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Characterization of trichromatic color cameras by
using a new multispectral imaging technique
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We investigate methods for the recovery of reflectance spectra from the responses of trichromatic camera sys-
tems and the application of these methods to the problem of camera characterization. The recovery of reflec-
tance from colorimetric data is an ill-posed problem, and a unique solution requires additional constraints. We
introduce a novel method for reflectance recovery that finds the smoothest spectrum consistent with both the
colorimetric data and a linear model of reflectance. Four multispectral methods were tested using data from a
real trichromatic camera system. The new method gave the lowest maximum colorimetric error in terms of
camera characterization with test data that were independent of the training data. However, the average colo-
rimetric performances of the four multispectral methods were statistically indistinguishable from each other
but were significantly worse than conventional methods for camera characterization such as polynomial
transforms. © 2005 Optical Society of America
OCIS codes: 330.1690, 330.1730, 120.5700, 110.6980.
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. INTRODUCTION
common approach to obtain device-independent color

nformation from digital cameras is to characterize the
evice in terms of CIE tristimulus values.1–7 Theoreti-
ally, the spectral sensitivities of a color-imaging system
hould satisfy the Luther condition by which they are a
inear transformation of the CIE color-matching
unctions.8 However, since the spectral sensitivities of
ost commercial color cameras do not satisfy the Luther

ondition owing to limitations of the manufacturing pro-
ess, device metamerism may occur. Thus two spectrally
ifferent surfaces imaged under the same illumination
ay give rise to identical camera RGB responses (and

dentical XYZ values when the RGB values are trans-
ormed with a characterization model) and yet may not be

visual match when viewed in that illumination. Such
evice metamerism may seriously limit the colorimetric
pplications of characterized camera systems. In addi-
ion, the CIE tristimulus values obtained from the cam-
ra characterization are illuminant dependent.

In a multispectral imaging system the aim is to recover
he spectral information of the samples being imaged.9–12

uch an approach, if successful, would effectively convert
he camera into an imaging spectrophotometer and would
ltimately permit the measurement of device- and

lluminant-independent images. Multispectral imaging is
ossible because the spectral properties of most surfaces
re relatively smooth functions of wavelength.13 If the
eflectance spectra of surfaces were less constrained,
1084-7529/05/071231-10/$15.00 © 2
hen it would not be possible to recover them complete-
y (or even approximately to any reasonable degree)
rom the responses of a relatively small number of
hannels.

Recently some researchers have suggested that multi-
pectral imaging, or spectral techniques more generally,
ay be useful for the characterization of imaging devices

uch as cameras and scanners.5,14,15 A possible device-
haracterization method is to try to recover the spectral
roperties of the surfaces in the scene from the camera re-
ponses and then compute the tristimulus values from
he estimated reflectances.5 This paper addresses the
uestion of whether such spectral-based characterization
ethods can outperform conventional characterization
ethods. The approach taken is to capture the camera re-

ponses of a number of surfaces for which the spectral re-
ectance values (and the tristimulus values) are known
nd to compute estimated tristimulus values from spec-
ral data derived from the camera responses to these sur-
aces by using multispectral techniques.

In this study three previously published multispectral
echniques are considered and their effectiveness for cam-
ra characterization evaluated. A new technique for re-
overing spectral information is introduced and compared
ith the existing techniques. The colorimetric accuracy of

he multispectral techniques are compared with some
reviously published performance data by using conven-
ional characterization techniques based on the same
amera and samples.16
005 Optical Society of America
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. REFLECTANCE-RECOVERY METHODS
ome basic nomenclature is first introduced before the
eflectance-recovery methods are described in detail.
any multispectral-imaging techniques exploit the inher-

nt smoothness of reflectance spectra with the use of low-
imensional linear models.9 Thus a reflectance Psld
ampled at equal intervals of wavelength l may be ap-
roximated by a weighted sum of m basis functions Bisld
ith iP1… .m so that (in matrix notation)

P = BW, s1d

here, if we assume that spectral properties are sampled
t 31 wavelength intervals, P is a 313n matrix of reflec-
ance values that represent n reflectance spectra, W is a

3n matrix of weights, and B is a 313m matrix of basis
unctions so that column i contains the ith basis function

isld. Column j of the matrix W contains m scalars that
rovide an efficient representation of the jth reflectance
pectrum.

