1Watson, A. B. & Fitzhugh, A. E. (1989). Modelling character legibility. Society for InformationDisplay Digest of Technical Papers 20, 360-363.MODELLING CHARACTER LEGIBILITYAndrew B. WatsonNASA Ames Research Center, Moffett Field, CAbeau@vision.arc.nasa.govAndrew E. FitzhughHewlett-Packard Co., Pal Alto, CAIntroductionThe process by which humans distinguishvisually between letters of the alphabet is amatter of considerable theoretical and practicalinterest. On the theoretical side, it is a classicalproblem in psychology, and has served as a testcase for numerous theories of feature analysis andpattern recognition. On the practical side, it isrelevant to the effective design of any textualdisplay. Furthermore, principles discovered inthe study of letter recognition may generalize tothe perception of other types of displayedinformation.In the psychological literature, a number oftheories of letter discrimination have beenproposed. These may be roughly divided intothose that are feature-based, and those that areimage-based. The former predict lettersimilarity based on the sharing of particularfeatures, such as vertical lines, concave rightcurves, etc 1. A defect of these models is that theydo not specify the process by which the letterimage is transformed into features. Consequentlythey are of little use in font design.The image-based models predict similaritybased on some measure of the luminance images ofthe letters, such as their overlap2, or the overlapof their Fourier spectra3, 4. A defect of thesemodels is that they have not been wellmotivated by basic principles of patternrecognition. A general problem with existingfeature and image-based models is that they donot work very well5.Our goal was to construct a model of letterrecognition that remedied these flaws. First, wesought an image-based model that could beapplied to font design. Second, we sought a�principled� model, that is, one which assumedthat the human observer employed a sensible andefficient recognition process. Finally, we sought a�minimal� model that incorporated onlyprocesses that could not be avoided. In this waywe can test whether this simplest model isadequate, or whether other more complexprocesses must be considered.There are many possible measures oflegibility, including reading rates, letterdiscrimination, and letter recognition. We chose arecognition procedure in which we collected letterconfusion matrices for low contrast letters of onefont. Matrices could then be compared to thosegenerated by the model.

ModelBefore we enter into a detailed descriptionof our model it is useful to note how it differs frommost prior models. First, rather than operating onsome abstract features ours operates directly onthe intensity image. This has the advantage of

2obviating the difficult step of converting theimage to features, and also tests whether such aconversion is necessary to understand letterdiscrimination. Second, rather than adoptingsome arbitrary recognition strategy, we adopt anideal observer as the basic mechanism. This is aninstance of the minimalist principle enunciatedabove, since the ideal observer is the only modelwhich uses all available information and whichtherefore assumes no arbitrary losses ofinformation6.

ComponentsThe overall structure of the model ispictured in Figure 1. The components are a spatialfilter, a noise source, spatial position uncertainty,and an ideal observer.

FilterPositionUncertaintyIdealObserverNoise

"A"A

Figure 1. Letter recognition model.The spatial filter represents the limitedresolution of the visual system. We havemodeled this filter as a Gaussian, with a scaleparameter s controlling the amount of blur

expp x/s2

1In the frequency domain, this is a Gaussian witha scale of 1/s, and a half-amplitude half-widthof 0.47/s. Figure 2 shows this filter, with a scalesof 1.25, 2.5, and 5 pixels, superimposed on contrastsensitivity data collected in our lab 7. The best fitis a scale of 2.5 pixels.100101.1

010203040

Spatial Frequency (cycles/deg)

Contrast Sensitivity (dB)5.02.51.25Figure 2. Contrast sensitivities and three spatialfilters.The noise element represents noise in boththe signal and in the neurons in the early visualsystem. We model it by a spatially uncorrelatedGaussian process. By varying the standarddeviation of the noise we can control the overallperformance of the model.The ideal observer maintains a memoryimage (template) of each possible letter, as itwould appear after blurring. It examines theblurred, noisy sample image, and computes whichletter is most probable8. However, because theideal observer does not know exactly where thetest image was, because of eye movements and thelike, it must consider multiple templates for eachletter, each consisting of the same templateshifted by differing amounts horizontally orvertically. Each possible shift has a certainprobability, which may be representedcollectively by a prior density function. Werepresent this uncertainty function p(x,y) as aGaussian density with a particular scale. A largescale means high uncertainty, a small scalemeans little uncertainty. We considered scales of0, 1, 4, and ¥ pixels. The last value corresponds toa uniform probability over the 32x32 pixel image.The final output of the model is a lettername. Data are collected from the model byrepeated Monte Carlo trials, and compared to

3results from human observers. Note that thehuman and model observers are presented withthe identical letter stimuli.

ComputationsLet the letter presented be indexed by s, andthe candidate letter by k. Then the signalreceived is given by ms + n, where ms is the actualletter image and n is a noise image. For eachcandidate letter image mk, we evaluate thediscriminant function

dk,s = �x

p exp

1s2 ms + n ~ mk

- 12

mk2 �y

2where p is the uncertainty function, s is the noisestandard deviation, ~ indicates discretecorrelation, and

mk is the norm of the candidateimage. This function is monotonic with theposterior probability that candidate k waspresented, given a signal ms + n, such as would beproduced by the sample letter image ms. Themodel observer selects the candidate letter k forwhich this discriminant is largest.

