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AbstractThe Gabor decomposition is a ubiquitous tool incomputer vision. Nevertheless, it is generally consid-ered computationally demanding for active vision ap-plications. We suggest an attention{driven approachto feature detection inspired by the human saccadicsystem. A dramatic speedup is achieved by comput-ing the Gabor decomposition only on the points of asparse retinotopic grid. An application to eye detec-tion is presented. Also, a real{time head detection andtracking system based on our approach is briey dis-cussed. The system features a novel eyeball-mountedcamera designed to mimic the dynamic performanceof the human eye and is, to the best of our knowledge,the �rst example of active vision system based on theGabor decomposition.1 IntroductionGabor decomposition has long been known to bea powerful tool for pattern recognition tasks [2, 7, 3],and its use is motivated by strong biological analo-gies [8, 13]. Unfortunately, the calculation of Gabor�lter responses is computationally demanding for ac-tive vision applications. In this paper, we propose abio{inspired approach to circumvent this problem.The human eye explores a visual scene by per-forming a sequence of large \jumps", known as sac-cades, between the di�erent points of interest [5, 11].Saccades play a central role also in the underlyingcognitive processes, where there appears to be a se-lection mechanism that �lters task relevant informa-tion [9, 10]. A dramatic reduction of the informa-tion ow is therefore achieved by the joint use of thesaccadic system and of nonuniform image sampling,which is achieved at the retinal level. Our approach

is an attention{driven search based on a model of sac-cadic eye movements. The algorithm is built around asparse log{polar retinotopic grid. The Gabor decom-position is computed only on the points of the grid, sothat the computational e�ort is greatly reduced.An application of saccadic search to eye detectionwill be presented. We shall also briey describe ourreal{time setup for head localisation and tracking thatis, to the best of our knowledge, the �rst example ofactive vision system based on the Gabor decomposi-tion.2 The retinotopic sampling gridCentral to our attentional strategy is the use of asparse retinotopic sampling grid which is rigidly dis-placed on the images. The grid has log-polar geome-try, meaning that the density of sampling points de-creases exponentially with the distance from the cen-tre. In our approach, we limit the computation ofthe Gabor decomposition to the points of the retinalgrid, and require the grid to be displaced in order forother image regions to be considered. This samplingtopology automatically implements a \focus of atten-tion" concept, concentrating the computational e�orton the current �xation point. Furthermore, by keep-ing the global number of �xation low, it is possibleto perform the feature extraction by direct �lteringin the image domain, without the need of a Fouriertransform. This brings about a dramatic increase ine�ciency.In analogy with the operation of the visual cortexof primates and humans [6], we found it bene�cial, atleast during the �nest part of the search (section 6), totune our frequency decomposition so that it matchesthe variable sampling rate of the retina. We thereforeassociate high frequency Gabor �lters to the fovea ofthe retina, while low frequency responses are extractedat the periphery, where the sampling rate is coarser.



For our eye detection application, this allows a smoothintegration of dense information from the centre of theeyes and global information from the outline of theorbit.3 Log{polar frequency domain sam-plingComplex valued Gabor functions in the frequencydomain are scaled, translated and shifted versions ofthe following function:Ĝ(~!j�x; �y ; !0) =exp�� (!x � !0)22�2x � � exp � !2y2�2y!The parameters �x, �y, !0 and the rotation parameterare chosen to cover the frequency plane as completelyat possible.However, when only a small number of logarithmi-cally spaced frequency channels is used,problems arisein obtaining a uniform coverage of the frequency plane.Since the spacing between the centres of the �lters in-creases exponentially, the symmetric Gaussian shapedoesn't appear to be optimal, since it extends the samedistance towards the (well sampled) central region ofthe frequency space as well as towards the loosely sam-pled periphery. For these reasons, we choose to substi-tute for the standard Gabor function a modi�ed �lterĜ0(~!j��; ��; �0) =exp�� (�� �0)22�� � � exp � !�2�2�!where (�; �) = (ln(j~!j); tan�1(!y=!x)) is the confor-mal mapping of the frequency plane to log polar co-ordinates [1]. We therefore construct a uniform gridof Gaussian �lters in the log{polar frequency domain,which in turn yields the desired uniform coverage ofthe Fourier plane (�gure 1).4 Eye localisationWhen human subjects explore a natural scene, theydo not use their eyes to scan it in a raster{like fashion.They rather perform rapid jumps between regions ofinterest, which they �xate for about 0:3 seconds. Allthe relevant information is acquired during such �x-ations, although much of the time is spent in decid-ing where the next saccade should be aimed. In 1957

