Non-parametric Classification of Pixels Under Varying Outdoor Illumination Shashi D. Buluswar and Bruce A. DraperComputer Science Department University of Massachusetts, AmherstKeywords: Pixel Classification, Decision Trees, Color, Chromatic Variation, Focus ofAttention.AbstractUsing color for visual recognition outdoors hasproven to be a difficult problem, chiefly due tovarying illumination. Attempts to classify pixels orimage patches in outdoor scenes often fail, partlybecause of the paucity of the data, but partlybecause color shifts due to changes in illuminationare not well modeled as random noise.Approaches which attempt to recover the �truecolor� of objects by calculating the color of theincident light (i.e. color-constancy approaches)appear to work in constrained environments, butare not yet applicable to outdoor scenes.We present a technique that uses training images ofan object under daylight to learn the shift in colorof an object. Our method uses multivariatedecision trees for piecewise linear approximationof the region corresponding to the object’sappearance in color space. We then classify pixelsin outdoor scenes depending on whether they fallwithin this region, and group clusters of targetpixels in to regions of interest (ROIs) for a model-based RSTA system. The techniques presented aredemonstrated on a challenging task: recognizingcamouflaged vehicles in outdoor military scenes.1. IntroductionClassifying objects based on their color (and insome cases, texture) is one of the oldest and best-studied problems in computer vision and patternrecognition. In indoor settings, where lighting andother imaging conditions can be controlled,maximum-likelihood classifiers recognize objectsby modeling variations in color as Gaussian noise infeature space, and assigning every pixel (or imagepatch) the label with the highest probability.Although these systems have been around fordecades, recently Swain has rejuvenated interest inindoor color-based object classification by showingimpressive (and real-time) results using colorhistogram matching [Swain 90].Unfortunately, using color in outdoor imagery hasproven more difficult, enough so that almost allexisting military or remote-sensing classificationsystems rely on non-visual sensors (e.g. FLIR orLADAR). The main problem with (visible) colorhas been the unpredictability of an object’sreflectance in daylight; the color shift betweensunny and cloudy days (or between morning andafternoon) is simply not well modeled as Gaussiannoise in RGB. Researchers working on colorconstancy attempt to resolve this problem byreconstructing from the image the color of theincident light, and then adjusting the observedreflectances accordingly (e.g. [Forsyth 88]).Unfortunately, their techniques so-far can only beapplied in highly-constrained contexts.Using the (admittedly crude) standard models ofthe color reflectance and earlier quantitativestudies of natural lighting, we argue that theobserved reflectances of an object in outdoorscenes should trace out a smooth (sometimespiecewise-linear) surface in RGB. The bestapproach to classifying objects in outdoor images istherefore to learn this daylight reflectance surfacefor each object, and classify pixels according totheir distance from this surface. As a firstapproximation to this strategy, we use multivariatedecision trees to learn a piecewise-linearvolumetric approximation in RGB to thereflectance curve of an object, and classify pixelsaccording to whether they fall inside of outside thisvolume. The technique is applied to recognizing camouflaged vehicles in the Ft. Carson image set[Beveridge 94].2. The Standard Model of Color VariationThe most significant deterrent to the use of colorin outdoor settings has been the natural chromaticvariation in daylight, which results in a significantshift in an object’s apparent color. Our approachto this problem is to use multivariate decision trees(MDTs) [Brodley] (a type of recursive, non-parametric classifier) to learn the volume in colorspace that corresponds to the possible (observed)colors of an object under natural light. Beforeproceeding, however, we will first review thestandard color reflectance models and argue thatthis approach is reasonable given the underlyingphysics.The observed irradiance of an object in a colorimage depends on 1) the color and intensity of theincident light; 2) the reflectance properties of theobject; and 3) the camera parameters. Fortunately,standard models exist for all three phases of thisprocess. (It should be noted that we are notproposing new physics-based models, nor evenusing the most sophisticated models available. Ourintent here is simply to give a qualitativeunderstanding of the underlying physics as it relatesto MDTs.) In outdoor images, the incident light isdaylight. Extensive studies done in the 60’sconfirmed that the color of daylight varies along acharacteristic curve, called the CIE daylight curve,defined by the following equation [Judd 64]:y = 2.87 x - 3.0 x2 - 0.275Figure 1 shows the daylight curve in a chromaticitydiagram. The equation shows changes in the colorof daylight to be changes of a single variable, calledthe t e m p e r a t u r e of the daylight, which isindependent of intensity. The incident light inoutdoor images therefore lies on a surface in RGB,formed by sweeping out the CIE curve along theintensity axis.

