Multi-Modal Tracking of Faces for Video CommunicationsJames L. Crowley and Francois BerardGRAVIR - IMAG, I.N.P. Grenoble46 Ave F�lix Viallet38031 Grenoble, FranceAbstractThis paper describes a system which uses multiplevisual processes to detect and track faces for videocompression and transmission. The system is based onan architecture in which a supervisor selects and activatesvisual processes in cyclic manner. Control of visualprocesses is made possible by a confidence factor whichaccompanies each observation. Fusion of results into aunified estimation for tracking is made possible byestimating a covariance matrix with each observation.Visual processes for face tracking are described usingblink detection, normalised color histogram matching,and cross correlation (SSD and NCC). Ensembles ofvisual processes are organised into processing states soas to provide robust tracking. Transition between statesis determined by events detected by processes. The resultof face detection is fed into recursive estimator (Kalmanfilter). The output from the estimator drives a PDcontroller for a pan/tilt/zoom camera. The resultingsystem provides robust and precise tracking whichoperates continuously at approximately 20 images persecond on a 150 megahertz computer work-station.1. IntroductionThe images transmitted for video-communications arehighly repetitive. In such images, a human face (andtorso) undergoes a limited set of deformations, as thesubject speaks and gestures with his body movements.These deformations can be captured in an orthogonal"basis space" of images. Such a space permits eachindividual image to be coded and transmitted as arelatively small vector of coefficients. As few as 15 suchcoefficients (coded as 60 bytes) can be sufficient forquite realistic reconstruction of a talking face, providedthat the face is registered and normalised in position andsize.Locating and normalising a face is a processes oftracking. A variety of methods for detecting andregistering the position and scale of a face can bedemonstrated in laboratory environments. However, eachof these methods can fail in naturally occuringcircumstances. A reliable tracking system for registrationcan be obtained by integrating and coordinating severalcomplementary tracking processes. Integration andcoordination are performed using a synchronousarchitecture in which a supervisor activates and controlsvisual processes in cyclic manner.This system demonstrates that robust operation canbe achieved by coordinating multiple visual processes.Control of individual processes is made possible by theinclusion of a confidence factor accompanying eachobservation. Fusion of the results is made possible bythe determination of an error estimate (a covariancematrix) for each observation. Composing a system froma redundant ensemble of processes permits the overallsystem to automatically adapt to a variety of operationalcircumstances.The following section reviews the visual processarchitecture used for the system and describes techniquesfor estimating a confidence factor and an error bounds forvisual processes. A tracking process based on a zero-thorder recursive estimator is described. Visual processesare described for the detection and tracking of faces usingblink detection, color, and correlation, as well asprocesses for estimation and camera control. Visualprocesses are grouped into states with state transitionstriggered by events. An example of an execution trace isprovided with the system as configured at the time ofwriting.2. A Synchronous Ensemble of VisualProcessesThe face tracking system described in this paper isbased on an architecture in which a supervisor activatesand coordinates a number of reactive visual processes.We call such an architecture a synchronous ensemble ofreactive visual processes (SERVP). This architecture hasbeen developed in the context of robotics [3] andsurveillance tracking [4].2.1 The SERVP ArchitectureThe SERVP architecture is designed for controllingsoft real-time processes embedded within singleprocessor. Within the SERVP architecture, processesare executed in a synchronous manner with an explicitlimit placed on the computing time which each processmay use in each cycle. When executed in a standard Unixenvironment, such a system provides only soft real-timeresponse. Hard real time response can be obtained whensuch an architecture is used with a real time kernel. Ineither case, the supervisor must manage the time used byeach phase so as to assure a fixed cycle time.

