AbstractA recognition model which defines a measure of shapesimilarity on the direct output of multiscale andmultiorientation Gabor filters does not manifestqualitative aspects of human object recognition ofcontour-deleted images in that: a) it recognizesrecoverable and nonrecoverable contour-deleted imagesequally well whereas humans recognize recoverableimages much better, b) it distinguishes complementaryfeature-deleted images whereas humans do not. Addingsome of the known connectivity pattern of the primaryvisual cortex to the model in the form of extension fields(connections between collinear and curvilinear units)among filters increased the overall recognitionperformance of the model and: a) boosted therecognition rate of the recoverable images far more thanthe nonrecoverable ones, b) increased the similarity ofcomplementary feature-deleted images, but not part-deleted ones, more closely corresponding to humanpsychophysical results. Interestingly, performance wasapproximately equivalent for narrow (–15ß) and broad(–90ß) extension fields. The desribed method is mostpromising for the processing of noisy input images.1 IntroductionA task that both biological and artificial visionsystems have to solve is to recover boundaries of objectsfrom many times imperfect, noisy input. The Gestaltgrouping principles of co-curvilinearity, proximity,constancy of curvature can help recovering meaningfulinformation under these circumstances. There isconsiderable evidence from neuroscience [4] andpsychophysics [3] that these grouping principles are builtinto the mammalian visual system in the form ofconnectivity patterns among processing units.Anatomical and physiological data suggests a relativelynarrow connectivity pattern among approximatelycollinear units [4], whereas psychophysical results seemto suggest a broader field of connections between not onlycollinear, but also curvilinear ones [3]. For either thenarrow or the broad fields, the excitatory connectionsreveal smoothly decreasing strength with increasingdistance and curvature differences. The smoothly decayingexcitatory field around an oriented segment is referred toas an extension field in this paper. To compare the effectsof both narrow (collinear) and broad (collinear andcurvilinear) connectivity patterns among processing unitswe decided to implement two versions of the extensionfield: a narrow and a broad one. In the absence of preciseneurophysiological data for the strength of connectionsbetween collinear and curvilinear units we choose thealgorithmic definition of narrow and broad extension fieldsto be an excitatory gradient +/-15 and +/-90 degreesrespectively centered on an oriented segment. The goal of the present study was to investigate theconsequences of adding extension fields to a recognitionmodel that computes shape similarity based onrepresentations of V1 hypercolumn activity. Specifically,we studied whether the extension fields would increase theresemblance of the recognition performance of the modelto that shown by humans. 1.1 Brief comparison with previous workSeveral previous computer vision models have usedextension field type algorithms to guide the groupingprocess [5,6,7,9,11,12]. The main contribution in thepresent effort is the implementation of such a scheme on abiologically plausible multiscale and multiorientationfilter representation, roughly similar to that of a lattice ofV1 hypercolumns. This representation also allowed ameasure of shape similarity whereas the previously citedefforts did not result in that type of measurement. Anotherdifference is that previous studies in the groupingliterature used only one scale as opposed to our multiscaleapproach. Also many of those works [9,11] used aniterative relaxation algorithm as opposed to the morebiologically plausible one-pass operation which wasimplemented here. An additional feature of the currentstudy is that it directly compared the recognitionperformance of a grouping model to that of humans on alarge number of test images, which is relatively rare in theliterature. In the following we will describe twoexperiments on object recognition and compare humandata to the performance of our baseline model.1.2 Human experimental results and comparison ofperformance with the baseline modelIn a psychophysical experiment [1] equal amount ofcontour was deleted from line drawings in such a way thatthe parts were either recoverable or nonrecoverable asillustrated in Figure 1. Subjects were able to recognizerecoverable versions, but not nonrecoverable ones. Amodel [8] based on the direct output of a number ofAppeared in: Proceedings of the IEEE International Conference on Image Processing,Volume II, Santa Barbara, California, 450-453, 1997.Biologically Inspired Recognition Model with Extension FieldsPeter KalocsaiUniversity of Southern CaliforniaLos Angeles, CA 90089kalocsai@selforg.usc.edu columns of multiscale and multiorientation Gabor filters(each column is roughly analogous to the simple cells ina V1 hypercolumn) was tested on the same images. Themodel recognized the nonrecoverable images as well asthe recoverable ones, a result that does not correspond tohuman data (see results later). In another task, subjects named briefly presentedcontour-deleted images [2]. For each image, two sets ofcomplementary pairs were created by deleting every othervertex and edge from each simple part in the first set(feature-deleted) and by deleting approximately half thecomponents from each image in the second set (part-deleted) (Figure 2). If the members of the complementaryfeature-deleted pair or the part-deleted pair weresuperimposed they would provide an intact imagewithout any overlap in contour.Members of a complementary feature-deleted imagepair (Figure 2. left) were equivalent to each other forhuman subjects as tested with the priming paradigm [2],but not for the model since the similarity of members of apair was markedly lower than that for identical images.Part-deleted complementary images (Figure 2. right) werenot equivalent neither to humans nor to the model. 90ß, which were at the –45ßboundaries of the extension field (Figure 3). Beyondthose values, the Gaussians for orientation were set tozero so the broad extension fields had zero values aboveand below the main diagonals, as illustrated in Fig. 3.The narrow extension field is a subset of the broadextension field in that it uses the same direction andstrength fields except that the excitation area is limited to–15ß orientation difference. The absence of groupingactivity in the regions outside of the extension fieldmerely means that additional information is needed toreconstruct curves between such pairs.

