
Robot Aerobics: Four Easy Steps to a More Flexible CalibrationDaniel E. Stevenson and Margaret M. FleckDepartment of Computer ScienceUniversity of IowaIowa City, IA 52242, USAAbstractIn this paper, we present a method for calibratingintrinsic and extrinsic camera parameters. This al-gorithm can easily be modi�ed by other users to suittheir particular calibration needs, without requiring ahigh precision calibration target or complicated linearalgebra. The algorithm uses controlled motions anda single light source to simulate calibration targets inconvenient 3D locations. These convenient calibrationtargets enable us to simplify the calibration algorithmand gather dense data for lens distortion. Dense datamakes the distortion correction more accurate thantraditional low-order polynomial �ts, and allows us tocalibrate wide-angle lenses (> 70� �eld of view).1 IntroductionA wide variety of computer vision algorithms re-quire some type of camera calibration. Most appli-cations do not require high precision but, rather, a
exible, easily-understood algorithm which deliversmoderately good precision for a wide range of cam-eras and lenses. In particular, the algorithm shouldhandle wide-angle lenses because these are useful innavigation, analysis of egomotion, and photographyin con�ned spaces. (The human eye has a 180� hori-zontal �eld of view.) Finally, the method should notrequire specialized optical equipment (as in [12, 20]).Previous image-based calibration algorithms fallinto two classes. The complex target algorithms[11, 17, 18, 19] compute calibration from a target con-taining many features whose 3D con�guration is pre-cisely known. For example, Tsai [17] uses a set ofcorners on a planar target, translated using a preci-sion stage. These algorithms are fast, but they requirespecial precision targets and are \black boxes" whichthe typical user can neither understand nor modify.The moving camera algorithms calibrate cameraparameters by observing the motion of features asthe camera is moved in a known direction. All ex-isting algorithms in this class are seriously 
awed.Many [1, 3, 5, 7, 8, 9] assume there is no radial distor-

tion and, thus, cannot be used with wide-angle lenses.Some [1, 3, 4, 13] cannot calibrate extrinsic parame-ters: they are set by manual alignment, introducingunknown errors. Algorithms based on zooming [11]will not work on non-zoom lenses.Finally, previous algorithms provide only sketchyinformation about radial distortion. Only Oh andHall [13] gather dense data on the distortion func-tion. Other methods calculate one [4, 19, 20], two[17], or three [11] parameters of a polynomial approx-imation. These algorithms have been tested only onlow-distortion lenses: �eld of view less than 65� orprecision �sheye lenses [6, 13, 19]. There is no rea-son to believe the wide variety of distortion functionsfor wide-angle lenses [15] (Figure 1) can be accuratelymodeled by low-order polynomials. For example, Fig-ure 2 shows the systematic errors between two Tsai-type �fth-order (2-parameter) polynomials and mea-sured data for our 2.6mm lens (116:5� �eld of view).Previous algorithms cannot compute dense distor-tion data because they cannot choose where their fea-tures lie in the �eld of view. We propose a new mov-ing camera algorithm which dynamically positions afeature within the �eld of view, choosing locationsconvenient for calibration. This allows us to make dowith a single feature and decompose the calibrationprocess into a series of simple adjustments to individ-ual camera parameters. Both intrinsic and extrinsicparameters can be calibrated, including dense data onradial distortion and the camera's intensity response.2 Method OverviewThe standard perspective camera model is not con-venient for representing wide-angle lenses, and notcapable of representing lenses with a �eld of view� 180�. Therefore, we use a more general two-stage imaging model [2]: perspective projection ontoa sphere, followed by a radially symmetric projectiononto the image plane.The camera has �ve intrinsic parameters: the lo-cation of the principal point in the digitized image,
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Figure 1: Radial projection functions for three lensescompared to �ve idealized projection models. Eachwas normalized to have the value 30 at 30 degreesand the line y = x was subtracted.the aspect ratio relating horizontal and vertical imagedistances, the baseline response at each image locationwhen there is no incoming light, the radial projectionfunction, and the radial intensity drop-o� function.The camera is mounted on a 6 degree of freedompositioning device (a Puma 562 robot arm). Six ex-trinsic parameters relate the robot's coordinate sys-tem to that of the camera. Rx, Ry and Rz are Eulerangles giving the relative orientation of the two coor-dinate systems. The translation between the originsof the two coordinate systems is given by Tx, Ty andTz. The z-axis of the camera coordinate system is thecamera's optical axis.We assume that a cooperative user has suppliedapproximate values for the extrinsic camera param-eters and for the principal point. We expect errorsof approximately �2cm in the translational parame-ters and �5� in the orientation of the camera axes,though our algorithm can correct larger errors (Sec-tion 5). We expect the principal point to lie withinabout 30 pixels of the center of the digitized image.Throughout the calibration process, motion com-mands are issued in camera coordinates. A com-manded camera motion f is translated into a motiong of the robot's wrist as follows:
