant and the mean vector � isassumed to be a linear combination of the previous mean vectors�̂ = rXk=1�kmk;�̂ = �;where �̂ is the estimated mean vector; �k, k = 1; : : : ; r, are unknown coe�cients; mk,k = 1; : : : ; r, are the previous mean vectors; � is the covariance matrix.By setting the derivatives of the likelihood function (18) with respect to �k; k = 1; : : : ; r,to 0, the equations for the maximum likelihood estimates arerXk=1mj0��1mk�̂j =mj0��1�x; j = 1; : : : ; r (19)If rXk=1mj0��1mk 6= 0, j= 1, : : : , r, we have�̂j = ( NXk=1mj0��1mk)�1mj0��1�x; j = 1; : : : ; r (20)4.2 Mean Vector and Covariance Matrix AdaptationIn this case, the mean vector is assumed to be a linear combination�̂ = rXk=1�kmk;and the covariance matrix is assumed to be a linear combination�̂ = rXk=1 �kSk;15



where �̂ is the estimated mean vector; �k and �k, k = 1; : : : ; r, are unknown coe�cients;mk, k = 1; : : : ; r, are the previous mean vectors; �̂ is the estimated covariance matrix; andSk, k = 1; : : : ; r are the previous covariance matrices.Since the two sets of estimates are asymptotically independent, each set of parameterscan be estimated as when the other set of parameters is known. �k; k = 1; : : : ; r, can beestimated by (19). We will derive the maximum likelihood estimates for �k; k = 1; : : : ; r, bythe same likelihood function (18). Because ��1 is positive de�nite, (18) is maximized withrespect to � at �̂ = �x. The logarithm of the reduced likelihood function is then proportionalto � log(2�)� log �����1���� tr ��1C: (21)By di�erentiating (21) with respect to �k; k = 1; : : : ; r, we have@@�j��1 = ���1Sj��1; j = 1; : : : ; r; (22)and @@�j log j�j = tr ��1Sj j = 1; : : : ; r: (23)The derivatives of (21) are �tr ��1Sj + tr ��1Sj��1C, and the maximum likelihoodestimate equations aretr ( rXk=1 �̂kSk)�1Sj = tr ( rXk=1 �̂kSk)�1Sj( rXk=1 �̂kSk)�1C; j = 1; : : : ; r: (24)The maximum likelihood estimation problem for the multivariate normal distributionwith linear structure of mean vector and covariance matrix has been studied by many re-searchers [26, 27, 28, 29, 30]. In general explicit solutions for the equation (24) do not existand estimates must be performed by iterative numerical techniques. In the following wepresent an algorithm based on the estimate procedure proposed by Anderson [28].The basic idea of the algorithm is to iteratively estimate two sets of parameters indepen-dently. In order to iteratively estimate �̂(i)k and �̂(i)k , where the superscript (i) denotes theith iteration, we can rewrite (24) asrXk=1 tr (�̂(i�1))�1Sj(�̂(i�1))�1Sk�̂k(i) = tr (�̂(i�1))�1Sj(�̂(i�1))�1C(i); j = 1; : : : ; r; (25)The initial values of �̂(0)k and �̂(0)k ; k = 1; : : : ; r are obtained by setting �̂(0) to identity matrixI. The iteration proceeds by estimating parameters in the order of �̂k; k = 1; : : : ; r, �̂,C, �̂k; k = 1; : : : ; r, and �. The iteration is terminated if �̂(i)k ; k = 1; : : : ; r do not di�ersigni�cantly from �̂(i�1)k ; k = 1; : : : ; r. The algorithm is as follows.16



Algorithm1. Initialization �̂(0)j = ( rXk=1mj0mk)�1mj0�x; j = 1; : : : ; r;�̂j (0) = rXk=1 �̂(0)k mk; j = 1; : : : ; r;C(0) = 1N NXk=1 (xk � �x)(xk � �x)0 + (xk � �̂(0))(xk � �̂(0))0rXk=1 tr SjSk�̂k(0) = tr SjC(0); j = 1; : : : ; r;�̂(0) = rXk=1 �̂k(0)Sk;2. Iteration �̂(i)j = ( rXk=1mj0(�̂(i�1))�1mk)�1mj0(�̂(i�1))�1�x; j = 1; : : : ; r;�̂j(i) = rXk=1 �̂(i)k mk; j = 1; : : : ; r;C(i) = 1N NXk=1 (xk � �x)(xk � �x)0 + (xk � �̂(i))(xk � �̂(i))0rXk=1 tr (�̂(i�1))�1Sj(�̂(i�1))�1Sk�̂k(i) = tr (�̂(i�1))�1Sj(�̂(i�1))�1C(i); j = 1; : : : ; r;�̂(i) = rXk=1 �̂k(i)Sk;3. If max(j�(i)j � �(i�1)j j; j = 1; : : : ; r) � � for a small number � > 0, stop; otherwise gotostep 2.It has been shown that the solution of these estimation equations is asymptotically e�-cient provided that estimate of � is consistent [28].
17



4.3 ApplicationsThe adaptive skin-color model has been applied to many applications. The model plays a keyrole in the real-time face tracker [6, 7]. The system has achieved a rate of 30+ frames/secondwith 305 x 229 input sequences of images on both HP and Alpha workstations. The systemcan track a person's face while the person walks, jumps, sits and rises. The QuickTimemovies of demo sequences in di�erent situations and on di�erent subjects can be found inthe web site http://www.is.cs.cmu.edu/. The skin-color model has also been applied to otherapplications such as tele-conferencing [31], gaze tracking [32], and lip-reading [33].5 ConclusionsWe have proposed a statistical skin-color model for tracking human faces in real-time. Wehave shown that di�erences of skin-color appearances of di�erent people can be reduced bynormalization by data analysis. Using goodness-of-�t techniques, we have further veri�edthat the skin-color distribution of each individual under a certain lighting condition canbe characterized by a multivariate normal distribution. Based on these results, we haveproposed an adaptive skin-color model to characterize human faces di�erent views underdi�erent lighting conditions. We have used a linear combination of the known parametersto predict or approximate new parameters. The maximum likelihood method has been usedto estimate the coe�cients of the linear transformation. We have investigated two cases:estimating mean vector only and estimating both mean vector and covariance matrix. Inthe later case, an iterative algorithm has been employed to obtain the optimal coe�cients.The feasibility of the model has been demonstrated by a real-time face tracker and otherapplications in human computer interaction.References[1] M.A. Turk and A. Pentland, \Face recognition using eigenfaces," Proc. IEEE Conf. onComputer Vision and Pattern Recognition, pp. 586-591, Maui, HI, USA, 1991.[2] K. Sung and T. Poggio, \Example-based learning for view-based human face detection,"Technical Report 1521, MIT AI Lab, 1994.[3] H.A. Rowley, S. Baluja, and T. Kanade, \Human face detection in visual scenes," Tech-nical Report CMU-CS-95-158, CS department, CMU, 1995.18
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