SupervisorImageAcquisition andProcessingTrackingCameraControlBlink DetectionColorDetectionCorrelation

InterpreterFigure 1. A Supervisory controller selects and controlsthe sequencing of perceptual processes. Multipleprocesses can be active at the same time.The SERVP model is illustrated in figure 1. The coreof the supervisor is an interpreter in which procedures forimage acquisition, visual processes, and devicecontrollers have been linked. The supervisor acts as ascheduler which drives the system as a sequence ofphases. The system supervisor is expressed as a set ofobjects which represent the current state of visualprocesses, and a set of rules which react to events andcommands. Versions of the supervisor have been builtin both CLIPS (C Language Integrated ProductionSystem) and TCL/TK. The experiments described beloware based on a TCL/TK implementation.In scheduling and executing visual processes, thesupervisor must manage the time spent in each of theprocesses. The supervisor receives messages from thevisual processes concerning commands and visualevents. In reaction to these messages, visual processesare activated or dis-activated. At the beginning of eachcycle, the supervisor assigns priorities to individualprocesses and then translates these priorities toallocations of time slices. The supervisor then executesthe image acquisition procedure, as well as initial imageprocessing, such as resolution reduction. The supervisorthen activates individual visual process, managing thetime budget as the processes are executed. Processesgenerate symbolic messages to the supervisor, which canchange the state of subsequent processes. The visualevents used in this system are based on the confidencefactor which accompanies the results of each process.In our example, visual processes pass information toa tracking process which maintains an estimate of thecenter point and size of the face. This tracking process isa form of recursive estimator (Kalman filter), commonlyused for sensor fusion [2]. This recursive estimatorprovides a reference signal to a PD controller for aRS232 controlled pan/tilt/zoom camera. Multiplecopies of a visual processes may be simultaneouslyactive. In such a case, each process possess a separatedata component which contains its parameters and state.When several copies of the same process are active, thesupervisor must assure that they are not performing thesame task on the same data.Validate(match)UpdatePredictX*, Cx*, cfY, Cy, CF, ty

X, Cx, CF, t^ ^

predictionestimationobservationTo Camera Control

ToTracking ProcessesFigure 2. The Tracking Process is a zero-th orderrecursive estimator for position and size. 2.2 Fusion and Integration in a RecursiveEstimatorThe use of estimation theory for tracking and forfusion of information in computer vision and robotics iswell established [1], [2]. For our face tracker we use azero-th order recursive estimator to maintain estimates ofindependent state vectors for the center position of theface Xp = (i, j) and the vertical and horizontal size of theface, Xs = (h, v). We chose to estimated the horizontaland vertical size of the face as two parameters becausethe aspect ratio of the face can change with rotations.Thus our state vector has four parameter, (i, j, h, v),measured in pixels.In our application, size and position are independent.Thus we can replace the inversion of a 4 x 4 matrix withtwo inversions of a 2 x 2 matrix in the fusion stage byseparating the state vector into a position component,Xp, and a size estimate, Xs. Both vectors are measuredin pixels. Each vector is accompanied by a covariance X^ ” ºŒŒØ ßœœøX^p---X^s ” ºŒØ ßœøi^j^h^v^Fusion of perceptual information is made possible byan explicit estimate of the precision and confidence ofeach observation [1]. The covariance matrix, Cx, is anestimation of the error of the estimated state vector.C^X ” ºŒØ ßœø˚C ij˚|˚˚ 0 ------------˚ 0 ˚|˚C h v ˚ ” ºŒŒØ ßœœø˚s i2 ˚˚s ij˚˚ 0 ˚˚0˚s ji˚sj2˚0 ˚ ˚0˚ 0 ˚˚ 0 ˚ sh2˚˚sh v ˚ 0 ˚˚ 0 ˚ svh˚˚sv2Every visual process in our system provides anobservation of the state vector (or a subset) accompaniedby a time stamp, t, a covariance matrix, Cy, and aconfidence factor, CF. The update of the estimation byan observation uses the covariances to determine relativeweights for the observation and the prediction.Our demonstration system is built under UNIX and isthus soft real-time; we can not guarantee the time step.Thus each observation is accompanied by a time stamp,t. The step, Dt, is the different between the time theestimation was last updated, and the time the observationwas made.