. Maloney–Wandell Method
he method proposed by Maloney and Wandell17 assumes
linear camera model represented by Eq. (2),

C = MTP, s2d

here C is a 33n matrix of camera responses and M is a
133 matrix that contains wavelength-by-wavelength
roduct of the spectral sensitivity of the camera and the
pectral power distribution of the light source. If the
inear-model representation of reflectance [Eq. (1) is sub-
tituted into Eq. (2)], then

C = LW, s3d

here the 33m matrix L represents the product MTB
nd MT represents the transpose of M. The surface-
eflectance factors may be recovered by manipulating Eq.
3) to yield

W = L+C, s4d

here L+ denotes the pseudoinverse of the matrix L that
s known if the spectral sensitivities of the camera’s chan-
els, the spectral power of the illuminant, and the spec-
ral properties of the basis functions are all known. Once
he weight matrix W is computed [from Eq. (4)], it is then
rivial to compute the reflectance from Eq. (1).

. Imai–Berns Method
mai and Berns developed a method for reflectance recov-
ry based directly on Eq. (3) in which the system matrix L
s empirically determined by a least-squares analysis.18

or the Maloney–Wandell method it is necessary to deter-
ine the space of basis functions in which the reflectance

pectra will be represented, to measure the spectral
ower distribution of the light source, and to determine
he spectral sensitivities of the imaging system. The
mai–Berns method, however, requires only the first of
hese steps: the determination of the basis functions. The
alue of L is then found directly by optimization.

Equation (3) may be manipulated to yield an expres-
ion to compute L thus,
L = CW+, s5d

here W+ denotes the pseudoinverse of the matrix W.
nce L is determined, Eqs. (1) and (4) may be used to re-

over the reflectance from the camera responses.

. Shi–Healey Method
he Maloney–Wandell and Imai–Berns methods each use
linear model of reflectance to constrain the possible so-

utions to the problem of finding a reflectance spectrum
iven a set of camera responses. Low-dimensional linear
odels of reflectance are usually used with these methods

o that the dimensionality of the reflectance model is less
han or equal to the number of camera channels.11,18

ince this study is concerned with trichromatic imaging
ystems, the number of basis functions should be three or
ess in the Maloney–Wandell and Imai–Berns methods.
lternative ways to constrain the solution have been pro-
osed that may be better suited to the use of higher-than-
hree-dimensional models of reflectance. For example, in
he method proposed by Shi and Healey,15 Eq. (1) may be
xpanded to give

P = B1W1 + B2W2, s6d

here B1 contains the first three basis functions (assum-
ng three channels in the camera), B2 contains the re-

aining basis functions, and W1 and W2 are the respec-
ive weight vectors for the matrix of reflectance spectra P.
quation (6) can be substituted into Eq. (2) to give

C = MTB1W1 + MTB2W2. s7d

Left multiplying both sides of Eq. (7) by sMTB1d−1 and
earranging produces an equation that expresses W1 in
erms of W2 thus:

W1 = sMTB1d−1C − sMTB1d−1MTB2W2. s8d

We can now substitute Eq. (8) into Eq. (6) to give

P = B1ssMTB1d−1C − sMTB1d−1MTB2W2d + B2W2, s9d

hich shows that the constraint provided by the 33n ma-
rix C reduces the number of degrees of freedom for P to

−3. By varying the m−3 degrees of freedom in W2, Shi
nd Healey find a set of reflectance spectra P that are
onsistent with the sensor responses C and the linear
odel of reflectance.
In Eq. (9) all of the components are known except for

he vector W2. We can rearrange Eq. (9) to produce Eq.
10),

P = B1sMTB1d−1C + sB2 − B1sMTB1d−1MTB2dW2,

s10d

rom which it is now clear that we have an expression for
in the form AW2+B where B=B1sMTB1d−1C and A

sB2−B1sMTB1d−1MTB2d, and W2 is the unknown. This
orm of equation can be solved with use of various con-
traints.