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Figure 2: Tsai-type �fth-order polynomials poorly �tthe radial projection function of our 2.6mm lens.g = M�1 � f �MM = Txyz �Rz �Ry �RxOur calibration algorithm has four steps:0: Measure the zero baseline response of the camera.A: Adjust the extrinsic parameters of the camera:Rx, Ry, Rz, Tx, Ty and Tz. This step assumesthat the input principal point is correct.B: Measure the remaining intrinsic parameters ofthe camera: aspect ratio, radial projection func-tion, and intensity drop-o�.C: Examine the radial projection function and in-tensity drop-o� for asymmetries. If the principalpoint is wrong, correct it and return to step A.The zero baseline response of the camera is measuredby taking an image in the dark with the lens capon. Our full-size CCD cameras have a constant o�-set of 30-50 units (out of the usual [0; 255] intensityrange). The miniature cameras used for mounting onthe robot arm have baseline responses that vary in anirregular way across the CCD array, with a noticeableslope. It is essential to calibrate the baseline responseif you ever intend to (explicitly or implicitly) divideone intensity value by another.The other parameters are calibrated by moving thecamera relative to a single spherical light source �xedin space, which appears as a bright dot in the cam-era image. To calibrate the intrinsic parameters of alarge camera, the roles of camera and light could bereversed: �x the camera in space and mount the lighton the end of the robot arm.3 Experimental setupThe algorithm was tested using two Toshiba 1K-M40A miniature color CCD cameras, one with aToshiba JK-L75M 7.5mm lens and one with an Elmo4mm lens (horizontal �elds of view 49� and 92�). Thecamera heads were mounted on a second-hand, 6 de-gree of freedom PUMA 562 robot arm, using about



$5 worth of brackets from the local hardware store.Our calibration code, partly LISP and partly C, runson an IBM RS/6000 320H, communicating with therobot controller via a serial port.Images are acquired using a Datacube digicolorframegrabber, which returns 505 by 470 pixel im-ages. Our calibration target is a frosted white spher-ical Christmas tree light 1.5cm in diameter, mountedon a black background. The dot is located in the im-age by �nding the center of mass of all pixels whoseintensity is above a set threshold.The weak link in this system is the robot arm. Itspositioning accuracy, though acceptable for ordinaryrobotics applications, creates small but visible errorsin camera calibration (compare [9]). We are cur-rently designing a hand-operated calibration mountfor higher-precision calibration of intrinsic parame-ters. The camera should be calibrated on a mountat least as precise as the mounts used in applications.4 Step A: Extrinsic ParametersThe extrinsic parameters are calibrated in the fol-lowing order:1: The direction of the camera z-axis: Rx and Ry2: The direction of the camera x-axis: Rz3: The location of the camera center along the x-and y-axes: Tx and Ty4: The location of the camera center along the z-axis: TzThroughout this step, we assume that the input prin-cipal point is correct.Because the lens may have considerable radial dis-tortion, extrinsic parameters must be calibrated withonly limited information about image geometry. Wecan use angles about the image center (as in [17]). Be-cause radial projection functions are monotonic andsymmetric about the principal point, we can also de-termine which of two points is further from the prin-cipal point (not used by [17]).Controlled motion of the camera is used to revealerrors in each parameter. We command a motionwhich should have a particular e�ect on the position ofthe calibration dot. The di�erence between the actualmotion of the dot and the ideal motion is measuredby an evaluation function. Gradient descent is thenused to �nd the parameter values which minimize theevaluation function.Previous calibration algorithms use gradient de-scent to �t an analytic model to a set of pre-measuredfeatures. By contrast, the gradient descent in our al-gorithm makes a new measurement of the physicalworld whenever it needs to compute the evaluation

function for new parameter settings. So the robot re-peatedly executes almost identical motions (doing its\aerobics"), searching for the best parameter values.This allows us to make e�ective use of the monotonic-ity constraint on radial projection functions.We cannot rotate the camera without knowing thelocation of the camera center. Therefore, steps A1 andA2 can use only translational motions. Conversely,since no translational motion can reveal errors in thelocation of the camera center, steps A3 and A4 mustuse motions involving rotation (and perhaps transla-tion).Step A1: Rx and Ry1: Center the dot at the principal point.2: Translate parallel to the estimated camera z-axis.3: Find the dot pixel position: (x; y)Evaluation Function: x2 + y2Discussion: Translation parallel to the actual cameraz-axis should leave the dot �xed at the principal point;translation in other directions moves it.Step A2: Rz1: Center the dot at the principal point.2: Translate parallel to the estimated camera x-axis.3: Find the dot pixel position: (x; y)Evaluation Function: y2Discussion: Translation parallel to the actual camerax-axis should move the dot along the horizontal linethrough the principal point. The evaluation functionmeasures the distance between the dot and this line.Step A3: Tx and Ty1: Center the dot at the principal point.2: Rotate around the estimated camera z-axis.3: Find the dot pixel position: (x; y)Evaluation Function: x2 + y2Discussion: Rotation about the actual camera z-axisshould keep the dot at the principal point; rotationabout other axes parallel to the z-axis moves the dotin a circle.Step A4: Tz1: Center the dot at the principal point.2: Rotate �� around the estimated camera x-axis.3: Find the �rst dot pixel position: (x1; y1)4: Rotate ��� around the estimated camera x-axis.5: Translate along the camera z-axis.6: Rotate �� around the estimated camera x-axis.7: Find the second dot pixel position: (x2; y2)Evaluation Function: (y1 � y2)2Discussion: The motion of the dot under rotationabout the actual x-axis should not depend on the dis-tance between the light and the camera. Therefore,when Tz is correct, y1 and y2 should be the same.
