
Toward Selecting and Recognizing Natural Landmarks �Erliang Yeh David J. KriegmanCenter for Systems Science, Department of Electrical EngineeringYale University, New Haven, CT 06520-8267AbstractLandmarks are often used as a basis for mobile robotnavigation. In this paper, we consider the problem ofautomatically selecting from a set of 3D features thesubset which is most likely to be recognized from noisymonocular image data and is least likely to be con-fused with any other group of features. Assuming per-spective projection, real valued recognition functionsare constructed for a set of features. The value re-turned from such functions are invariant to changesof viewpoint and can be evaluated directly from imagemeasurements without prior knowledge of the positionand orientation of the camera. With image noise, therecognition function no longer evaluates to a constantvalue. Because of the possibility of false matches, aBayes detector is used to determine the optimal rangeof values of the recognition function that will be ac-cepted as image features of the model. The model withthe lowest Bayes cost is selected as the most distin-guishable landmark. We show implementation resultsfor real 3D objects.1 IntroductionThere have been two approaches to mobile robotnavigation in the literature: reconstructionist versusreactive. In the more traditional reconstuctionist ap-proach, sensor information is used to construct a 3Dmodel or map of the robot's environment [4, 5]. Muche�ort is required to maintain a consistent and accu-rate representation of the geometry of the world. Onthe other hand, the reactive paradigm, initially cham-pioned by Brooks [2] and adopted by many others,bases robot behavior more directly on immediate sen-sor data and less on a stored representation. In partic-ular explicit, large scale reconstruction is avoided be-cause as argued by proponents, the world is not static,it is di�cult to maintain a consistent representation,and perhaps more importantly, it is unnecessary formost navigation tasks.In the work of Taylor and Kriegman, algorithmswere developed for systematically exploring a bounded2D con�guration space in search of a recognizable ob-ject [11]. A prototypical task for an indoor mobilerobot operating in an o�ce setting might be fetchingoutput from a printer. Clearly the robot must be ableto recognize the printer when it is in sight. In addi-tion to recognizing its goal, the robot takes advantage�This work was supported by the O�ce of Naval Researchunder grant N00014-93-1-0305 and the National Science Foun-dation under Grant NYI-IRI-9257990.

of objects that it can recognize along the way. Asa byproduct, the algorithm constructs a \topologicalrepresentation" akin to a level of Kuiper's spatial se-mantic hierarchy [7]. The representation essentiallyencodes which recognizable objects are visible in thevicinity of a particular object, and this leads to a nat-ural graph structure. A robot can execute a plan,de�ned by a path through this graph, using a combi-nation of boundary following and \visual servoing" toapproach the recognizable object. Exploration is thencast as the process of learning this graph and termi-nating when the recognizable object has been found.As a byproduct, the learned graph can be used forfuture navigation tasks. Note that this is not a quan-titative reconstruction of the geometric structure ofthe environment but instead encapsulates the quali-tative relationship of recognizable objects. Besidesour own work, landmarks have been critical to manyother approaches to navigation [6, 8, 9]. Note also thatonce the landmarks are identi�ed, they can be used tolocalize the robot [1, 10]The exploration/navigation algorithm describedabove has been implemented on our mobile robot [11],and the objective of this work as to show how ob-ject recognition could be used to solve navigation andexploration problems rather than using reconstruc-tion. The actual problem of object recognition wastrivialized by tacking targets on objects (essentiallybar codes) which are easily recognized in clutteredscenes. A more compelling alternative to arti�cial tar-gets would be to store 3D models of those objects thatthe robot is likely to encounter and employ establishedtechniques to recognize these objects. While priormodels are useful for describing the destination, suchan approach would be ine�ective during the course ofnavigation when the robot encounters unmodelled ob-jects. Instead, the robot should be able to learn aboutthe new objects that it encounters and retain modelsof those objects that are useful for the task.In this paper, we consider the problem of recogniz-ing and learning about perceptually salient objects orlandmarks from image data. Thus, a robot would nothave to be preprogrammed with CAD-like models ofimportant objects and instead would learn from whatit encounters. What the robot uses as a landmark willbe driven by the statistical distribution of objects andfeatures that it encounters in the world rather thansome prior set of preprogrammed models.The goal of identifying and later recognizing per-ceptually distinctive objects (also termed landmarks)