For simplicity, if we consider the solution of Eq. (10) for
he 331 camera response c to a single reflectance spec-
rum, the solution proposed by Shi and Healey can be ex-
ressed as finding the 3131 vector p that is as close as
ossible to a 3131 reflectance vector v from a predeter-
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ined characterization set of spectra.15 In other words, a
olution is found that is close to one of the spectra from
he characterization set. In this case ip−vi2 is minimized,
r for the case of multiple spectra, iAW2+ sB−Vdi2 is
inimized.

. Li–Luo Method
i and Luo19 described a method of spectral recovery that
as motivated by earlier work by van Trigt.20,21 In this
ethod van Trigt’s smoothness condition, to find a single
ember of a metamer set22 that satisfies a colorimetric

onstraint, was replaced by the square of two-norm of a
ector. In a new method, which we term the Li–Luo
ethod, the smoothness constraint has been used as an

lternative way to solve Eq. (10). Thus the Li–Luo
ethod uses the constraint that p must be smooth by
inimizing iQpi2, where Q is an operator that calculates

he gradient of p at each point. Thus for a set of spectra,
Q„AW2+B…i2 is minimized. Constrained linear optimiza-
ion is used to enforce the constraint 1ùpù0.

. EXPERIMENT
n experiment was conducted to evaluate the perfor-
ance of four multispectral methods for camera charac-

erization. The four methods are described in Section 2
nd are referred to as the Maloney–Wandell, Imai–Berns,
hi–Healey, and Li–Luo methods.
An Agfa digital StudioCam camera, a three-chip CCD

evice with 8-bit resolution for each channel and 4500
3648 pixel spatial resolution, was used in this study.
uring the experiment the automatic white-balance set-

ing of the camera was disabled. Three imaging targets,
he Macbeth ColorChecker and ColorChecker DC charts
nd 50 color samples selected from the Natural Color Sys-
em (NCS) were used for characterization. The spectral
eflectance factors of the patches on each of the charts
ere measured by using an X-Rite 938 spectrodensitom-

ter.

. Measurement of Light Source
Minolta CS1000 spectroradiometer was used for the

easurement of the spectral power distribution of
he lighting system (with nominal output corresponding
o CIE illuminant D50), which consisted of two fluores-
ent tubes arranged approximately in a 45/0
llumination/viewing geometry. The spectroradiometer
ave spectral information between 380 and 780 nm at
-nm intervals, and a subsampling procedure was per-
ormed to convert the spectral data into 31 equally spaced
amples between 400 and 700 nm. This allowed the cal-
ulation of CIE tristimulus values for the samples under
he exact lighting conditions of the camera. The CIE chro-
aticity coordinates of the light source were 0.3559 and

.3629 for the 1964 (10-deg) CIE observer.

. Linearization and Spatial Correction
uring the experiment the camera and lighting positions
ere fixed, and the RGB values of the Macbeth Col-

rChecker DC achromatic samples were measured with
ach in the center of the camera’s field of view. Each patch
enerated an image region of about 18318 pixels, but the
alues of a central subregion s11311 pixelsd were aver-
ged to generate the mean RGB values for that patch. For
he achromatic samples there was little variation in the
GB values within the 11311 subregions (the standard
rror of the mean was never greater than 0.22 RGB unit,
nd even for the darkest samples the standard deviation
as less than 1%).
The camera RGB responses were measured for the ach-

omatic samples from the Macbeth ColorChecker DC
hart, an NCS uniform white paper, and the dark condi-
ion (with the camera lens cap in place) to allow a correc-
ion for any nonlinearity of the response of the camera
thus the raw camera responses were converted to values
hat were linearly related to the camera input). For each
amera channel, a second-order polynomial was used to
t the relationship between the raw camera responses

