Real-Time Visual Recognition of Facial Gesturesfor Human-Computer InteractionAlexander Zelinsky and Jochen HeinzmannDepartment of Systems EngineeringResearch School of Information Sciences and EngineeringAustralian National UniversityCanberra, ACT 0200,AustraliaE-mail: alex@syseng.anu.edu.auAbstractPeople naturally express themselves through facialgestures and expressions. Our goal is to build a facialgesture human-computer interface for use in robotapplications. We have implemented an interface that tracksa person�s facial features in real time (30Hz). Our systemdoes not require special illumination nor facial makeup.By using multiple Kalman filters we accurately predict androbustly track facial features. This is despite disturbancesand rapid movements of the head (including bothtranslational and rotational motion). Since we reliablytrack the face in real-time we are also able to recognisemotion gestures of the face. Our system can recognise alarge set of gestures (13) ranging from �yes�, �no� and�may be� to detecting winks, blinks and sleeping.1 . IntroductionGestures are an important form of communicationbetween people. We regard expressions of the face as oneof the most natural forms of human expression andcommunication. For people who are elderly, disabled orjust inexperienced users of computer technology a gestureinterface would open the door to many applicationsranging from the control of machines to "helping hands".The crucial aspect of a gesture interface is not only real-time performance, but also the ablity to operate robustlyin difficult real world environments.Work on real-time face tracking has been recentlyreported [1-4]. Controlling a clone at 10Hz in virtualreality is described by Saulier et al. [1]. Specialized filtersare used to extract the location of the facial features and thefacial expression. This system requires cosmetic makeupto enhance the facial contrast. This is an undesirablerestriction.The detection of human body poses with a stereocamera system is described by Gavrila et al. [2]. Anotherface tracker reported by Jacquin et al. [3] works robustlywithout training for different people using only a generalmodel.To understand human gestures based on head movementa system must be capable of tracking facial features in realtime. We consider real time to be NTSC video frame rate(30Hz). If facial tracking is done at lower rates then it isvery difficult to understand gestures. We believeapproaches [1-3] do not work sufficiently fast enough formotion based gesture recognition.The research Media lab at MIT has developed a systemfor hand and facial gesture recognition with two cameras[4]. A static wide field camera is used to identify the areaof interest and an active narrow field camera for obtaininghigh resolution pictures of the hand or the face. Our goalis to use a single passive camera in a natural scene to tracka human face.We use dedicated hardware which tracks features in real-time using template matching (See Section 2). Relyingsolely on such dedicated hardware it is not possible toreliably and robustly track a human face since undernormal lighting conditions the shape and shading of facialfeatures will change markedly when the head moves. Thisresults in a failure by the vision hardware to correctlymatch the changing templates.We solve this problem by using Kalman filters to fusedata from the tracking system with a geometrical model ofthe face. We have built a face tracker that operates undernatural lighting without artifical artefacts. The system isrobust and runs at video frame rate. (See Section 3).Reliable and rapid tracking of the face gives rise toability to recognise gestures of the head. We define agesture to consist of a chain of atomic actions, where eachatomic action represents a basic head motion e.g. upwardsor to the right etc. The �yes� gesture is represented theatomic action chain of �move up�, �stop�, �move down�,etc. Our system checks for all possible atomic actions ineach video frame. An �observer� is instantiated for everyatomic action that is detected. This approach allows us todetect several gestures in parallel. For example people canbe winking or opening their mouths while they arenodding. If an observer reaches the end of a chain ofatomic actions then a gesture is deemed to have beenrecognised. We use a probabilistic approach to decide if anatomic action has been triggered. This is necessary since itis rare for identical actions to be exactly the same e.g.nobody nods in the same way everytime. (See Section 4).