General MethodsSome of our methods are common to bothsimulations and human experiments, and they aredescribed here. We used a font (gacha.r.7) drawnfrom the font library on a SUN workstation (Fig.3). Only upper case letters were used, withnegative contrast. Each character was defined ona raster of 5 pixels wide by 9 pixels tall. At theviewing distance of 114 cm this corresponds to 7.5by 13.5 min arc. This was centered in a raster of 32by 32 pixels to prevent wrap-around duringdigital filtering.Figure 3. Three letters from the font gacha.r.7used in the experiments and simulations.Data were collected in two phases. InExperiment 1 we determined a font recognitioncontrast threshold. This is the letter luminancecontrast threshold that yields approximately82% correct identifications. The threshold wasdetermined by means of the QUEST adaptivestaircase procedure 9. On each trial a letter wasrandomly selected (with replacement) andpresented to the observer, either real orsimulated. The observer reported the apparentidentity of the letter. A psychometric function forthe complete alphabet was maintained,describing the probability of recognition as afunction of contrast, independent of letter. Aftereach trial these data were fit with a Weibullfunction, and the next trial was placed at the 82%point of this function. At the conclusion of theexperiment, threshold is estimated as the 82%point of the best fitting Weibull curve 10. Figure 4shows typical simulation results from Experiment1.

00.51050010001715131197531-2-5

% CorrectNoise (-dB)

Number of TrialsFigure 4. Simulated results from Experiment 1.

4Circles are data, heavy line is the best fittingWeibull function, light lines are confidencelimits, and bars are numbers of trials.Experiment 2 is the collection of a confusionmatrix. Contrast was set 1 dB below the fontrecognition contrast threshold. This contrast waschosen to permit generation of a useful confusionmatrix, which requires a substantial number ofwrong answers. With contrast fixed at this value,the complete set of letters was presented a numberof times in random order. The number of eachletter response to each letter presented wasrecorded.

Simulation MethodsSimulations were carried out on a SUNworkstation augmented with an array processor.The blur filtering, and calculation of posteriorprobabilities were done in the frequency domain.In Experiment 1, 2600 trials were used. InExperiment 2, each confusion matrix contained26000 trials (1000 trials/letter).We simulated filter scales of 0, 1.25, 2.5,and 5 pixels. For a viewing distance of 114 cm,these correspond to frequency half-widths of ¥,15.02, 7.51, 3.75 cycles/degree. The uncertaintyfunction was simulated by a Gaussian with scalesof 0, 1, 4, and ¥ pixels. The simulation proceeds ata rate of about 1.5 second/trial, or about 11 hoursfor a complete confusion matrix of 1000trials/letter.

Psychophysical MethodsLetters were stored in an Adage RDS-3000framebuffer and displayed on a monochromemonitor with a resolution of 20 pixels/cm.Viewing distance was 114 cm, providing aneffective resolution of 40 pixels/degree. Letterswere displayed with negative contrast on abackground of 100 cd/m2. Display was viewedbinocularly with natural pupils. A small (onepixel) fixation point was provided betweentrials.Frame rate of the display was 60 Hz, non-interlaced. The contrast during each presentationfollowed a Gaussian time course with a scale of 87msec and a total duration of 200 msec. Calibrationand other procedures are described elsewhere11.Responses were collected verbally andtyped in by the experimenter. Feedback wasprovided in Experiment 1, but not in Experiment 2.Four observers served in both experiments. Allwere male between 17 and 33 years of age withcorrected acuity.

Results and Data Analysis

Experiment 1Letter recognition contrast thresholds forfour observers were -15.79, -13.73, -14.61, -15.54dB (average = 14.91, sd = 0.94). This meancorresponds to about 18% contrast. Each thresholdwas estimated from 128 trials.

Experiment 2Confusion matrices with 60 trials/letterwere collected from the same four observers usedin Experiment 1. Overall percent correct for thefour observers were: aef, 75.8; abw, 80.8; abp, 64.7;ejl, 78.3. The average matrix is shown ingreyscale in Figure 5. Expressed relative totrials/letter, off diagonal values range from zeroto 27%.