can be cast as the following problem: Given a set offeatures, select a subset of these features which in amonocular image is most likely to be recognized andleast likely to be confused with any other group of fea-tures. Here, we assume that landmarks are selectedfrom a set of indistinguishable viewpoint independent3D features (e.g. points or lines); that is, they cannotbe di�erentiated by local geometry, color, or texturenor can they be distinguished by adjacency informa-tion (e.g. connectivity by edges). If such informationwere available, it would naturally simplify the result-ing combinatorics and improve accuracy.We take the following approach: From a set of 3Dfeatures, a subset of the features becomes a hypothet-ical landmark model. For this set of features, a recog-nition function can be constructed which evaluates tozero for any noiseless image of these features. Apply-ing this function to actual image data, a set of featuresis taken to be an instance of the model when the func-tion evaluates to zero. Because of image noise, it willnot evaluate precisely to zero, and a range of values(presumable about zero) must be accepted. Knowingthe probability distribution of image measurements,an optimal range can be selected based on a Bayesdetector. Furthermore, the probabilities of mistak-ing some other object as a landmark (false positives)or missing a landmark (false negatives) can be com-puted. For a set of hypothetical landmarks, the onewhich minimizes the Bayes cost is selected as the mostsalient landmark and used for robot navigation.In this paper, we simplify the problem in the fol-lowing way: we assume that the mobile robot onlytravels along a horizontal ground plane, and the onlyfeatures considered are vertical lines. Taken together,the problem can be reduced to selecting landmarksfrom point features in the plane. We assume Gaussianimage noise, though other models could be employed.We also assume that the 3D features are visible fromany viewpoint within a certain distance (i.e., no oc-clusion). Taken together, these assumptions allow fortractable formulation. Future work will include meth-ods for relaxing some of these assumptions to a richerset of features, more realistic noise models, and usingrepresentations like aspect graphs to handle occlusion.2 Recognition FunctionsRecently, Weinshall introduced the notion of\model-based invariants" for object recognition [13].From a set ofm 3D features called the modelM, a realvalued recognition function I(a) can be constructedwhere a is a vector of the image measurements. Therecognition function I(a) evaluates to zero for an im-age of the modelM from any viewpoint. Thus, givenan image with n features, an algorithm for recognizingM is to choose all �nm� subsets of m features and eval-uate I(a). The subset of m features which minimizesjI(a)j is considered to be the recognized object.In this paper, we assume that the robot moves on ahorizontal ground plane and that the camera is mod-eled by perspective projection. Note that for a camerawhose optical axis is parallel to the ground plane, theimage of vertical 3D lines will also be vertical [5]. Us-ing vertical segments as features, and projecting both
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     aFigure 1: The perspective projection imaging model.the features and the image plane onto the groundplane, the problem can be modelled in two dimen-sions. The features project to points in the plane, thecamera position is given by one orientation and twotranslation parameters, and the image plane can beconsidered an image line.Given the coordinates of a point in the world framewpi = ( wxi ; wyi ), the coordinates of the point in thecamera frame are given by cpi = cwR wp i + ct , i.e.,1� cxicyi � = �cos � sin �� sin � cos �� � wxiwyi �+ � ctxcty �where cwR is a 2D rotation matrix of the world framerelative to the camera frame, and ct is the translationvector in camera frame.Assuming a camera with unit focal length, the im-age line (projection onto the ground plane of the imageplane) is located at x = 1 in the camera frame. Let aibe the image measurements of cp i, thenai = cyicxi = wyi cos � � wxi sin � + ctywxi cos � + wyi sin � + ctx : (1)As shown in Figure 1, from an image measurementai of a 2D point cpi , we know that cpi lies on aray de�ned by the optical center and the point (ai; 1).Considering the vector cm i = [ai;�1]t to be a vec-tor that is orthogonal to this ray, we can derive thefollowing constraint in the camera coordinate system:cm i � cpi = 0Expanding the above equation and expressing thecoordinates of cpi in the world frame, we can constructan equation in three variables (�; ctx ; cty ),(ai wxi � wyi ) cos �+(ai wyi + wxi ) sin �+aictx�cty = 0:(2)Since each measurement provides one constraint onthe values of (�; ctx; cty ), the three variables (�; ctx; cty )1To represent the coordinates of a vector, we follow the no-tation established by Craig [3]; the leading superscript indicatesthe frame in which the coordinates are expressed. Premultiply-ing the coordinates of a vector written in frame w by a rotationmatrix cwR yields the coordinates in frame c.