normalized in the range 0–1) and the luminance reflec-
ance factors (also normalized in the range 0–1) for the
chromatic patches. The luminance reflectance factors sYd
ere computed for each sample under the actual light

ource that was used to illuminate the samples during
maging. (Strictly speaking, the linearization should be
arried with respect to the inputs to the channels,—
btained from the spectral reflectance factors of the
ample, the spectral power distribution of the illumina-
ion, and the spectral sensitivities of the channels—
ather than with respect to the normalized Y values.23

owever, the errors that result from using the luminous
fficiency function as an estimate of the channel re-
ponses are negligible, given that the spectral reflectance
actors of the achromatic samples on which the lineariza-
ion is based are almost wavelength invariant.24)

The three plots on the left-hand side of Fig. 1 show the
ormalized raw R (upper plot), G (middle plot), and B

lower plot) values for the gray samples plotted against
he respective normalized measured luminance reflec-
ance factors. The solid line in each panel shows the poly-
omial fit to the data, and since a high-quality camera is
eing used, it is evident that the correction for nonlinear-
ty is tiny. However, these polynomial functions were used
o subsequently convert all raw camera responses to lin-
arized camera responses before further processing. The
hree plots on the right-hand side of Fig. 1 show the nor-
alized linearized R (upper plot), G (middle plot), and B

lower plot) values for the achromatic samples plotted
gainst the normalized measured luminance reflectance
actors for those samples. A comparison of the left- and
ight-hand plots shows that a consequence of the linear-
zation process is that a balancing of the channels is car-
ied out. The R and B values for the white sample were
0.6 (corresponding to an 8-bit value of ,150), whereas

he maximum value of the G channel was ,0.9. Following
he linearization process, however, the right-hand plots il-
ustrate that the maximum value of each of the channels
s ,0.8, thus correcting for any color cast from the combi-
ation of the illumination and the camera spectral sensi-
ivity.

Spatial correction, according to a method previously
sed by Hardeberg9 and later by Sun and Fairchild,25 was
lso performed to minimize the effect of any spatial non-
niformity of the intensity of the illumination or of the
ensitivity of the camera CCD array. For example, for the
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ed channel, Eq. (11) was used to convert the linearized
hannel response Ri8 to the spatially corrected value RSi
t each pixel position i. Thus

RSi =
sRW − RBd 3 sRi8 − RBid

sRWi − RBid
, s11d

here RW and RB are the mean linearized channel values
or the uniform white and black (dark) samples, respec-
ively, and RWi and RBi are the channel responses for the
niform white and black (dark) samples at each pixel lo-
ation i, respectively. Similar equations were used to ob-
ain the spatially corrected values for the green and blue
hannels.

. Training and Testing Protocol
total of 166 patches in the Macbeth ColorChecker DC

hart were used as a training set for the recovery meth-
ds. Smaller training sets were derived by randomly sub-
ampling the 166 patches to generate subtraining sets
ontaining 120, 80, and 40 samples, and these were used
o evaluate the effect of training set size on model perfor-
ance for two (Maloney–Wandell and Imai–Berns) of the

our recovery methods. To evaluate the generalization
roperties of the recovery methods, researchers in the
eld of camera characterization commonly use a separate
est set containing samples that were not used in the

ig. 1. Luminance reflectance factors sYd of 13 achromatic
atches plotted against the spatially averaged camera channel
GB responses (circles) for each patch and third-order polyno-
ial fit (solid lines) (left column) and the linearized camera re-

ponses (circles) converted from the polynomial fit (right col-
mn). The circles in the right-column graphs should lie along the
traight line if the linearization process is perfect. All data are
hown normalized in the range 0–1.
raining set.6,7,9,12,15,16 The use of such a test set guards
gainst a model that overfits the training set and gives
nrealistically good results.7 The primary test set used in
his work consisted of 50 samples from the NCS system.
igure 2 shows the colorimetric distributions of the train-

ng (Macbeth ColorChecker DC) and test (NCS) samples
nd, it can be observed that both are quite evently distrib-
ted in color space. As a check on the robustness of the
esults for the primary test set, a second test set contain-
ng the 24 samples of the Macbeth ColorChecker chart
as also used.