Figure 1: The CIE daylight curve.Researchers who model the reflectance propertiesof objects generally assume a lambertian colormodel, in which the surface reflectance of anobject is strictly a function of the wavelength l ofthe incident light, given as:s(l) = e(l)¿(l)where e(l) is the intensity of the incident light atwavelength l, and ¿(l) is the object�s albedofunction giving the percent of light reflected ateach wavelength. It should be noted that this modelis highly restrictive and unrealistic for mostcircumstances. For example, it does not accountfor inter-reflectance effects, shadowing orspecularities. Nonetheless, it is the best availableworking model of color reflectance.This basic reflectance model can be made simpleror more sophisticated, depending on the purposefor which it is used. Forsyth, for example, modelsthe sensitivity of the receptors to differentwavelengths of light, and adds another term s*(l)which specifies a residual reflectance (although inpractice, he sets this term to zero). The basicproperties of the model do not changesignificantly, however, and for our purposes it willbe sufficient to model an object as reflecting afixed percentage of the incident light in each ofthe three color bands.The light reflected off an outdoor lambertianobject is therefore a function of the temperature ofthe daylight and the object�s albedo function. Topredict the intensity response in each color band

(i.e. the RGB pixel values) we also have to knowthe intensity of the daylight and the cameraparameters. Given the radiance of an object L, theobserved intensities depend on the lens diameter dand focal length f of the camera, and the imageposition of the object measured as an angle a offthe optical axis, as given by the standard irradianceequation [Horn 87]:E = L(p/4) (d/f)2 cos4aThe irradiance equation applies equally to all threecolor bands, so it does not affect the observedcolor, only its intensity. (This is anapproximation: the focal length of a lens is afunction of the wavelength l, creating an effectknown as chromatic aberration, as discussed in[Boult 92], for example. As a result, the imageirradiance equation does imply a slight color shiftas a function of image location, but for ourpurposes we will assume that chromatic aberrationis negligible.)For our purposes, we are not interested in thedetails of these three equations so much asqualitative aspects of their solutions. The CIEdaylight curve predicts that the incident light in anoutdoor scene will fall somewhere along a smooth,curved surface in RGB space. The lambertianreflectance model predicts that the object�sreflectance will be a distorted version of thissurface, where the extent and direction of thedistortion depend on the object�s albedo. Finally,the observed irradiance is the reflected light surfacescaled by the irradiance equation, assuming that thecamera parameters are fixed. If we add a smallamount of Gaussian noise, we find that theobserved reflectances should lie in a thin, smooth,curved volume in color space.3. Selecting a ClassifierIf we completely believed the standard color modeloutlined above, then we would know all the form ofthe observation function (a function oftemperature, albedo, etc.), and training amaximum-likelihood classifier would be aparameter estimation task. Unfortunately, weknow that these models are not that accurate.Inter-reflectance effects, specularities and otherunmodeled phenomena will introduce furtherdistortions into this volume. When digital CCDcameras are used, digitizer parameters, pixelsaturation effects, and non-linearities in the NTSCsignal standard will warp the volume of possibleirradiances still further. It therefore seemspremature to approach the outdoor classificationproblem as an explicit parameter estimationproblem for a known equation. Nonetheless (andwe are admittedly hand-waving here), it seemsreasonable to assume that the observed irradiancesfrom a single object under natural lighting will lie ina smooth, thin, irregularly curved volume.This assumption is by no means trivial. Work doneby several researchers (and summarized in [Novak93]) suggests that dielectric materials with specularreflections produce �T-shaped� or �dog-legged�distributions in color histograms (with no variationin lighting). Where the lambertian model predicts astraight line distribution in color space, dielectricsproduce piecewise-linear curves with two segments,one corresponding to diffuse reflection, the