The extension fields were incorporated into thebaseline model by allowing a field to operate on each ofthe 24 activation fields created by convolving the 24kernels with an image. Because there were 8 orientationsfor the activation fields there were also 8 orientations forthe extension fields. The additional excitation as providedby the extension field was distributed to the activationfields in such a manner that only the correspondingorientations of the activation fields and extension fieldswere convolved:

(EFWI)(l,x_0 ) = EF∫_l (x_0 − x)WI_l (x)d^2 x = EF_l *WI_l

(2)where

l

gives the orientation of both the extension andactivation fields. For the broad extension field model theactivation fields not only get excitation from theextension field with the same orientation, but also fromall the other orientations. For computational ease theexcitation fields were divided into 8 subregions based onorientation and only the corresponding range oforientations were applied to an activation field with agiven orientation. In the narrow extension field modelthe activation field with a given orientation was onlyconvolved with the excitation field having the sameorientation.Figure 4 provides a direct visual comparison of theworkings of the three different model types. The top rowdisplays three versions of the ’boat’ image from the set:intact, recoverable and nonrecoverable in left, middle andright columns respectively. Below the 3 x 9 blocks ofimages show the cumulative activation patterns inducedby the three images in the three examined models:baseline, with narrowly and broadly tuned extensionfields (from top nine image to bottom nine). In each ofthe three nine image blocks the first row represents thecumulative activation patterns of the kernels at the highestscale and at all 8 orientations. The second row representsthe cumulative response at the highest and medium scaleand the last row shows the ’total’ of the activation for allscales and all orientations. This visualization of modelactivation also shows that for the second and third blockof nine images (model with narrow and broad extensionfields) the activation patterns for intact and recoverableimages are much more similar than for the baseline model(first block of nine images). 3 Simulation setupIn the recoverable-nonrecoverable experiment thesimilarity of 36 intact images with the recoverable andnonrecoverable versions (altogether 108 images) wascalculated and compared to each other. In the feature-deleted vs. part-deleted experiment the similarity of thefeature-deleted complementary image pair was comparedto the similarity of the part deleted complementary imagepair for 18 images (altogether 72 used).

of the recoverable version more. As a result the additionof horizontal connections significantly increased thedifference between the similarity of recoverable andnonrecoverable types. The addition of broad extensionfields further improved similarity for recoverable images,but did not improve similarity for the nonrecoverable onescompared to the narrow extension fields.The addition of narrow and broad extension fieldssignificantly increased the similarity of feature-deletedcomplementary images pairs, but did not improve thesimilarity of the part-deleted pairs. The addition of thebroad extension field did not improve similarity forfeature-deleted images compared to the narrow extensionfields.