in Equation (2) can be determined using three pointsand their images. For four points, we can constructa model-based recognition function I(a), where a =(a1; a2; a3; a4) is a vector of the image measurementsin camera frame. Without loss of generality, we canlet wp1 = (0; 0) and wp2 = (1; 0) by translating,rotating and scaling the four points. The recognitionfunction is then of the form:I (a) = a12(k1 + k9a2 + k10a3 + k11a4 + k18a2a3 +k 19a2a4 + k20a3a4) + a22(k2 + k8a1 + k12a3 + k13a4+ k21a1a3 + k22a1a4 + k23a3a4) + a1(k4a3 + k5a4)+ a2(k6a3 + k7a4) + a1a2(k3 + k14a3 + k15a4)+ a3a4(k16a1 + k17a2 + k24a1a2): (3)where ki are constants determined by the world coor-dinates of the 2D points wp3 and wp4 (Due to spacelimitations, the equations for ki are omitted; they canbe found in [14]). Note that I(a) is a quartic polyno-mial in the image measurements ai. By construction,the function I(a) is independent of the coordinate sys-tem used to specify pi. Any two point sets that di�erby a similarity transformation lead to the same recog-nition function, and so they are indistinguishable un-der I(a). Two sets of points that di�er by a re
ectionwill also be indistinguishable.3 Selecting distinguishable landmarksThe goal of identifying and recognizing distinguish-able landmarks from a set of features becomes thefollowing simpli�ed 2D problem: Given a set of 2Dpoints, generate model-based recognition functions forall four-point models and select the one with the low-est Bayes cost as the most recognizable landmark. Wenow consider the selection problem.If there were no measurement noise or detector bias,every instance of a model would be correctly recog-nized; the only falsely identi�ed or missed landmarkswould arise either from objects that are equivalent tothe model up to some transformation or would occurfrom an accidental viewpoint. With image noise, thesituation is di�erent; the recognition function will nolonger evaluate to precisely zero, and so a range R ofvalues is employed. If I(a) 2 R, then a is consideredto arise from an instance of model M. Two simi-lar 3D objects are likely to be indistinguishable frommany viewpoints since their images will be similar;consequently for images of both objects, I(a) may fallwithin R. To determine the optimal R in a Bayesiansense, we �rst need to determine the probability dis-tribution resulting from application of the recognitionfunction to noisy image data over the set of viewpointsfor which the features are visible.3.1 Distribution for one viewpointFirst, let us consider the distribution of I(a) froma single viewpoint when a is corrupted by noise. Fora model M, the ideal image measurements a from aparticular viewpoint v = (tx; ty; �) can be expressedas a(M;v) as given in Equation (1). We assume thatimage measurements are corrupted by additive Gaus-sian noise, and that the noise associated with each

measurement is independent. With noise, we have~a = a(M;v) + nwhere n is a vector of m independent, zero mean,Gaussian random variables, each with variance �.The result of applying the recognition function to~a is another random variable I(~a). The probabil-ity density p(I jM;v) could be computed using I(a),a(M;v), and the known statistics of n. Because I(a)is nonlinear, I(~a) will not be zero mean and will nothave a normal distribution. However, it appears tobe problematic to compute p(I jM;v) analytically,and even if it can be found, it is cumbersome. There-fore, we will approximate the conditional density by aGaussian and retain the �rst two moments.Since the image is corrupted with independentGaussian noise, we can compute the moments of therecognition function for a speci�c viewpoint using thefact that functions of independent random variablesare also independent. See [14] for the details of thecomputation. The mean of (I jM;v) is� (~a) = EfI(~a)g = I(a) + [k1 + k2 + k8a1 + k9a2+ (k10 + k12)a3 + (k11 + k13)a4 + k18a2a3 + k19a2a4+ (k20 + k23)a3a4 + k21a1a3 + k22a1a4]�2where ki are coe�cients of I(a) given in Eq. (3).The variance of (I jM;v) is�2(~a) = E �[I(~a) � �(~a)]2	 = q1+q2�2+q3�4+q4�6+q5�8where the qi's are functions of a.3.2 Distribution for all viewpointsThe computation of