otherto specular. The curves are not discontinuous,however. If we assume the same effect holdsoutdoors, the observed reflectance volume shouldhave a point at which it changes direction, but itcould still be qualitatively described as a thin,irregularly shaped volume.Our approach is to assume that we do not know theexact form of the equation governing the observedirradiance of colored objects in outdoor scenes, butthat we know have qualitative description of itsshape. To recognize objects in outdoor scenes, wetherefore need to select a classification schemethat performs well on smooth, thin, irregularlycurved volume in feature space. By definition,parametric classifiers are out, since we don�t knowthe underlying equation. Instance-based classifierswere not considered, because intuitively theyshould perform poorly on thin, curved surfaces.Neural networks (i.e. feed-forward backpropagationnets) were considered and would presumablyperform well, but require large numbers of samplesfor training. Instead, we chose multivariatedecision trees (MDTs) [Brodley], which createpiecewise-linear approximations to surfaces infeature space by recursively dividing feature spacewith hyperplanes. For classes characterized bysmooth, continuous volumes in feature space,MDTs generally produce good classification results from fewer training samples than are required byneural networks.4. Multivariate Decision Trees (A QuickOverview)We use multivariate decision trees, an approachthat recursively subdivides feature space withhyperplanes. Multivariate decision trees are wellknown in the machine learning community, buthave been used less often in computer vision(although, see [Draper 94]).The basic goal of a multivariate decision tree is todivide feature space into regions such that all thetraining samples in a region have the same label.In our case, there are only two labels (camouflageand other), so the methodology is to test if all theinstances in the current region of feature spacehave the same label. If so, label the region; if not,find the hyperplane(s) that maximally separatesinstances of the two labels, divide feature spaceinto two regions using this hyperplane, and recurseon each region.The hyperplanes used to divide feature space arerepresented as linear threshold units (LTUs)[Nilsson 65, Duda 73]. Several methods exist forlearning the weights in a linear threshold unit.Brodley and Utgoff [Brodley] discuss four suchmethods: the Recursive Least Squares (RLS)algorithm [Young], the Pocket algorithm[Gallant], Thermal Training [Frean], and CART’scoefficient learning method [Breiman 84].Because we are concerned only with two-classclassification in this domain, the RLS trainingmethod is used in this paper (see [Young 84] for adescription of training LTUs for two-classclassification, and [Draper 94] for a description ofmulti-class classification using Frean�s thermaltraining rule [Frean 90])Like other non-parametric learning techniques,decision trees are susceptible to overtraining. Indecision trees, overfitting manifests itself in theform of nodes which classify noise training pixels,resulting in deteriorated overall performance. Inorder to correct for overfitting, a fully grown treecan pruned by determining the classification errorfor each non-leaf subtree, and then comparing itto the classification error resulting from replacingthe subtree with a leaf-node bearing the class labelof the majority of the training instances in theset. If the leaf-node results in better performance,the subtree is replaced by it [Breiman 84; Quinlan86; Brodley].5. Finding Camouflaged VehiclesThe color model described in sections 2 and 3suggests that multivariate decision trees should be agood technique for classifying objects in outdoorimages. To test this hypothesis, we tested MDTsability to identify military vehicles in the Ft.Carson data set [Beveridge 94]. This is obviously adifficult task: not only are these outdoor imageswith natural lighting, but the vehicles have beenintentionally camouflaged! In addition, we areclassifying pixels from only their RGB values.The motivation for attempting such a challengingtask is the need for a rapid focus of attention(FOA) mechanism for RSTA [Beveridge]. Anyclassification scheme that labels pixels based ononly their RGB values can be loaded into a 24-to-1bit lookup table, and applied in real time.Obviously, the data is so impoverished that someerrors are inevitable, but if most pixels can beaccurately