. Implementation of Algorithms
he four multispectral methods were implemented in the
ATLAB programming environment (Version 6.5, Re-

ease 13). The training samples were used to determine
he basis functions for the linear model of reflectance that
as used in each of the methods. The recovered reflec-

ance spectra for samples in both the training and the
esting sets were converted to CIE tristimulus values by
se of the 1964 (10-deg) CIE observer data and the spec-
ral power of the light source used with the camera. Color
rrors between measured and recovered spectra were cal-
ulated as CIELAB color-difference sDEab

* d values for each
f the different sizes of training set (166, 120, 80, and 40
amples). When a subset of fewer than 166 training
amples was used, the subset was randomly selected five
imes, and the mean error score was computed for the five
rials. The estimated camera spectral sensitivities re-
uired for the Maloney–Wandell, Shi–Healey, and Li–Luo
ecovery methods were obtained from Chen26 with meth-
ds suggested by Finlayson27; they are illustrated in
ig. 3.
The method for computing the basis functions for a set

f reflectance spectra employs singular-value decomposi-
ion and is implemented as a single command SVDS in
ATLAB.28 The basis functions used were derived on the

asis of the Macbeth ColorChecker DC samples in the
raining set and are shown in Fig. 4.

ig. 2. Color distributions of 166 Macbeth ColorChecker DC
circles) and 50 NCS samples (asterisks) in CIELAB a*b* space.
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. Statistical Test of Significance
ince distributions of color-difference values are usually
kewed, a nonparametric test that makes no assumptions
bout the distribution of the data is preferred. The Wil-
oxon matched-pairs signed-rank test is appropriate for
esting populations that may differ considerably from be-
ng normally distributed. This test takes account of the

agnitudes of the differences between test samples and
heir median.29

ig. 3. Estimated camera spectral sensitivities of the blue (solid
urve), green (dashed curve), and red (dotted curve) channels of
he Agfa StudioCam (estimations by Chen26).

ig. 4. First three basis functions (first component, solid curve;
econd component, dashed curve; third component, dotted curve)
f the Macbeth ColorChecker DC training samples.
. RESULTS
lthough in principle the Maloney–Wandell and Imai–
erns methods could be used with linear models of reflec-

ance of dimensionality greater than the number of chan-
els (three) in the camera, recovery performance in these
ircumstances is poor. Results are presented in detail
ere only for the case of a three-dimensional linear model
f reflectance. Figure 5 shows an example of reflectance-
ecovery performance from the Maloney–Wandell and
mai–Berns methods with a three-dimensional linear
odel of reflectance for one of the NCS samples (1070
20B). In general, most of the spectra estimated with

hese methods are quite similar to the originals, but
here errors occur they tend to be at the shorter and

onger wavelengths. Since this study is concerned with
olorimetric characterization, it is the colorimeteric per-
ormance, rather than spectral performance, of the meth-
ds that is of interest. For the single spectrum illustrated
n Fig. 5 the colorimetric performance is 5.37 and 5.09
IELAB DE units for the Maloney–Wandell and Imai–
erns methods, respectively.
Figures 6 and 7 illustrate the median color differences

hat result when the Maloney–Wandell and Imai–Berns
ethods are used for color characterization.
In both Figs. 6 and 7 it can be seen that the median er-

ors on the training and the test sets are almost indepen-
ent of the size of the training set (see also Table 1). Gen-
rally, although the median test-set errors tend to be
maller for the Imai–Berns method than for the Maloney–
andell method, there are no statistically significant dif-

erences sp.0.05d.
The performances of the Shi–Healey and Li–Luo meth-

ds have been evaluated by using linear models of reflec-
ance of dimensionality between 4 and 12. Figures 8 and 9
llustrate the recovery of reflectance for various dimen-
ionalities of the linear models in the case of the single
CS chip that was used in Fig. 5.