section 3.1 provides the den-sity of I(~a) from only one viewpoint. Now, we canconsider the distribution of I(~a) taken over the rangeof viewpoints V from which the features are visible.Since we assumed that measurement noise n is inde-pendent and white, the probability density for modelM is: p(I jM) = Zv2V p(I jM;v)p(v)dv (4)where p(v) is the likelihood of the camera being lo-cated at viewpoint v.Since we assumed that measurement noise n is inde-pendent and white, the mean and variance of (I jM)can be computed from��(~a) = Z 1�1 ZV I p(I jM;v)p(v)dvdI = ZV �(~a) p(v)dv��2(~a) =EfI2g � ��2 = ZV(�2 + �2)p(v)dv� ��2:Thus, the average and variance of p(I jM) is deter-mined by integrating the moments (e.g. Efp(I jM)g)with respect to �; tx; and ty for all viewpoints withinthe visible area V. Supposing that the observer is



equally likely to be at any viewpoint, then p(v) =1=Rv2V dv.The visible area itself is the set of viewpoints forwhich all of the features in a model are visible. Thisset depends on camera resolution, the �eld of view ofthe camera, and possible occlusion by other surfaces inthe scene. Here, we will not be concerned with possibleocclusion by opaque objects, but will handle the othertwo issues. Because of the limited �eld of view of acamera, the model will only be visible from an intervalof orientation. Expressing the location of the cameracenter in polar coordinates (r; �) as tx = r cos� andty = r sin�, the range of camera orientations for whichall of the features are visible is a function of r, i.e., � 2(�min(r); �max(r)). To account for the �nite resolutionof the camera, we assume that all feature points arevisible for all viewpoints in the region between twocircles of radius d and R. Thus, the visible area istaken to be an annulus.Unfortunately, the mean ��(~a) and the variance��2(~a) cannot be integrated analytically, and so theyare approximated numerically by computing the �nitesum with suitably �ne sampling. Using the spatialprobability distribution p(I jM), we can now com-pute the recognition interval of the model M usingthe Bayes criterion.3.3 Computing recognition intervalsConsider what happens when I(a) is applied tonoisy images of some other set of feature points G.From I(a), G, and the known statistics of n, the den-sity function p(I j G) can be determined for observingG from all viewpoints. Thus we have the distributionof applying I(a) to the correct model M and to anincorrect set of points G. Typically the distributionof p(I jM) is nearly zero mean and has a fairly smallvariance, whereas p(I j G) is likely to have a mean thatis far from zero and a rather broad distribution. Thatis, for a mismatch, the value of I(a) is likely to be farfrom zero and to vary quite a bit with viewpoint.3.3.1 Bayes criterionThe recognition problem is to decide, based on thevalue returned by the recognition function from a sin-gle observation, whether or not a set of image featuresis identi�ed as M. We call hypothesis H0 the eventthat image measurements are the image of M andthe alternative hypothesis H1 that the features do notarise fromM. There is a probabilistic description cor-responding to each hypothesis. We know that eitherH0 or H1 is true. A criterion for making the decisionmust be selected. That is, given a recognition valueI(a), which hypothesis is most probably true? TheBayes criterion can be used to determine the optimalrange R of values of I(a) which will be accepted asimages of M.There are two kinds of errors that can be made.One is to choose H0 given H1 is true (false negative),the other one is to select H1 when H0 is true (falsepositive). Depending upon the application, the con-sequences of each type of error may not be equallyimportant, and so costs are assigned to each type of