classified then contiguous groupings oftarget pixels can be used as regions of interest(ROIs) for the RSTA identification and matchingalgorithms to process. The vital question iswhether pixels can be classified accurately enoughto produce �useful� ROIs.Tests were conducted on a set of 45 images fromthe Fort Carson data set. (This is essentially all theRGB images except for calibration images and afew images that are excessively dark; [Beveridge94] describes the complete data set and how it canbe obtained. The image numbers in all tables beloware in reference to Table 1, 3, 5, 7, 10 and 12 inthat report.) The objects being sought werecamouflaged military vehicles in a natural setting.There are four different army vehicles in theseimages: two armored personal carriers, a pickuptruck, and an M60 tank; all four bear slightlydifferent colors and patterns of camouflage.Quantitative evaluation of the performance of theclassifier was done at two levels: pixel and ROI. Atthe pixel level, classification accuracy is a poorevaluation criterion; since 99.6 % of the pixels are

ImageTarget PixelCount% CorrectBackgroundPixel Count% Correct0460356.5527973898.980561586.5031305999.960664484.9330738299.880776478.4030726699.920887366.3230799599.9509139746.6728289799.9810126646.4528826399.9111102265.7527730099.8912110265.6127788699.811493461.3527806199.981587058.0530175099.841777945.8328663499.821873253.0128937299.841980260.7228732299.812084663.1228723199.842179346.0328743299.932290550.3929862199.902396450.2129853299.922692450.6229936799.732898847.0629886499.7740152140.8922832599.8741137542.4727336099.9242198051.7723942499.8743171077.4923942499.9244129944.5723961199.9045134369.9123034799.7546156782.3923078799.6947116788.4325959599.9049107581.5824735599.9250156868.0527629299.895186863.4829796399.845294849.0528463299.895492368.5829573599.9060127376.7526553699.9261135479.3226746499.9262130584.2126746499.9263127356.9526759999.916675073.2026766399.976793669.7621884699.826893640.1021884699.826997365.1621898899.567087462.1321835399.477821372.3023221299.818424583.2723221299.9892102188.4420988299.99Totals46320 69.391208315799.84Table 1. Ability of Multivariate Decision Trees to separatetarget pixels (of camouflaged vehicles) from background pixelsfor the Ft. Carson images. Image numbers are with respect toTable 1, 3, 5, 7, 9, 10, and 12 in [Beveridge 94].background, a classifier that labeled nothing astarget would be highly accurate. Instead, weevaluate our system in terms of its accuracy ontarget pixels (�true positives� vs. �falsenegatives�) and its accuracy on backgroundpixels (�true negatives� vs. �false positives�).The pixel-wise performance of the MDTclassifier on the Ft. Carson images is given inTable 1, broken out by image as well as by theevaluation measures listed above. On theaverage, 69.39% of the target pixels and99.84% of the target pixels were correctlyclassified. These results shown were obtainedusing cross-validation, where the decision treewas trained on approximately half the imagesand tested on the other half. In order to trainthe decision trees, approximately 35,000sample pixel values were extracted from targetsand background from the training images.(Unfortunately, a bias was discovered in howbackground pixels were sampled for training andfor compiling Table 1, which selected againstbackground pixels on the same column as atarget. Although we do not believe this willsignificantly alter the results, the tests are beingrerun.) Figure 2 shows images 47, 04 and 66with the corresponding classified binary images;these figures show the best, average and worstresults (in terms of qualitative accuracy),respectively.Table 1 provides a measure of the multivariatedecision tree as a classifier for this domain,testing the argument about MDT�s ability tocompensate for natural chromatic variationmade in Sections 2 & 3. Another way to testthe validity of this argument is to look at thedistributions of target and background pixels inthe Ft. Carson data, and the region of color-space associated with target pixels learned byMDT. Figures 3 and 4 show the target andbackground pixels in a chromaticity diagram;Figure 5 shows the region of space learned bythe MDT, also projected onto a chromaticitydiagram. Note that large portions of the spaceare occupied by neither target not backgroundpixels, so the label associated with these parts ofcolor space is arbitrary. In this example, MDTassigns much of this space the class �target�.