2 . The Vision SystemWe use the MEP tracking vision system to implement ourfacial gesture interface. This vision system ismanufactured by Fujitsu and is designed to track in realtime multiple templates in the frames of a NTSC videostream. It consists of two VME-bus cards, a video moduleand a tracking module which can track up to 100 templatessimulataneously at video frame rate (30Hz for NTSC). AMC68040 processor card running VxWorks executes theapplication program and controls the vision system.The tracking of objects is based on template (8x8 or16x16 pixels) comparison in a specified search area. Thevideo module digitises the video input stream and storesthe digital images into dedicated video RAM. This RAMis also accessed by the tracking module. The trackingmodule compares the digitised frame with the trackingtemplates within the bounds of the search windows. Thiscomparison is done by using a cross correlation whichsums the absolute difference between corresponding pixelsof the template and the frame. The result of thiscalculation is called the distortion and measures thesimilarity of the two comparison images. Low distortionsindicate a good match while high distortions result whenthe two images are quite different.To track a template of an object it is necessary tocalculate the distortion not only at one point in the imagebut at a number of points within the search window. Totrack the movement of an object the tracking module findsthe position in the image frame where the templatematches with the lowest distortion. The motion isrepresented by a vector to the origin of the lowestdistortion. By moving the search window along the axis ofthe motion vector objects can be easily tracked. Thetracking module performs up to 256 cross correlations pertemplate within a search window,.The MEP tracking vision system works perfectly forobjects that do not change their appearance, shade and arenever occluded by other objects. In another project we havesuccessfully used the MEP tracking system tosuccessfullly implement a vision based mobile robotnavigation system [5].Problems arise when the vision system is used to tracka face in a head and shoulders image of a person. Since thehead occupies most of the image, one template of theentire face exceeds the maximum template size allowablein the vision system. Therefore, it is only possible totrack individual features of the face such as the eyes ormouth. Through experimentation we have found that facialfeatures with high contrast are good candidates as trackingtemplates. For example an eyebrow which appears to be adark stripe on a light background (if the person has lightskin) and the iris of the eye which appears as dark spotsurrounded by the white of the eye are well suited fortracking. However, some facial features are not as easy totrack. For example the corners of the mouth are difficult totrack. This is because these features are made up primarilyof plain skin (80%) and the correlation with a facialtemplate of only plain skin is not significantly differenti.e. yields a low distortion.These problems are further complicated by the fact thatwell suited tracking features can change their appearancedramatically when a person moves their head. The shadingof the features can change due to uneven illumination andthe features appear to deform when the head is turned,moved up, down or tilted to the side. All these changesincrease the distortion even if a template is matchingprecisely at the correct position. It also results in lowdistortions at the wrong coordinates which then cause thesearch window to be incorrectly moved away from thefeature. This problem arises when a head is turnedsufficently far enough for one half of the face with all itsassociated features to completely disappear. Once thetracking feature has left the search window the movementvectors calculated by the vision system are unpredictable.We have developed a method to allow a search window tocorrectly find its lost feature thus yielding a reliable facetracker.Figure 1: Facial Tracking Features3 . Tracking the FaceOur basic idea is that individual search windows helpeach other to track their features. From the knowngeometric relationship between the features in a face, alost search window can be repositioned with help fromfeatures that are still tracking. We use a two dimensionalmodel of the face in which features for tracking are joinedto form a small network. The reference vectors connectingthe features are derived from a single image automaticallyby the system or by a human operator. Figure 1 shows aface with boxes marking the nine (9) tracking features. Weuse the iris’, the corners of the eyes, the eyebrows and themiddle and corners of the mouth. The sizes of the boxesshown are the actual template sizes (16x16 pixels). Theline connections shown in the figure indicate which features assist the other features for readjusting the searchwindows. We also use several templates to track featuresthat can change their appearance. For example the eyes canbe open or closed. In such cases we use three (3) templatesfor the different states (opened, closed and half-open-closed)of the eyes simultaneously. This makes it possible todetermine the state of the tracking features e.g. an eye isopen or the mouth is closed.As discussed earlier if a person turns their head thedistortions of all the templates increases greatly. In thissituation some features may disappear and others maychange their shade and appearance. It is difficult todetermine whether search windows are tracking correctly orincorrectly. Lost search windows influence the trackingposition of the other search windows. A situation caneasily arise in which the system will loose the entire face.Simple thresholding of the distortion is insufficient todistinguish the lost windows from the tracking ones. Anapproach that can cope with noisy data is needed. Kalmanfilters were used solve this problem.The Kalman filter is a recursive linear estimator whichmerges the measurement of sensors observing theenvironment with a prediction that is derived from asystem model [6-7]. The Kalman filter is used in manyapplications such as navigation of planes, missiles andmobile robots where uncertain measurements from sensorsthat observe landmarks are used to localise a vehicle. Bymerging sensor information, the Kalman filter guaranteesan optimal estimate of the sensor data in terms of aminimum mean-square error if an appropriate systemmodel is used. All sensor data has covariances associatedwith it which indicate the reliablity of the data. The outputof the filter also has a covariance, so the control systemdoes not only obtain an estimate, but it also knows thereliability of the estimate.The use of Kalman filtering to assist in tracking forhas been previously reported McLauchlan et.al. [8]. Weapply also separate Kalman filters to each tracking feature.However, in our approach also features assist each other inthe tracking of features. Hager et.al. [9] proposed a similaridea of using geometric constraints and feature states forrobust tracking. The Hager et.al. technique uses a binaryswitching between winning features and loosing featuresto decide who gives direction for other features to track.Our approach uses all the features for tracking and isweighted to the features that are tracking best.We use the motion vectors calculated by the visionsystem is used as the external sensor measurements andthe covariances are calculated from the distortion of thetemplate correlations. We use the relative positions of theother search windows and the geometric model of the faceto derive the prediction of the internal system model forinput into the Kalman filter as the internal sensors.A facial motion vector is calculated by averaging allnine (9) feature motion vectors. This calculation isweighted by the variances of the tracking features. Thisensures that the facial motion vector is biased towards thefeatures that are tracking well. The facial motion vector isused in the calculation to predict the position of thetracking features.The predicted position of a feature is determined fromthe position of other features in the previous video frametogether with the 2D face model and the facial motionvector. The calculation is weighted by the variance fromthe previous video frame. Figure 1 shows the features thatuse each other as references are connected by a white line.For example the left eye corner only uses the left eye andthe left eyebrow to predict its position.Using Kalman filtering yields a system which copeswith head rotations of about 30 degrees during facingtracking. Further robustness was added to the face trackingby implementing dynamic search regions which look for afeature inside a specifc area of the image. The size of thesearch region is dependent on the variance of the features(determined from the Kalman filter). We also extended our2D model of the face to allow for tilting. These extratechniques allow the head to be rotated up to 60 degrees,tilted acutely from side to side, and enables quick recoveryeven when all the tracking features have been lost.Figure 2 shows four (4) images taken from a trackingsequence. The predicted estimates of the tracking featuresare marked with small white crosses. Figure 2: Tracking the Face