error. Let Cij denote the cost associated with choos-ing hypothesis Hi when in fact hypothesis Hj is true.Without loss of generality, let C00 = C11 = 0 andC10 > C00 and C01 > C11. The Bayes criterion is toselect R so that the average cost will be minimized.Thus the region R where H1 is chosen is [12]:R = fI 2 IR : p(I jH1) > p(I jH0) (p(H0)p(H1) )(C10C01 )gChoosing C10 = C01 results in a region which mini-mizes the total error rate and is known as a maximuma posteriori (MAP) classi�er. We denote H1 as thehypothesis that M is present and H0 as the hypothe-sis that M is not present. Let Gj denote some modelother than M. If the only features in the scene arisefrom the hypothetical models M and Gj, thenp(H1) = p(M) and p(H0) = n�1Xj=1 p(Gj) = 1� p(M)Assuming that all features and consequently allmodels are equally probable, then we have p(M) = 1n ,p(H0) = n�1n , and p(Gj) = 1n�1 . Furthermore, theconditional probabilities for the two hypotheses arep(I jH1) = p(I jM) and p(I jH0) = n�1Xj=1 p(I j Gj)p(Gj)where Eq. (4) can be used to compute both p(I jM)and p(I j Gj). Bayes' rule can then be used to deter-mine the R that minimizes the average Bayes cost:R = fI 2 IR : p(I jM) > (C10C01 ) n�1Xj=1 p(I j Gj)gThe optimal range R may be composed of a set ofdisjoint intervals. Rather than employing all of theintervals of R, we use the single interval about themean of p(I jM). In particular we denote the interval(xl; xr) � R such that �� 2 (xl; xr) as the recognitioninterval of modelM. Since the conditional probabilitydensity functions are di�erentiable, we can use New-ton's method to solve for the limits of the recognitioninterval (xl; xr).3.4 Selecting the landmarkWe are now ready to select the most salient or easilyrecognized constellation of features as a model from agiven set of features. The n features in the set canbe grouped into l = �n4� hypothetical modelsMi withi 2 [1; : : : ; l] containing m = 4 points, and the corre-sponding recognition function Ii can be constructed.For a model Mi, all other models Mj; i 6= j canbe treated as Gj, and the recognition interval Ri ofthe model Mi can be computed . We can then com-pute the total Bayes cost CB using the error function.Given l models, there are (l � 1) mismatch models Gj



for each modelMi. Since we assume that p(I jMi) isa Gaussian distribution with mean ��i and variance ��2i ,the cost of missing the modelMi using the recognitioninterval (xl; xr) is:Fn = 1� Z xrxl p(I jMi)dIThe cost of false positives (misidentifying some-thing else as the model) isFp = C10C01 n�1Xj=1 Z xrxl p(I j Gj)dI:Both Fn and Fp can be computed using the errorfunction erfx = R x�1 1p2� e� y22 dy � 12 . The Bayes costfor using I to recognize M with interval (xl; xr) isCB = Fp +Fn:The total Bayes cost CB can be computed for eachcandidate model, and the models can be sorted accord-ing to these rates. Those models with lower averagecost are more likely to be recognized from noisy im-age data and not confused from the majority of view-points. We thus select the model with the lowest Bayescost as the most distinguishable landmark.4 Implementation and examplesThe presented approach to landmark selection hasbeen prototyped in Common Lisp, and we now con-sider an example. Fig. 2 shows an overhead draw-ing of an o�ce scene, and Figs. 3 and 4 show imagesof the scene. A subset of 12 vertical lines, indicatedin Fig. 2, were considered features and used as inputto the selection algorithm. The selection process wasapplied assuming that image measurements are cor-rupted by Gaussian noise with a standard deviationof one pixel in a 640 by 480 pixel image. To demon-strate the e�ectiveness of the selection technique, 24images of an o�ce scene were gathered from positionscovering a quarter circle at three depths. The optimallandmark with the lowest Bayes cost was selected ac-cording to the procedure in Sect. 3, and the featurescomprising this landmark are indicated by darkenedtriangles in Fig. 2. In addition, a landmark with lowBayes cost was also selected, and the recognition per-formance for both landmarks in the 24 images willbe compared. These experimental results are summa-rized in Tables 1 and 2. Finally, we also show thatadditional constraints can be imposed to reduce thematching combinatorics and improve recognition per-formance.Note that there are two kinds of errors whichcan be made, the consequence of a false negativewill often more important than a false positive sincewe do not want to miss the correct landmark. Inour implementation, the cost factor C01C10 was assignedto be close to the number of all hypothetical land-marks. For the optimal landmark, the mean value of