A region-level evaluation, on the other hand,certifies how well MDTs perform at generatingregions of interest for a RSTA system. ROIs weregenerated from the pixel-label data by findingconnected groups of target pixels that were at leastten pixels high and wide, and that had a maximumaspect ratio (height to width or width to height) of10:1. ROIs whose bounding rectangles overlappedwere then merged. For ROIs, there are tworelevant evaluation criteria: the probability that aROI will be generated for any target, and theprobability given an ROI that it contains a target.For the Ft. Carson data, there were 116occurrences of targets in the 45 test images. TheMDT classifier produced 149 ROIs, of which 113contained targets; 3 targets were not recognized.Table 2 shows the performance of MDT atgenerating ROIs on a per-image basis.ImageTargetsTargetsFoundFalsealarms044400544006441074400843309440104421144012440144401544017440184401943220441214302244023443264402844040220412204233043330442204522146110471114911050110511115211154111601116122162220631106611467112681136911370113781108411092222Totals116113366. Future Work and ConclusionsThe experiments shown here are preliminary butvery promising. The methods described hereappear to work well on a difficult set of outdoorscenes. We are studying other functionapproximation and classification schemes such asneural networks, and are gathering extensive datain order to further test the robustness of ourapproach.

Figure 3: Target pixel distribution

Figure 4: Background pixel distribution.

Figure 5: The region of color space (projected ontoa chromaticity diagram) labeled �target� by theMDT.ReferencesBeveridge, J.R., Panda, D. and Yachik, T.,November 1993 Fort Carson RSTA DataCollection, Colorado State Univeristy Dept. ofComputer Science technical report CSS-94-118, 1994.Boult, T.E. and Wolberg, G. �CorrectingChromatic Aberrations Using Image Warping,�DARPA Image Understanding Workshop, SanDiego, CA., Jan. 1992. pp. 363-377.Breiman, L., Friedman, J.H., Olshen, R.A., andStone, C.J., Classification and RegressionTrees, Belmont, CA: Wadsworth InternationalGroup, 1984.Brodley, C.E. and Utgoff, P.E., �MultivariateDecision Trees,� Machine Learning, toappear.Draper, B.A., Brodley, C. and Utgoff, P.E., �Goal-directed Classification Using Linear MachineDecision Trees,� IEEE Pattern Analysis andMachine Intelligence, to appear.Duda, R. O. and Hart, P.E., Pattern Classificationand Scene Analysis, New York: Wiley & Sons,1973.Forsyth, D.A., Colour Constancy and itsApplications in Machine Vision, PhD thesis,University of Oxford, 1988.Frean, M. Small Nets and Short Paths: OptimizingNeural Computation, PhD thesis, University ofEdinburgh, 1990.Gallant, S.I., �Optimal Learning Discriminants,�Proceedings of the International Conferenceon Pattern Recognition (pp. 849-852), 1986.Horn, B.K.P. Robot Vision, MIT Press, Cambridge,MA., 1987Judd, D., MacAdam, D. and Wyszecki, G. �SpectralDistribution of Typical Daylight as a Functionof Correlated Color Temperature,� Journal ofthe Optical Society of America, 54(8):1031-1040, 1964Nilsson, N.J., Learning Machines, New York:McGraw Hill, 1965.Novak, C. L., and Shafer, S. A. A Method forEstimating Scene Parameters from ColorHistograms, Carnegie-Mellon University,School of Computer Science technical reportCMU-CS-93-177, 1993.Quinlan, J. R., �Induction of Decision Trees,�Machine Learning, 1:81-106, 1986.Swain, M. Color Indexing, Doctoral dissertation,University of Rochester, 1990.Young, P., Recursive Estimation and Time-SeriesAnalysis, New York: Springer-Verlag, 1984. 7