Figure 1: Iso{curves of the Gabor �lters created byuniform sampling of the frequency plane in log{polarcoordinates. The crosses represent maxima.Yarbus, who pioneered the study of the saccadic sys-tem, found that the stopping places of a subject's gazeexploring human faces were more densely distributedin the eye region [14, 5]. This motivated us to usesaccadic search for eye detection, even because of therelevance of such region for face recognition.The procedure consists of three main steps. At�rst, local information driven saccadic eye movementis used to home the retinotopic grid on one of the eyes;following, the search is re�ned by pixel-wise displace-ment of the grid; �nally, if detection is successful a sac-cade is performed to the assumed position of the othereye. During each of the above steps, several criteriaare applied to check for the consistency of informa-tion. If a mismatch is detected, doubtful assignmentsare discarded.5 Saccadic searchA local, appearance{based description of the searchtarget (the eyes) is constructed by averaging the Ga-bor responses from the centre of the eyes of the per-sons in the training set. The resulting feature vectoreav consists of six orientation-selective responses foreach one of the �ve frequency channels employed [12].At the beginning of the search, the retinal samplinggrid is placed at a random position on the image andthe Gabor feature vectors are extracted for each of itspoints. Each of these vectors is subsequently matchedagainst the reference eav. The point of the grid forwhich the Euclidean distance from eav is minimal isselected as the target for the next saccade. Saccadicsearch is assumed to have converged when saccadesbecome shorter than a threshold. If no saccade target
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140Figure 2: The retinal sampling grid placed on a per-son's right eye for model creation.whose distance from eav is reasonably low can be found(which can be the case if the search starting pointhappens to fall in a blank region of the image), thesearch is restarted from a random position.6 Re�ning the searchA more complete description is obtained, for eacheye, by placing the retinal sampling grid on the centreof each eye on the images of the training set (�gure 2)and storing the Gabor responses from all of the retinalpoints. In order to reduce the sensitivity to positioningerrors for small training sets, a relaxation procedure isused: user{supplied eye coordinates are employed totrain a �rst version of the models, which is then usedto perform a search on the training set itself. The eyecoordinates thus detected are then used to retrain thesystem.The two resulting \extended" eye models are usedto distinguish left eyes from right eyes and to improvethe precision of the localisation. A �rst comparisonof the left and right eye models with the featurescurrently \seen" by the retina is performed to statewhether the spotted facial feature looks more like aleft eye or a right eye. A gradient descent minimisa-tion is successively performed by displacing the retinapixel-wise until the best match with the appropriateeye model is found.The residual distance from the model is used toclassify the detected feature as \eye" or \non{eye".The saccadic search is subsequently restarted in the

expected direction of the other eye or, in the case thatno eye has been found, from a random position.Experiments have shown that the saccadic searchmay detect some erroneous local minima (e.g. the cor-ners of the mouth, ear-rings or details in the hair). Inorder to discriminate such fake targets, the di�erenceis computed between the candidate's distance from theattributed eye model and its distance from the alter-nate model. The ratio of this di�erence to the mini-mum distance, which we call the asymmetry, measuresthe amount to which the chirality of the detected fea-ture contributes to the match. In our experiments,the asymmetry always turned out to be grater than0.1 for correct matches, while it generally dropped ofone or two orders of magnitude in the case of spuriousidenti�cations. The errors thus detected are treatedby restarting the search from a random position.7 Experimental results7.1 SimulationThe algorithm has been tested using a retinal sam-pling grid with 5 rings and 16 rays. The relation be-tween the dimension of the retina and the size of thefacial images is evidenced in �gure 2.The image database employed consists of fortyfrontal shots of twenty di�erent persons1. The im-age resolution employed is 143 � 175 pixels. Di�er-ences between the shots of the same persons consistin tan changes, haircut, makeup, eyelid position, headposition (heads are often slightly rotated) and slightscale changes. Several persons in the database weareyeglasses.Single shots from six persons were used to extractthe left and the right eye models. Repeated testingwas then performed on the whole database withoutany mismatch being found (�gure 3). Information ob-tained from the outline of the orbit allows correct de-tection of the features even when the subject's eyes areclosed (�gure 4). In our trials we found the median ofthe number of �xation points to be 49 for the detec-tion of both eyes, that is to say that the centre of theretinal sampling grid explores 0:2% of the image pix-els. The number of �xations is considerably increased(typically 100) for subjects wearing glasses with strongreections or having their eyes shut. This is mainlydue to the fact that since the algorithm knows nothing1This image database is a part of an audiovisual database,collected in the framework of the European face recognitionproject M2VTS.
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Figure 3: The + and � signs denote the best matchwith the right and left eye models respectively. Num-bers identify successive starting points for saccades.Eye detection required 51 �xations. Note how saccadicsearch 1 was considered uninteresting and thereforediscarded. A random restart (2) then lead to detectionof the left eye, after which saccadic search resumed (3)near the location of the right eye.about facial features other than the eyes, no alterna-tive cues can be used to infer their spatial positionwhen their visibility is low. Nevertheless, detection isalways correctly accomplished at the end.7.2 Real time head localisation and track-ingIn order to demonstrate the exibility and e�ciencyof the algorithm we implemented it into a real{timehead localisation and tracking system. The retino-topic grid was \attached" to a b/w steerable cameradeveloped at our laboratory 5. The camera had aspherical mount and was explicitly designed to mimicthe performance of the human eye.By substituting the eye model with an analogoushead model, the saccadic search procedure describedin section 5 could be used to perform head localisationand tracking. Real time performance was achieved ona 200 MHz Pentium processor PC [4], allowing thecamera position to be adjusted every 0.5 seconds onthe average.The head localisation and tracking setup has beentested by using it to acquire 50 \passport size"imagesof each of 10 di�erent subjects. The system was pro-grammed to acquire a frame each time it believed the
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Figure 4: Information from the outline of the orbitallows eye detection even if the person's eyes are shut.During this trial the centre of the sampling grid ex-plored 99 pixels and 14 targets were rejected after com-parison with the eye models.head of the person to be centred in the image. Acqui-sition of 50 frames took about one minute. Out of atotal of 500 frames, 90% turned out to represent thehead of the subject at \passport photo" quality.
8 ConclusionsWe have presented an attention driven search strat-egy mimicking the behaviour of the human saccadicsystem. The main feature of this algorithm is the log{polar sampling of the Gabor decomposition. We havediscussed two applications: eye detection on static im-ages and real{time head detection and tracking. Webelieve that the main advantages of our approach areits generality and the dramatic reduction of the infor-mation processed in order to perform the task. Thisis crucial to allow the use of the Gabor decompositionin active vision applications. Our setup constitutes,as far as we know, a novelty in that sense. Validationof the feature detection algorithm and of the track-ing system itself on a large database of subjects are inprogress.
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