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Figure 3: The measured error surface of Tx and Tyhas a smooth slope and a single local minimum.Table 1: Variation in Output ValuesConstant Start Variable StartParameter # � # Range �Rx 50 0:02� 81 �20� 0:06�Ry 50 0:06� 81 �20� 0:06�Rz 50 < 0:01� 41 �20� 0:03�Tx 50 0:02mm 81 �100mm 2:32mmTy 50 0:15mm 81 �100mm 2:22mmTz 50 1:11mm 41 �100mm 3:23mmThe adjustment in Step A4 requires virtual fea-tures in particular positions relative to one anotherand relative to the camera. Our controlled motionsallow us to simulate features at any desired 3D lo-cation. Because a �xed calibration target may notcontain a suitable set of features, and because he didnot use the monotonicity of radial projection func-tions, Tsai [17] was unable to compute Tz before thefocal length and distortion parameters.5 Accuracy of Extrinsic ParametersThe implementation of Step A uses a simpli�edversion of the steepest descent algorithm. Becauseour estimated parameter values are typically close tothe �nal estimates, this algorithm usually converges inless than 10 steps and requires less than 15 minutesto calibrate all extrinsic parameters. Our measurederror surfaces have the smooth slope and single localminimum required for gradient descent, as illustratedin Figure 3.To assess sensitivity to noise, we ran the calibrationalgorithm for each parameter repeatedly, both from aconstant starting position and from a range of startingpositions. Output values vary little (Table 1) evenwhen the initial parameter estimates are as much as20� or 10cm from the correct values.6 Step B: Intrinsic ParametersStep A has established a camera coordinate systembased on to the input estimate of the principal point.

We now use motions in this coordinate system to cal-ibrate the intrinsic camera parameters: aspect ratio,radial projection function, and intensity drop-o�.Step B1: Aspect Ratio1: Center the dot at the principal point.2: Rotate �� around the camera x-axis.3: Find the �rst dot pixel position: (x1; y1)4: Rotate ��� around the camera x-axis.5: Rotate �� around the camera y-axis.6: Find the second dot pixel position: (x2; y2)Horizontal image distances are then expanded by(y1=x2).Step B2: Radial Projection FunctionWe next calibrate the radial projection function,p(�), mapping angular positions in the �eld of viewto pixel distances from the principal point.1: Center the dot at the principal point.2: Compute the angle � required to move the dotinto a corner of the image.3: Rotate in direction � by small angular steps (cur-rently 1�). At each position, record the distancebetween the dot and the principal point, stoppingwhen the dot reaches the corner of the image.It is important to rotate into the corners of the imagein order to measure p(�) for the full range of anglespresent in the image. Figure 1 shows the measuredvalues for three lenses.Previous calibration algorithms compute radial dis-tortion, i.e. the di�erence between the measured ra-dial projection function and ideal perspective pro-jection p(�) = k tan(�) (where k is a scaling con-stant). However, this representation works poorly onwide-angle lenses. Because the cos4 intensity drop-o� makes design of perspective lenses di�cult forwide �elds of view and impossible for �elds of viewabove 140�, many wide-angle lenses are designed with\�sheye" projection functions: k sin(�), k(�), andk sin(�2 ) [10, 14] (Figure 1). Stereographic projection(k tan(�2 )), which has convenient geometric proper-ties, approximates the �sheye projections [2].Direct representation of the radial projection func-tion o�ers several advantages for wide-angle lenses.The projection function values are always relativelysmall, whereas the distortion between a �sheye lensand perspective projection becomes in�nite as the�eld of view approaches 180�. The radial projectionfunction can describe lenses with �eld of view � 180�[10]. There is no need for a separate focal length pa-rameter. Finally, a table lookup algorithm can beused to undistort a camera image into any of the idealprojection models.



