Appeared in: J. Mira, R. Moreno-Diaz & J. Cabestany(Eds.), Biological and Artificial Computation: FromNeuroscience to Technology, Proceedings of IWANN, LNCS1240, Lanzarote, Spain: Springer-Verlag, 1164-1173.Recognition Model with Extension Fields Peter KalocsaiUniversity of Southern CaliforniaLos Angeles, CA 90089AbstractA recognition model which defines a measure of shape similarity on the directoutput of multiscale and multiorientation Gabor filters does not manifestqualitative aspects of human object recognition of contour-deleted images inthat: a) it recognizes recoverable and nonrecoverable contour-deleted imagesequally well whereas humans recognize recoverable images much better, b) itdistinguishes complementary feature-deleted images whereas humans do not.Adding some of the known connectivity pattern of the primary visual cortex tothe model in the form of extension fields (connections between collinear andcurvilinear units) among filters increased the overall recognition performanceof the model and: a) boosted the recognition rate of the recoverable images farmore than the nonrecoverable ones, b) increased the similarity ofcomplementary feature-deleted images, but not part-deleted ones, more closelycorresponding to human psychophysical results. Interestingly, performancewas approximately equivalent for narrow (–15ß) and broad (–90ß) extensionfields. 1 IntroductionA task that both biological and artificial vision systems have to solve is torecover boundaries of objects from many times imperfect, noisy input. The Gestaltgrouping principles of co-curvilinearity, proximity, constancy of curvature can helprecovering meaningful information under these circumstances. There is considerableevidence from neuroscience [2] and psychophysics [3] that these grouping principlesare built into the mammalian visual system in the form of connectivity patternsamong processing units. There is both anatomical and physiological evidence thatcells with approximately collinear orientation are interconnected mainly by excitatoryconnections [4]. Psychophysical results seem to suggest a broader field ofconnections between not only collinear units, but also curvilinear ones [3]. For eitherthe narrow or the broad fields, the excitatory connections reveal smoothly decreasingstrength with increasing distance and curvature differences [3,11]. There is alsoevidence for facilitation (increase in sensitivity for detecting Gabor patches) when localand global orientations are 90 degrees offset (the virtual line connecting two segmentsis perpendicular to their orientation) which is not modeled here [3,11]. The smoothlydecaying excitatory field around an oriented segment is referred to as an extension fieldin this paper. The terms ’association field’ or ’stochastic completion field’ can befound in the literature to refer to similar constructs. These terms are generally appliedto fields considered to manifest broad tuning. The term ’horizontal connections’ hasbeen employed to refer to the more narrowly tuned excitatory connections documentedfor neural units. To compare the effects of both narrow (collinear) and broad (collinearand curvilinear) connectivity patterns among processing units we decided to implement two versions of the extension field: a narrow and a broad one. In theabsence of precise neurophysiological data for the strength of connections betweencollinear and curvilinear units we choose the algorithmic definition of narrow andbroad extension fields to be an excitatory gradient +/-15 and +/-90 degreesrespectively centered on an oriented segment.The goal of the present study was to investigate the consequences of addingextension fields to a recognition model that computed shape similarity based onrepresentations of V1 hypercolumn activity. Specifically, we studied whether theextension fields would increase the resemblance of the recognition performance of themodel to that shown by humans. 1.1 Brief comparison with previous workSeveral previous computer vision models have used extension field typealgorithms to guide the grouping process [5,6,7,10,12,14]. The main contribution inthe present effort is the implementation of such a scheme on a biologically plausiblemultiscale and multiorientation filter representation, roughly similar to that of a latticeof V1 hypercolumns. This representation allowed a measure of shape similarity basedon the combined activity produced by both the input image and the grouping process(although this does not necessarily mean that grouping results in activity that isindistinguishable from that produced by the original image). The previously citedefforts did not result in a measure of shape similarity.Other differences distinguishing the present effort from prior ones was that thelatter studies used only one scale as opposed to our multiscale approach. Since ourtest images were line-drawings, only one scale size--chosen to be the width(frequency) of the lines--could have very well been used, but a multiscalerepresentation better resembles the sampling properties of biological vision systems.Many of the studies in the grouping literature [10,12] used an iterative relaxationalgorithm as opposed to the more biologically plausible one-pass operation whichwas implemented here. An additional feature of the current study is that it directlycompared the recognition performance of a grouping model to that of humans on alarge number of test images, which is relatively rare in the literature. In the followingwe will describe two experiments on object recognition and compare human data tothe performance of our baseline model.1.2 Human experimental results and comparison of performancewith a baseline modelIn a psychophysical experiment [1] equal amount of contour was deleted fromline drawings in such a way that the parts were either recoverable or nonrecoverableas illustrated in Figure 1. Subjects were able to recognize recoverable versions, butnot nonrecoverable ones. A model [9] based on the direct output of a number ofcolumns of multiscale and multiorientation Gabor filters (each column is roughlyanalogous to the simple cells in a V1 hypercolumn) was tested on the same images. The model recognized the nonrecoverable images as well as the recoverable ones, aresult that does not correspond to human data (see results later). In another task, subjects named briefly presented contour-deleted images [2].For each image, two sets of complementary pairs were created by deleting every other vertex and edge from each simple part in the first set (feature-deleted) and by deletingapproximately half the components from each image in the second set (part-deleted)(Figure 2). If the members of the complementary feature-deleted pair or the part-deleted pair were superimposed they would provide an intact image without anyoverlap in contour.Members of a complementary feature-deleted image pair (Figure 2. left) wereequivalent to each other for human subjects as tested with the priming paradigm [2],but not for the model since the similarity of members of a pair was markedly lowerthan similarity of one of the images from the pair to itself. Part-deletedcomplementary images (Figure 2. right) were not equivalent neither to humans nor tothe model.