5

ABCDEFGHIJKLOMNOPQRSTUVWXYZ

Letter ReportedLetter PresentedABCDEFGHIJKLOMNOPQRSTUVWXYZFigure 5. Average confusion matrix for fourobservers.A simple comparison that can be madebetween empirical and simulated confusionmatrices is the correlation. However it has beenpointed out that this exaggerates the agreementsince it tends to be dominated by the fact thatboth matrices have a large main diagonal(correct responses) 5. Accordingly we considerseparately the correlations between the maindiagonals and the off-diagonals of the twomatrices.As a standard of comparison, we firstgenerated a predicted confusion matrix using the�physical overlap� method described byTownsend 2. This consists of counting the �on�pixels common to two letters when superimposed,and assigning matrix probabilities in proportionto this count. We used this as a standard becauseit appears to have produced the best publishedperformance. The off-diagonal correlation was0.49, and the on-diagonal was 0.12.The correlations for our model with variousparameters are shown in Table 1. For the filterspread of 2.5 pixels and the prior density of 1pixel, the on- and off-diagonal correlations are0.67 and 0.72. These are much higher than thoseof the overlap model. The correlation issomewhat sensitive to filter scale, but lesssensitive to uncertainty scale.FilterUn-certaintyOnOffOff,Unbiased000.240.62010.250.620.65040.160.550¥0.130.511.2501.2510.390.670.741.2540.320.651.25¥2.500.670.710.812.510.670.720.862.540.650.720.842.5¥0.650.710.8650510.630.530.62545¥overlapmodel0.120.490.54Table 1. Correlations between empirical andmodel confusion matrices.

BiasAlthough the correlations produced by themodel are substantially better than those in theliterature and than the overlap model,considerable variance remains unaccounted for.One probable source for this variance is bias. Thismay be seen in Fig. 6 which shows the frequencywith which each letter was reported by each ofthe four observers. Since each of the letters waspresented equally often, this is a rough indicatorof bias.

6ABCDEFGHIJKLMNOPQRSTUVWXYZ

0123

aefabwabpejl

Response RatioFigure 6. Ratio of response totals to presentationtotals for each letter.To determine how well our model accountsfor the underlying similarity structure wetransformed the matrix in a manner that removesbias 2, 12. The off-diagonal correlations thatresult are shown in the last column of Table 1.With the best fitting parameter values (filterscale = 2.5, uncertainty scale = 1 or infinite), acorrelation of 0.86 is obtained.

ConclusionsWe have shown that a very simple modelof letter recognition is capable of generatingconfusion matrices that correlate well withempirical matrices. After bias has been removed,little variance remains unaccounted for. Thissuggests that little additional predictive powerwill be gained by making the model morecomplex.We must acknowledge that theseconclusions apply only to the particularconditions we explored. It will be important togeneralize these results to other letter sizes,fonts, conditions of presentation, and measures ofperformance. Indeed, a demonstration that suchpredictions could be made, without change inmodel parameters (noise level, filter scale,uncertainty scale) would greatly increase thevalue of the model.One purpose of this study is thedevelopment of a robust, easily-calculated metricfor the legibility of letters and fonts. Whenpredictions depend upon Monte Carlo simulation,such a metric is difficult to specify. Thesesimulations are necessary because positionuncertainty complicates the discriminant functionin such a way that a closed form solution isunavailable. However, the results in Table 1show that uncertainty scale has only a modesteffect on the quality of predictions. Consequentlyit may prove possible to use the zero-uncertaintyclosed-form solution as an approximation, and asthe basis of a legibility metric.

AcknowledgementsBrief reports of this work have appearedelsewhere13.

References1.L.H. Geyer and C.G. DeWald,"Feature listsand confusion matrices," Perception andPsychophysics, 14(3), 471-482 (1973).2.J.T. Townsend,"Theoretical analysis of analphabetic confusion matrix," Perception andPsychophysics, 9(1A), 40-50 (1971).3.S. Coffin,"Spatial frequency analysis ofblock letters does not predict experimentalconfusions," Perception and Psychophysics, 23(1),69-74 (1978).4.M.J. Gervais, J. Lewis O. Harvey and J.O.Roberts,"Identification confusions among lettersof the alphabet," J. of Exp. Psychology, 10(5),655-666 (1984).5.R.S. leBlanc and J.G. Muise,"Alphabeticconfusion: a clarification," Perception andPsychophysics, 37, 588-591 (1985).6.A.B. Watson,"The ideal observer as a

7modeling tool," In

Frontiers of visual science:

Proceedings of the 1985 Symposium (pp. 32-37).Washington D.C.: National Academy Press(1987).7.A.B. Watson,"On the estimation of localscale," Journal of the Optical Society of AmericaA, 4, 1579-1582 (1987).8.R.O. Duda and P.E. Hart,

Pattern classification and scene analysis, John Wiley,New York (1973).9.A.B. Watson and D.G. Pelli,"QUEST: ABayesian adaptive psychometric method,"Perception and Psychophysics, 33(2), 113-120(1983).10.A.B. Watson,"Probability summation overtime," Vision Research, 19 , 515-522 (1979 ).11.A.B. Watson, K.R.K. Nielsen, A. Poirson,A. Fitzhugh, A. Bilson, K. Ngugen and J. A. J.Ahumada,"Use of a raster framebuffer in visionresearch," Behavioral Research Methods,Instruments, & Computers, 18(6), 587-594 (1986).12.R.D. Luce,"Detection and recognition,"(1963). In R. D. Luce, R. R. Bush, & E. Galanter(Ed.),

Handbook of Mathematical Psychology,New York: Wiley.13.A.B. Watson and A.E. Fitzhugh,"A newlook at letter recognition," Perception, 15(1), A31(1986).