Figure 3: Recognisable GesturesFigure 4: Movement Activation in the X and Y axesDetermining if an atomic action has e.g. not in the same time. To solve problem various gestures. Initially, we planned to use a distribution to an atomic action. functions to be most Figure 4shows the movement activation functions of the action MoveRight.The activation level of an atomic

AAFrames

PxPy i i = + ) ( -1 1^{( ) ( )}

movement levels of in the X Y Frames the number of to an atomic action. In the case of the MoveRight we the action to within 4 that the will move 3 12 pixels in the Xaxis and minimally in the Y axis in a single The output activation level is to

OAAi i= 2

which results in the having the in Figure 5. Figure 5: Atomic Action ActivationAn is atomic action ithat is the first action of a . is only after OAi becomes zero. The then AAi+1 the Okn e x t action i n t h e t h e t h e o f an a t o m i c t h e n is to This allows us to in parallel. For be or opening their mouths while they are nodding.Figure 6: Gesture Transition States May beLook UpLook Down Look LeftLook RightAround to Right Winks Blinks Mouth

Figure 6 shows the output activations a gesture. Initially the head is still, then it is then up and finally it comes to rest again. A key point totransition atomic actions in the transitions between states can sometimes be noisy. in the following manner. ia look up is to the next action in the gesture, the look up also atransition timing function in that to the of the transition. Figure 7shows the timing function the MoveUp Figure 7: Transition Timing FunctionThe transition function atomic

TAATAAOAi i i i= ( )+ +1

) is the transition timing of atomic action in the gesture and is the ouputactivation level of . In our system if > then the transition to the next action state also a running sum . what proportion of a

Score TAA i = �

also sum the all the that monitoring the same . is oscillating the atomic action of a gesture be times. to an the

g = �

A is also kept which

TotalScore g = �

The i s a s a t o s i g m o i d f u n c t i o n s h o w n i n F i g u r e 8 . p u r p o s e o f t h i s f u n c t i o n i s t o g i v e a heuristic h o w m u c h i s i n t h e b e i n g g e t s t o t h e ah i g h a b o u t t h e action i n a7 action T h i s i s higher t h a n

Unknown xex x( ) = + - -3 31

Figure 8: Unknown Gesturesthen compute the probabilities all the currently in the system.

Known

PGScore g ( ) ( )

( ) ( ) = - = 1

where P(G) is the that the G has the reaches the last atomic action in the A be to or the recognition of a recognition which runs in with the The results is robust to noise. system 13 gestures. Even though some similar 5Conclusions and Further WorkThe recognition system of two running in aRecogniser. The fuses information from the vision system of face using multiple Kalman filters.Our system is able to track the features without specialillumination or makeup. It or in all situations a turns their 60 (it is physically turn Further rotation the risk loosing all since the initial templates allimages with the looking straight the Our system from situations by using a of the which will allow improvement is to the system the This not only improve tracking., but the system also with planning

that to the system be with the most the unknown then the runs in is of aof on recognition is robust to the plan to the of a sample of The statistical of motion will into our program. also plan to the of allowing the to Our ultimate aim is to use our recognition system in a robotic system the Our will allow persons to themselves by using facial gestures to the helping robot.This work has by the Council by the support of Systems, supplier of VxWorks.A. Saulier, M.-L. D. Time Facial Analysis Synthesis of the onAutomatic Face and Gesture Recognition pp. D.M. Gavrila L.S. 3-D movement:a multi-view of on Automatic Gesture Recognition, pp. 272-277, 1995.of in of the on Automatic Recognition, pp. 142-147, 1995.T. A.P. Pentland, Expression Analysis in an Environment�, of the on Automatic Recognition, pp. 135-140, 1995.G. Cheng A. Zelinsky, Navigating a Mobile on Intelligent Robots Systems (IROS), 1996.H. of the Joint on of 1-875618-20-1,pp. 51-60, 1995.S.M. Digital , Arnold Publishers, 1986.P.F. I.D. Reid, D.W. Motion from Notes in Computer Vol.800, of ECCV’94, pp 3-540-57956-7, Springer G.D. K. Toyama, X Vision: A Substrate Vision of the X Vision class applications, Report,