Dt = tobs ˚—˚testMovements of the subject between observations areunpredictable, and can be in any direction. Thus we makeno attempt to estimate derivatives. As a result, theprediction of the state vector, X* at time tobs, is simplythe last updated estimate at time test.X* : = X^The covariance, on the other hand, does depend on thetime step. The uncertainty in position of the subject is aquadratic estimate which grows as the square of the timestep. This growth is captured in a 4x4 matrix W, whoseterms give the loss in precision of each component as afunction of seconds-squared. Thus the uncertainty isupdated as:C*x := C^X + Dt2 WThe loss in precision with time is calibrated byobserving a sequence of position and size estimates of anormal user, at a regular (unit) sampling interval,Dtmin. The coefficients of W are given the products ofthe expected values of the change in parameters inadjacent frames.Statistical estimates combine as the momentum ofmasses. Or more precisely, mass is a statistical estimate.In any case, each visual process in our system producesan estimate of the uncertainty of each observationrepresented by a covariance matrix, Cy. In most of ourvisual processes the covariance matrix can be directlyestimated from the results of processing, as will beshown below. The correction of the estimation by anobservation uses the covariance to give a relative weightto the observation and the prediction. The new estimatedcovariance is given by:C^X := ( C*x—1 + Cy—1) —1The new estimate can then be computed as a weightedaverage: X^ : = C^X ( C*x—1 X* + Cy—1 Y)2.3 Estimating the Confidence of VisualProcessesThe primary visual event used in the currentdemonstration system is the confidence factor, CF,which each process attributes to its result. Confidence isrepresented by a numerical value between 0 (noconfidence) and 1 (certainty). The CF factor estimates thelikelihood that a successful detection was achieved.Confidence is generally computed as a probability usinga pre-trained sample set of correct detections. Duringsystem set up, a large number of correct detections arehand selected and catalogued. The mean, ms, andcovariance, C s, for these sample detections arecomputed.During ordinary operation, the probability of a correctobservation, given the observed vector, Y, is computedusing this pre-calibrated mean and covariance areparameters for a un-normalized Gaussian densityfunction. This probability defines the confidence factorused in controlling and coordinating processes.CFy = e —˚12

˚(Y˚—˚ms)TCs—1(Y˚—˚ms)3. Visual Processes for Detection andTracking of FacesRobust continuously operating tracking can beobtained by driving the tracking process with severalcomplementary detection processes. The tracking processthen provides a reference with which individual processescan be re-initialised when their result becomesunreliable. Such synergistic integration greatly improvesboth the reliability and the precision of the trackingprocess. This section describes processes for detectingfaces using blinking, normalised color and cross-correlation.3.1 Detecting Faces from BlinkingA human must periodically blink to keep his eyesmoist. Blinking is involuntary and fast. Most people donot notice when they blink. The fact that both eyesblink together provides a redundancy which permitsblinking to be discriminated from other motions in thescene. We have found that detecting the motion patternof blink is an easy and reliable means to detect thepresence of a face. The fact that the eyes aresymmetrically positioned with a fixed separationprovides a means to normalize the size and orientation ofthe head from the detection.Blink detection is based on the difference ofsuccessive images. The difference image generallycontains a small boundary region around the outside ofthe head. If the eyes happened to be closed in one of thetwo images, there are also two small roundish regionsover the eyes where the difference is significant, asshown in figure 3.

The difference image is thresholded, and a connectedcomponents algorithm is run on the thresholded image.A bounding box is computed for each connectedcomponent. Candidate regions for an eye are selectedbased on horizontal and vertical size of the boundingbox. Candidate regions are then paired and tested for asmall vertical displacement and an appropriate horizontalseparation. When this configuration of two smallbounding boxes is detected, a pair of blinking eyes ishypothesized. The position in the image is determinedfrom the center of the line between the bounding boxes.The distance to the face is measured from the separation.This provides the size of a window which is used toextract the face from the image. This simple techniquehas proven quite reliable for determining the position andsize of faces [8].Blink detection detection initially produces a vector of8 parameters:vlVertical size of left rectangle.hlhorizontal size of left rectangle.vrVertical size of right rectangle.hrhorizontal size of right rectangle.vsvertical separation of the rectangleshshorizontal separation of the rectanglesi horizontal part of mid-point between rectangles.jvertical part of mid-point between rectangles.The midpoint between the rectangles is used as theobservation Xb = [i, j]. A 2 x 2 covariance matrix forposition Cb is given as a constant which was calibratedduring system set-up. No estimate is produced for thehorizontal and vertical extent of the face. The confidenceof a blink detection, CFb, is the resemblance of theeight parameters to an ideal prototype, Pblink, and itscovariance C b. This prototype was computed byrecording a large number of blink detection and removingany false detections by hand.3.2. Detecting the Colour of SkinColor histograms have been used in image processingfor decades, particularly for segmenting multi-spectralsatellite images, and medical images. In the early 1990’sSwain and Ballard [9]showed that the intersection ofcolor histograms was a reliable means of recognizingcolored objects. Unfortunately, their technique issensitive to the color and intensity of the ambient lightsource. Schiele and Waibul [8] have demonstrated thatskin could be reliably detected by normalising the colorvector by dividing out the luminance component.A 2-D joint histogram of the luminance normalisedcolor components (r, g) can be computed from a patch ofan image known to be a sample of skin. For colorcomponents (R, G, B):r = RR+G+B g = GR+G+B