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+++++Figure 2: An overhead view of the o�ce scene shownin Figs. 3 and 4; the optimal landmark (drawn as tri-angles) is selected from the set of vertical lines features(drawn as darkened points).I(a) was �0:00825, and the recognition interval was(�0:01722;�0:00632). The computed average cost forthis landmark was 0:04951. Note that the worst hy-pothesized landmark had an average cost of 0:40276.We then attempted to recognize the selected land-mark in images. A one dimensional edge detector wasapplied across one row of the image to extract all of thevertical edges (between 13 and 21) crossing that line.The selection of an optimal landmark assumed that allfeatures are visible and that there are no unmodelledvertical lines in the scene. To test the performance un-der these assumptions, the same 12 vertical edges weremanually selected from the detected edges. Given 12features, 12!(12�4)! = 11; 880 groups of hypothetical land-marks can be formed. The recognition function for theoptimal model was applied to 11; 880 groups of fea-tures, and those falling within the recognition intervalwere taken as instances of landmark. There were 18false positives and 1 false negative found in the 24images. The resultant Bayes cost was 0:049 which isclose to the theoretical one. Figure 3 shows three ofthe 24 images. The four highlighted vertical edges inthe image indicate the correctly recognized landmark.Fig. 4.a shows another image with 17 detected edges.Two groups of four features were accepted as beinginstances of the landmark { only one (Fig. 4.b) is cor-rect. Note that the interrelationship of the four edgesin Figures 4.b and 4.c appears quite similar, indicat-ing why both groups would be accepted as instancesof the landmark.Since the order of the vertical lines does not changein the 24 images, an ordering constraint can be usedto reduce matching combinatorics. Given 12 features,�124 � = 495 groups of hypothetical landmarks can beformed, and the same set of features as in Figure 2had the lowest Bayes cost with the ordering constraint.The recognition function was applied to the 24 images,and the landmark was recognized in 23 out of 24 im-ages. It was recognized as the only landmark in 18 ofthose 23 images. In the other 5 images, there were 1to 4 false matches found in addition to the correct onewith a total of 11 false positives. The landmark wasmissed in only one image, and there were two false



a. invariant=-0.016947 b. invariant=-0.017228 c. invariant=-0.015875correctly and uniquely recognized. correctly and uniquely recognized. correctly and uniquely recognized.Figure 3: The optimal landmark was correctly and uniquely found in these three images.
a. detected 17 edges b. invariant=-0.012793 c. invariant=-0.013129found 2 matches correct match false matchFigure 4: Seventeen edges were detected in the image in (a), and amongst the �174 � = 2380 groups of four verticallines, the invariant function evaluated to a value within the optimal recognition interval for the two groups shownin (b) and (c). The group in (c) is a false positive.Theoretical Selected Edges All EdgesConstraints CB Fp Fn CB Nfp Nfn CB Nfp NfnNone 0.049 0.008 0.041 0.048 282 1 0.047 1346 1Ordering 0.045 0.005 0.040 0.048 11 1 0.049 57 1Ordering and Gradient 0.047 0 1 0.047 3 1Table 1: Theoretical and experimental results for an optimal landmark. The theoretical performance can becompared to the experimental performance when the input is composed of the same twelve edges used duringselection and when it includes all detected edges. The improvement gained by using additional constraints is alsodemonstrated. CB denotes the Bayes cost, Fp is the false positive cost, Fn is the false negative cost, Nfp denotesthe experimental number of false positives, and Nfn is the number of false negatives.Theoretical Selected Edges All EdgesConstraints CB Fp Fn CB Nfp Nfn CB Nfp NfnNone 0.402 0.045 0.347 0.388 1832 8 0.387 10243 8Ordering 0.384 0.031 0.353 0.391 116 8 0.387 437 8Ordering and Gradient 0.384 41 8 0.381 102 8Table 2: Experimental results for a bad landmark with high Bayes cost.