90ß, which were at the –45ß boundaries of the extensionfield (Figure 4). Beyond those values, the Gaussians for orientation were set to zeroso the broad extension fields had zero values above and below the main diagonals, asillustrated in Fig. 4. The narrow extension field is a subset of the broad extensionfield in that it uses the same direction and strength fields except that the excitationarea is limited to –15ß orientation difference. The absence of grouping activity in theregions outside of the extension field merely means that additional information isneeded to reconstruct curves between such pairs.The extension fields were incorporated into the baseline model by allowing afield to operate on each of the 24 activation fields created by convolving the 24 kernelswith an image. Because there were 8 orientations for the activation fields there werealso 8 orientations for the extension fields. The additional excitation as provided bythe extension field was distributed to the activation fields in such a manner that onlythe corresponding orientations of the activation fields and extension fields wereconvolved:

(EFWI)( r

l , r

x 0 ) = EF ∫ r

l

( r

x 0

−

r

x)WI_r

l

( r

x)d

2

x = EF_r

l

*WI_r

l (2)

excitation coming from: (a) the extension field with the preferred orientation of thegiven activation field and (b) the excitation from all the other extension fields. In thenarrow extension field model the activation field with a given orientation was onlyconvolved with the excitation field having the same orientation. To anticipate a point that will be made in the Discussion, the groupingactivity can be distinguished from the activity produced directly by the image bykeeping a reference copy of the early filter activations without any connectivity. Figure 5 shows the activation fields created by convolving an image with thedifferently oriented and scaled kernels (altogether 24 kernels were used) and with thenarrowly tuned extension field (again the ’boat’ recoverable images is used as anexample). In the visual representation the activation values of the model arenormalized to integer values between 0-255 for 8-bit graphical display.