The histogram of normalised color gives the numberof occurrences for each normalised color pair (r, g). Thishistogram must be periodically re-initialised tocompensate for changes in ambient light, or differencesin skin color of different users. In our early experimentswith this technique, a cooperative user presented his faceor hand to the camera to initialise the histogram in lessthan a second. In our latest system, the color sample iscaptured automatically whenever eye blink has beendetected with a sufficient confidence.A normalised color histogram h(r, g) based on asample of N pixels, gives the conditional probability ofobserving a color vector Cfi = (r, g), given that the pixelis an image of skin. p( Cfi | skin ). Using Bayes rule, weconvert this to the conditional probability of skin giventhe color vector, p(skin | Cfi ). This allows us toconstruct a probability image in which each pixel isreplaced by the probability that it is the projection ofskin. An example is shown in figure 4. The center ofgravity from the probability of skin gives the estimateof the position of the face. The bounding rectanglesgives an estimate of size. A confidence factor is thecomputed by comparing the detected bounding box to anideal width and height, using a Normal probability law.The average width and height and the covariance matrixare obtained from a number test observations selected byhand.

¯�nfi�fi�¥�DpE�!�m=0N˚ ˚ ˚ �n=0N˚˚(Pk(i+m,j+n) — W(m, n))2The estimated position of the target is determined byfinding the position (i, j) at which SSD measure is aclosest to zero. The actual center position can bedetermined by adding the half size of the mask to thecorner position (i, j). By keeping the search regionsmall, we obtain a processing rate of 25 hz. Figure 5shows a typical map of the SSD values obtained when atemplate for the eye is convolved with a face. The localimage of SSD values is inverted to provide the CF andCovariance. The covariance of the detection is estimatedfrom the second moment of the inverted SSD values. Asharp correlation peaks give a small covariance, while alarger correlation gives a larger spread in covariance. Theconfidence is estimated from the peak value of theinverted SSD. When this confidence measure dropsbelow a threshold the tracking processes is halted or re-initialised.Figure 5b. Map ofvalues from Sum ofSquared difference withlater image in sequence.4 Coordination of Multiple PerceptualProcesses.The perceptual processes of eye blink detection, colorhistogram matching, correlation tracking, and soundlocalisation are complementary. Each process fails underdifferent circumstances, and produces a different precisionfor a different computational cost. For example, eyeblink is relatively inexpensive in cost and gives a preciselocalisation when it works, which is approximately onceevery 40 seconds. Thus eye blink is ideal for initialising,and re-initialising, the other tracking processes.Correlation tracking of the eyes is extremely fast whenlimited to a small search region and produces a preciseresult. However, experience shows that correlation willsometimes loose its track when the user turns his headmore than about 15 degrees or makes a movement whichis too sudden. In some cases, correlation can be recoveredby enlarging the search region, but if this fails, anothertracking mode is required.Color histogram matching almost always produces aresult, but tends to have an uncertainty of a few pixels.In particular, color histogram matching produces areliable bounding box which can be used to limit otherprocesses, including background suppression forincremental eigen-space compression. The probability ofskin is computed by table lookup, but the connectivityanalysis is relatively expensive. If computing cost werenot a constraint, all processes would be run at eachcycle. The fact is that computing cost is an importantconstraint. The fact that all three processes produce aconfidence factor makes it possible for the supervisor tocoordinate the different processes in order to maximizeconfidence and precision while minimizing computingcost.

