Camera Calibration for Colour ResearchKobus Barnard and Brian FuntSFU School of Computing ScienceIn this paper we introduce a new method for determining the relationship betweensignal spectra and camera RGB which is required for many applications in colour.We work with the standard camera model, which assumes that the response islinear. Since our Sony DXC-930 CCD colour camera has a slight non-linearity, wealso discuss the implications of such a non-linearities, and report on the methodused to deal with them.The fitting procedure itself is an extension to that documented in [Bar95], whichitself was inspired by [ST93]. We find it superior to the pseudo-inverse method aswell as the Wiener method (both tested in [HSF92]), as both these methods can findsensors which are not physically possible. For example, they both can find sensorswhich have negative sensitivities. The pseudo-inverse method is especiallynotorious for finding solutions which are not smooth, since the only objective ofthe fitting method is to minimize error.The basic idea of our method is to minimize squared error subject to linearconstraints, which enforce positivity and range of the result. In [Bar95] weconstrained the smoothness; however, we have subsequently found that it is betterto add a regularization expression to the objective function to promote smoothness.With this method, smoothness and error can be traded against each other withoutbeing restricted by arbitrary bounds. Nonetheless, with our method it is easy to set amaximum possible error or minimally acceptable smoothness as additionalconstraints.The method is easily implemented as it is an example of a quadratic programmingproblem, for which there are many software solutions available. These include thefortran subroutines DLSEI and DBOCLS from the SLATEC library freely available byFTP from ftp.netlib.com, and the �qp� facility in Matlab�s optimization toolbox.In recent work Finlayson and Hordley also advocate a fitting procedure based onquadratic programming [FH98]. In that work, however, they handle smoothness by constraining the sensors to be linear combination of the first 9-15 Fourier basisfunctions. They also propose constraining the sensor response curve modality, butdoing so requires both knowing the modality, and trying all possible peak locations,as the modality constraints are expressed in terms of peak locations.We now provide some more details of both the overall camera model and thefitting procedure. Both input spectra and camera sensors are assumed to becontinuous functions of wavelength, but we use the common simplification ofrepresenting them as vectors, with consecutive components being the samples atconsecutive sampling wavelengths. In our case, we use vectors with 101components representing samples from 380 to 780 nano-meters at 4 nano-meterintervals. This choice matches the PhotoResearch PR-650 spectraradiometer used forcalibration.We model the camera as

F(ρ i ) = Ri ⋅C

, where

ρ i

is the response of the i�th sensor tothe signal C, given camera response

Ri

, and F is a function compensating for anynon-proportionality in the camera. In [VFTB97a] F is fit in a separate experimentwhere only the intensity of the input spectra is varied. This is an effective approach,but in this paper we describe an alternative which we find more convenient. Weuse a similar separate experiment to investigate the nature of F, and then fit for therelevant parameters (coefficients) in F at the same time as the fit for

Ri

. Forexample, our camera has only a slight non-proportionality which is wellapproximated by

Fi (x) = a0(i) +a1(i)e− ki (x− bi )

, where

bi

is the camera black. Thus we cansolve for

a0(i)

and

a1(i)

simultaneously with

Ri

. The additional constant

k i

cannot besolved for, but is quite stable, and is easily found by trial and error.With the above camera model, prediction of complete RGB is aperture dependent,but the prediction of chromaticity is aperture independent. Fortunately, for mostapplications, chromaticity predictions is sufficient. Some examples of applicationswhere this is the case are in [Fin95] and [FCB97]. In fact, since the overall brightnessis usually arbitrary in colour constancy, similar considerations apply to practically allcolour constancy applications.

References[Bar95]Kobus Barnard, "Computational colour constancy: taking theory intopractice," MSc thesis, Simon Fraser University, School of Computing(1995).[FCB96]Brian Funt, Vlad Cardei, and Kobus Barnard, "Learning ColorConstancy," Proceedings of the IS&T/SID Fourth Color ImagingConference: Color Science, Systems and Applications, Scottsdale,Arizona, November, pp. 58-60, 1996.[FH98]Graham Finlayson and Steven Hordley, "Recovering devicesensitivities with quadratic programming," Submitted to the IS&T/SIDSixth Color Imaging Conference: Color Science, Systems andApplications,, 1998[Fin95]G. D. Finlayson, �Color Constancy in Diagonal Chromaticity Space," InProceedings: Fifth International Conference on Computer Vision, pp218-223, (IEEE Computer Society Press, 1995).[HSF92]P. M. Hubel, D. Sherman, and J. E. Farrell, "A comparison of method ofsensor spectral sensitivity estimation," IS&T/SID 2nd. Color ImagingConference: Color Science, Systems and Applications, pp. 45-48, 1994.[ST93]G. Sharma and H. J. Trussell, "Characterization of Scanner Sensitivity,"In IS&T and SID’s Color Imaging Conference: Transforms &Transportability of Color, pp. 103-107, 1993.[VFTB97a]P. L. Vora, J. E. Farrell, J. D. Tietz, D. H. Brainard, "Digital colorcameras�1�Response models," Available fromhttp://color.psych.ucsb.edu/hyperspectral/[VFTB97b]P. L. Vora, J. E. Farrell, J. D. Tietz, D. H. Brainard, "Digital colorcameras�2�Spectral response," Available fromhttp://color.psych.ucsb.edu/hyperspectral/