3 SimulationsIn the recoverable-nonrecoverable experiment the similarity of 36 intactimages with the recoverable and nonrecoverable versions (altogether 108 images) wascalculated and compared to each other.In the feature-deleted vs. part-deleted experiment the similarity of the feature-deleted complementary image pair was compared to the similarity of the part deletedcomplementary image pair for 18 images (altogether 72 used).3.1 Result of the simulationsThe results of the simulations are displayed on Figures 7 and 8. Theaddition of narrowly tuned extension fields between similarly oriented kernelsincreased the similarity of both the recoverable and nonrecoverable versions to theoriginal intact image, although it increased the similarity of the recoverable versionmore. Whereas for the baseline model there was no difference between the similarityof recoverable and nonrecoverable images t(35) = .64, p = .52 the addition of narrowextension fields significantly increased the difference between the similarity ofrecoverable and nonrecoverable types compared with the original images t(35) = 4.8,p < .001. The addition of broad extension fields further improved similarity forrecoverable images, but did not improve similarity for the nonrecoverable onescompared to the narrow extension fields. Consequently, the broad extension fieldmodel further increased the difference between the similarity of recoverable andnonrecoverable images compared with the intact versions t(35) = 9.09, p < .001.The addition of narrow and broad extension fields significantly increased thesimilarity of feature-deleted complementary images pairs, but did not improve thesimilarity of the part-deleted pairs. The similarity of two complementary feature-deleted images was already significantly higher than of two complementary part-deleted ones t(17) = 3.04, p < .01, but the addition of horizontal connections furtherimproved this difference t(17) = 8.54, p < .001, just as did the addition of extensionfields t(17) = 9.12, p < .001. The fact that similarity did not improve for part-deletedimage pairs was expected considering that there was no any global knowledgeprovided that could relate the two different part structures in the pair to each other.However, the significant increase of similarity for the feature-deleted pairs was not anobvious outcome of the simulation. The addition of the broad extension field did notimprove similarity for feature-deleted images compared to the narrow extension fields,which might be due to the large number of man-made objects in the stimuli set withmostly straight contours.Figure 6 (next page). The top row displays the intact, recoverable and nonrecoverableversions of an image respectively. The 3 x 9 block of images below the top rowdisplay the activation patterns of the three model types (Baseline, Narrow ExtensionFields, and Broad Extension Fields) to these images. The first row in each threeblocks represents the cumulative activation of the highest frequency kernels at all eightorientations to the three images. The second row in each three blocks shows thecumulative activation of the highest and medium frequency kernels at all orientations.Finally, the third row in each blocks represents the cumulative activation of all threekernel sizes at all orientations (all 24 kernels).

BaselineNarrow Ext. FieldBroad Ext. Field0.750.80.850.9

Similarity valueModel typeRecoverableNonrecoverableFigure 7. Average similarity values for matching the original intact images with therecoverable and nonrecoverable versions in the three model types.

BaselineNarrow Ext. FieldBroad Ext. Field0.60.650.70.750.80.850.9

Similarity ValueModel TypeFeature-deletedPart-deleted

5 References[1] I. Biederman, "Recognition-by-components: A theory of human image understanding," Psychological Review, 94, 115-147, 1987.[2]I. Biederman and E. E. Cooper, "Priming contour-deleted images: Evidence for intermediate representations in visual object recognition," Cognitive Psychology, 23, 393-419, 1991.[3]D. J. Field, A. Hayes, and R. F. Hess, "Contour Integration by the Human Visual System: Evidence for a Local Association Field," Vision Research, 33(2), 173-193, 1993.[4] C. D. Gilbert and T. N. Wiesel, "Columnar Specificity of Intrinsic Horizontal and Corticocortical connections in Cat Visual Cortex,"The Journal of Neuroscience, 9(7), 2432-2442, 1989.[5] S. Grossberg and E. Mingolla, "Neural Dynamics of Perceptual Grouping: Textures, Boundaries, and Emergent Segmentations," Perception and Psychophysics 38, 141- 171, 1985. [6] G. Guy and G. Medioni "Inferring Global Perceptual Contours from Local Features," International Journal of Computer Vision, 20(1/2), 113-133, 1996.[7] F. Heitger and R. von der Heydt, "A Computational Model of Neural Contour Processing: Figure-Ground Segregation and Illusory Contours," In Proceedings of the ICCV, 32-40, 1993.[8] W. Konen, "ZN-Face: A system for access control using automated face recognition," In Proceedings of the International Workshop on Automated Face- and Gesture-Recognition, 18-23, 1995.[9] M. Lades, J. C. Vortbr�ggen, J. Buhmann J. Lange, C. von der Malsburg, R. P. W�rtz, and W. Konen, "Distortion Invariant Object Recognition in the Dynamic Link Architecture," IEEE Transactions on Computers, 42, 300-311, 1993.[10] P. Parent and S. W. Zucker, Trace Inference, Curvature Consistency, and Curve Detection, IEEE Trans. PAMI, 11(8), 823-839, 1989.[11] U. Polat and D. Sagi, "The Architecture of Perceptual Spatial Interactions,"Vision Research, 34(1), 73-78, 1994.[12] A. Sha’ashua and S. Ullman, "Structural saliency: the detection of globally salient structures using a locally connected network," In Proceedings of the ICCV, Tampa Fl.,321-327, 1988.[13] L. R. Williams and D. W. Jacobs, "Stochastic Completion Fields: A Neural Model of Illusory Contour Shape and Salience," In Proceedings of ICCV, 1995.