matches found in that image. In summary, the exper-imentally computed Bayes cost was 0:048.Since the sign of the gradient of the image intensityacross the four edges in the model and measured fea-tures must be consistent, this gradient constraint canbe used in the recognition process to improve perfor-mance. In the current form of the selection process, wecannot exploit this constraint, however it can be usedduring on-line recognition. With ordering and gradi-ent constraints and the recognition interval computedabove, the experimental the number of false positivematches was reduced from 11 to 0.We consider the performance when the recognitionalgorithm is applied to all detected vertical edges.Given k features, k!(k�4)! = (17160 � 143640) groupsof hypothetical landmarks can be formed. With noconstraints, the recognition function was applied to17; 160 � 143; 640 groups of features. For the opti-mal landmark, the experimental Bayes cost was 0:048for the 24 images. The process was also applied usingboth the ordering and gradient constraints, and theresults are summarized in Table 1.The same set of experiments was applied to a groupof four features which had a high Bayes cost (an or-der of magnitude larger than for the optimal land-mark). It is expected that many more mistakes arelikely. This hypothesis is experimentally validated asshown in table 2. After applying the ordering and gra-dient constraints, there were still many false positivesand false negatives for this bad landmark. The lowerBayes cost of the selected landmark resulted in manymore correct matches than for the bad landmark inall cases; that is, the selected landmark is much moredistinguishable than the bad landmark.5 DiscussionThe method described is a starting point for aBayesian approach to landmark selection. In the pro-cess, a number of assumptions and simpli�cationsweremade. Further empirical investigation is needed to de-termine the validity of this model for landmark selec-tion. There are a number of issues, improvements andextensions to this basic scheme.� Though the close match of theoretical and experi-mental recognition performance demonstrates thevalidity of the assumptions and simpli�cations,further study is required to either relax some ofthese assumptions and empirically verify the sim-pli�cations.� When hypothesizing possible landmarks, alln!(n�4)! hypothetical groups of features were con-sidered. This is an explosive number, and so prin-cipled means of reducing the number of hypothet-ical landmarks, such as the ordering constraint,must be developed. The combinatorial issue wasaddressed for the related robot localization prob-lem by Sugihara [10].� Finally, it is obvious that inclusion of additionalfeatures in the landmark (e.g. �ve or more verti-cal lines) would greatly improve recognition per-formance. The explosion in the number land-

marks becomes even more crucial, and perhapsrecognition strategies such as constrained search(interpretation trees) would be necessary.AcknowledgementsMany thanks to C.J. Taylor whose work onlandmark-based navigation started us on this path.References[1] S. Atiya and G. Hager. Real-time vision-based robotlocalization. IEEE Trans. on Robotics and Automa-tion, 9:785{800, 1993.[2] R. A. Brooks. A robust layered control system for amobile robot. IEEE Journal of Robotics and Automa-tion, 2(1):14{23, Mar. 1986.[3] J. Craig. Introduction to Robotics: Mechanics andControl. Addison-Wesley, New York, 1989.[4] A. Kosaka and A. Kak. Fast vision-guided mobilerobot navigation using model-based reasoning andprediction of uncertainties. CVGIP: Image Under-standing, 56(3):271{329, 1993.[5] D. J. Kriegman, E. Triendl, and T. O. Binford. Stereovision and navigation in buildings for mobile robots.IEEE Trans. on Robotics and Automation, 5(6):792{803, Dec. 1989.[6] K.-D. Kuhnert. Fusing dynamic vision and landmarknavigation for autonomous driving. In IEEE Int.Workshop on Intelligent Robots and Systems, pages113{119, July 1990.[7] B. Kuipers and Y. Byun. A robot exploration andmapping strategy based on a semantic hierarchy ofspatial representations. Robotics and AutonomousSystems, 8:47{63, 1981.[8] Lazanas and Latombe. Landmark-based robot navi-gation. In Proc. Am. Assoc. Art. Intell., 1992.[9] T. Levitt, D. Lawton, D. Chelberg, and P. Nelson.Qualitative navigation. In Proc. Image UnderstandingWorkshop, pages 447{465, 1987.[10] K. Sugihara. Some location problems for robot navi-gation using a single camera. Comp. Vision, Graph-ics, and Image Proces., 42:112{129, 1988.[11] C. Taylor and D. Kriegman. Vision-based mo-tion planning and exploration algorithms for mobilerobots. In K. Goldberg, D. Halperin, J. Latombe,and R. Wilson, editors, The Algorithmic Foundationsof Robotics. A. K. Peters, Boston, MA, 1995. Pro-ceedings from the workshop held in February, 1994.[12] H. L. V. Trees. Detection, Estimation, and Modula-tion Theory. John Wiley and Sons, 1968.[13] D. Weinshall. Model-based invariants in 3-D vision.Int. J. Computer Vision, 10(1):27{42, 1993.[14] E. Yeh and D. J. Kriegman. Toward selecting and rec-ognizing natural landmarks. Technical Report 9503,Yale University, 1995. Available from anonymous ftpat daneel.eng.yale.edu.