BaselineNarrow Ext. FieldBroad Ext. Field0.750.80.850.9

Similarity valueModel typeRecoverableNonrecoverableFigure 5. Average similarity values for matching theoriginal intact images with the recoverable andnonrecoverable versions in the three model types.

BaselineNarrow Ext. FieldBroad Ext. Field0.60.65

0.80.850.9

Similarity ValueModel TypeFeature-deletedPart-deletedFigure 6. Average similarity values for matchingcomplementary feature-deleted pairs and complementarypart-deleted pairs in the three model types.5 ConclusionsThe addition of extension fields to a baseline model ofobject recognition that operates on the output ofmultiscale and multiorientation Gabor filters improves itsoverall recognition performance (at minimum for the givenset of images) and brings its performance significantlyand qualitatively closer to that of human objectrecognition.Interestingly, adding broad extension fields to theoriginal model did not improve its performancesignificantly beyond the improvement already achieved bynarrow extension fields.An obvious direction for future research is toincorporate inhibition and endstopping into theconnectivity pattern of the model, both well knowncharacteristics of biological low level vision systems, andto test the model on gray-level images as well.References[1] I. Biederman, "Recognition-by-components: A theory ofhuman image understanding," Psychological Review, 94,115-147, 1987.[2]I. Biederman and E. E. Cooper, "Priming contour-deletedimages: Evidence for intermediate representations in visualobject recognition," Cognitive Psychology, 23, 393-419,1991.[3]D. J. Field, A. Hayes, and R. F. Hess, "ContourIntegration by the Human Visual System: Evidence for aLocal Association Field," Vision Research, 33(2), 173-193,1993.[4] C. D. Gilbert and T. N. Wiesel, "Columnar Specificity ofIntrinsic Horizontal and Corticocortical connections in CatVisual Cortex,"The Journal of Neuroscience, 9(7), 2432-2442, 1989.[5] S. Grossberg and E. Mingolla, "Neural Dynamics ofPerceptual Grouping: Textures, Boundaries, and EmergentSegmentations," Perception and Psychophysics 38, 141-171,1985. [6] G. Guy and G. Medioni "Inferring Global PerceptualContours from Local Features," International Journal ofComputer Vision, 20(1/2), 113-133, 1996.[7] F. Heitger and R. von der Heydt, "A ComputationalModel of Neural Contour Processing: Figure-GroundSegregation and Illusory Contours," In Proceedings of theICCV, 32-40, 1993.[8] M. Lades, J. C. Vortbr�ggen, J. Buhmann J. Lange, C. vonder Malsburg, R. P. W�rtz, and W. Konen, "DistortionInvariant Object Recognition in the Dynamic LinkArchitecture," IEEE Transactions on Computers, 42, 300-311, 1993.[9] P. Parent and S. W. Zucker, Trace Inference, CurvatureConsistency, and Curve Detection, IEEE Trans. PAMI,11(8), 823-839, 1989.[10] U. Polat and D. Sagi, "The Architecture of PerceptualSpatial Interactions,"Vision Research, 34(1), 73-78, 1994.[11] A. Sha’ashua and S. Ullman, "Structural saliency: thedetection of globally salient structures using a locallyconnected network," In Proceedings of the ICCV, Tampa Fl.,321-327, 1988.[12] L. R. Williams and D. W. Jacobs, "Stochastic CompletionFields: A Neural Model of Illusory Contour Shape andSalience," In Proceedings of ICCV, 1995.