Step B3: Intensity Drop-o�In an ideal perspective lens, the apparent bright-ness of an object decreases by approximately cos4(�),where � is the angular distance from the optical axis[10]. Because much of the drop-o� is due to variationin how many pixels represent each solid angle, this ef-fect is greatly reduced or eliminated in �sheye lenses[10]. Our algorithm measures the e�ect as follows:1: Center the dot at the principal point.2: Compute the angle � required to move the dotinto a corner of the image.3: Rotate in direction � by small angular steps (cur-rently 1�). At each position, record the inte-grated intensity of the dot, stopping when thedot reaches the corner of the image.The integrated intensity is the sum of the intensityvalues at all pixels contained in the dot, minus thecorresponding values in zero baseline image. Imagescan be corrected to remove intensity drop-o� usingthese integrated intensities, together with the changesin the dot's size (which can be computed from theradial projection function).7 Step C: Look for AsymmetriesThe extrinsic and intrinsic camera parameters werecalibrated using an estimate of the principal pointwhich may or may not have been accurate. Therecould also be tangential distortion, the lens mightbe tilted relative to the image plane, the componentswithin the lens might not be aligned with one another,and/or the radial distortion might not be symmetricalabout the optical axis. All of these defects, if present,create asymmetries in the radial projection functionand/or the intensity drop-o�. Following previous au-thors, we assume that most or all observed errors aredue to a displaced principal point.No calibration algorithm can detect errors in thesealignment parameters unless they induce asymmetrieswhich are larger than those created by robot position-ing errors, uneven CCD response, and the like. To de-tect asymmetries, we repeat calibration steps B2 andB3, rotating the camera in eight directions (left, right,up, down, and four diagonals). Ideally, data from alleight directions should be identical: any di�erencesindicate errors in alignment parameters.In some lenses (e.g. [20]), the drop-o� in inten-sity response towards the edges of the image is largeenough that it could be used to detect a mis-placedprincipal point. Because our lenses are closer to �sh-eye projection than perspective, intensities vary lit-tle across our images. The function is so 
at that itwould be di�cult to locate the peak accurately evenwith high-precision measurement of intensity values.
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in a consistent way (e.g. parallel to the camera body)it will measure an image position with high repeata-bility but that position is not necessarily the principalpoint.While we are obtaining radial distortion data ina given direction, we monitor the dot's angular po-sition about the principal point. Variations in thisangle indicate tangential camera distortion and/or in-accuracy in the commanded camera motions. For ourmount, this typically indicates that the robot arm isapproaching a singularity.8 ConclusionsBy using the full power of controlled motion alongwith a single light source we can simulate calibrationfeatures at any desired 3D location. This allowed us todesign a camera calibration algorithm which is verygeneral (usable even on wide-angle lenses) and easyto understand. These simulated calibration featuresalso allow us to densely measure intensity drop-o�and measure the radial projection function more ac-curately the traditional low-order polynomial models.The algorithm can be adapted (by a non-expert) foruse on a variety of controllable mounts. Its precisionis limited primarily by the precision of the mount. Ona high-precision mount (e.g. a set of optical stages),it could produce very high-precision measurements ofintrinsic camera parameters. Even on a robot armwhose positioning is de�nitely suspect, it produces re-sults precise enough for most vision applications. See[16] for additional details.AcknowledgmentsWe would like to thank Terry Boult, Michael Cov-ington, Brian Madden, Howard Mora�, Steve Os-borne, and Mike Wall.References[1] Basu, Anup (1993) \Active Calibration: AlternativeStrategy and Analysis," IEEE CVPR 1993, 495{500.[2] Margaret M. Fleck (1995) \Perspective Projection:the Wrong Imaging Model," TR 95-01, Comp. Sci.,U. Iowa,[3] Dron, Lisa (1993) \Dynamic Camera Self-Calibrationfrom Controlled Motion Sequences," IEEE CVPR1993, 501{506.[4] Du, Fenglei and Michael Brady (1993) \Self-Calibration of the Intrinsic Parameters of Camerasfor Active Vision Systems," IEEE CVPR 1993, 477{482.[5] Faugeras, Olivier (1992) \Camera Self-Calibration:Theory and Experiment," European Conf. Comp. Vi-sion 1992, 321{334.
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