024681012141611162126313641465123121212

Blink SSD

Color

Figure 6. Cycles per second, for each of threeprocesses, as the supervisor steps through the 3 states.Square is Blink Detection, o is correlation, + ishistogram.The control logic for the supervisor can be defined bya finite state machine. A current doctoral thesis in ourgroup is investigating techniques to automaticallygenerate such control graphs. In the mean time, wedesign control graphs by hand. At the time of writing ofthis paper, we obtain quite reliable tracking with thefollowing states:State 1) Initialisation: When tracking confidence islow, the supervisor runs blink detection to lookfor a face. When blink is detected, a colorhistogram is initialised, and a correlation mask isstored for each eye. The supervisor then shifts tostate 2.State 2) As long as the tracking CF remains high,

correlation is used to track the eyes. When thecorrelation CF drops below .05, control switchesto state 3.State 3) Re-initialisatin: Color histogram detectiontracks the face while blink detection runs to tryto re-acquire a correlation mask. If blink detectsa face, the color histogram and correlation masksare re-initialised and the supervisor reverts tostate 2. If blink fails to detect a face, then colorhistogram detection is run.Figure 6 shows an example of the cycle time as theprocess moves through the three states. Throughout theentire process, the tracking precision, as measured by thecovariance remained under 2 pixels.5. ConclusionsThe integration of complementary visual processescan produce a reliable and robust system, provided thatall processes produce a confidence factor and an errorestimate. Integration and coordination requires anarchitecture. Such an architecture is provided by theSynchronous Ensemble of Reactive Visual Processesmodel developed in the VAP project [3]. Coordination ofvisual processes requires signalling visual events to thesupervisory controller. An important class of visualevents are the confidence which each process can givesfor its results. Fusion of results is made possible byestimating error bounds for each process in the form of acovariance matrix. Individual processes can be groupedinto states, which permits the control logic of thesystem to be designed as a state transition graph.Improved methods are required for the design of suchstate transition graphs.Acknowledgements:This work has been supported by France TelecomCNET (Project COMEDI), based on results from ProjectESPRIT EP 8212 "VIsion as Process".Bibliography[1]J. L. Crowley, P. Stelmaszyk, T. Skordas and P.Puget, "Measurement and Integration of 3-D StructuresBy Tracking Edge Lines", International Journal ofComputer Vision, Vol 8, No. 2, July 1992.[2] J. L. Crowley and Y. Demazeau, "Principles andTechniques for Sensor Data Fusion",

Signal Processing,Vol 32 Nos 1-2, p5-27, May 1993.[3]J. L. Crowley and H. I Christensen,

Vision as

Process, Springer Verlag, Heidelberg, 1994.[4] J. L. Crowley and J. M. Bedrune, "Integration andControl of Reactive Visual Processes", 1994 EuropeanConference on Computer Vision, (ECCV-’94),Stockholm, may 94.[5]J. L. Crowley and J. Martin, "ExperimentalComparison of Correlation Techniques", IAS-4,International Conference on Intelligent AutonomousSystems, Karlsruhe, March 1995.[6]J. L. Crowley, F. B�rard and J. Coutaz, "FingerTracking as an Input Device for Augmented Reality",IWAGFR ’95 - International Workshop on Gesture andFace Recognition, Zurich, June 1995.[7]H. Inoue, T. Tashikawa and M. I. Inaba, "Robotvision system with a correlation chip for real timetracking, optical flow, and depth map generation", The1992 IEEE Conference on Robotics and Automation,Nice, April 1992.[8]B. Schiele and A. Waibul, "Gaze Tracking Basedon Face Color", IWAGFR ’95- International Workshopon Face and Gesture Recognition, Zurich. July 1995.[9]M. J. Swain and D.H. Ballard, "Color Indexing",International Journal of Computer Vision, Vol 7, No 1,1991.