ig. 5. Example of spectral-reflectance recovery for a NCS
ample (1070 R20B, solid curve) with the Maloney-Wandell
dashed curve) and Imai–Berns (dotted curve) methods.
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There is little evidence in Figs. 8 and 9 of any system-
tic effect of the dimensionality of the linear model on re-
overy performance for either the Shi–Healey or the Li–
uo method. However, when the performance of the Shi–
ealey method on all of the samples is considered, it is

vident (see Fig. 10) that the average training perfor-
ance improves with the number of basis functions but

he average testing performance generally deteriorates.
he best generalization performance with the Shi–Healey
ethod was found with a four-dimensional linear model.
his performance (median DE=3.79 and 3.36 for NCS
nd Macbeth ColorChecker, respectively) is slightly better
han the best performance (with the complete training
et) of the Maloney–Wandell and Imai–Berns methods,
ut again the differences are not significant sp.0.05d.

Table 1. Characterization Performance (Median
Maloney–Wandell and Imai–Berns M

Maloney–Wandell Metho

Number of
Training Samples

Memorization
(training)

Genera
(tes

DCa NCSb

40 2.82 3.71
(11.96) (20.98)

80 2.53 3.64
(13.28) (16.59)

120 2.62 3.94
(14.61) (17.50)

166 (full set) 2.65 3.92
(14.59) (17.30)

aMacbeth ColorChecker DC
bNatural Color System
cMacbeth ColorChecker

ig. 6. Effect of training size of the reflectance recovery with the
aloney–Wandell method. The median CIELAB errors are plot-

ed for the training (diamonds) set and for the ColorChecker (tri-
ngles) and NCS (circles) test sets.
The median errors for the Li–Luo method are illus-
rated in Fig. 11, and it is evident that performance dete-
iorates for both the training and the testing sets as the
imensionality of the linear model increases. The best
erformance (found with a four-dimensional linear model)
f the Li–Luo model was greater than that of the other
ultispectral models (median DE=3.53 and 3.26 for NCS

nd Macbeth ColorChecker, respectively), but the differ-
nces were not statistically significant sp.0.05d. Table 2
ists the median and maximum errors for the Shi–Healey
nd Li–Luo methods by use of linear models of reflectance
f various dimensionality and the complete training set.
t can be seen that for the Shi–Healey method, even
hough the best average performance on the test set oc-
urred with a four-dimensional linear model, this corre-

AB DE with Maximum Values in Parentheses) of
ds for Different Training-Set Size

Imai–Berns Method

n Memorization
(training)

Generalization
(testing)

CCc DCa NCSb CCc

3.72 2.83 3.61 3.56
8.24) (12.27) (21.20) (16.62)

3.66 2.44 3.76 3.24
5.63) (12.70) (18.20) (14.88)

3.61 2.57 3.97 3.33
5.13) (14.25) (18.53) (15.59)

3.64 2.49 3.84 3.58
5.43) (14.18) (17.96) (15.28)

ig. 7. Effect of training size of the reflectance recovery with the
mai–Berns method. The median CIELAB errors are plotted for
he training (diamonds) set and for the ColorChecker (triangles)
nd NCS (circles) test sets.
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ponded to a high maximum error. Although the average
erformances of the four multispectral methods are sta-
istically indistinguishable, we note that the new Li–Luo
ethod gives the lowest maximum errors.
A previous study, using the same imaging system and

ata, showed that the performance of polynomial trans-
orms and neural networks to convert directly between
amera RGB values and CIE tristimulus values gave sta-
istically similar results.26 These data are reproduced for
omparison as Table 3, where it can be seen that when the
ull training set is used, the polynomial method gives
E=2.57 and 2.13 and the neural network method gives

ig. 10. Effect of training size of the reflectance recovery with
he Shi–Healey method. The median CIELAB errors are plotted
or the training (diamonds) set and for the ColorChecker (tri-
ngles) and NCS (circles) test sets.

ig. 11. Effect of training size of the reflectance recovery with
he Li–Luo method. The median CIELAB errors are plotted for
he training (diamonds) set and for the ColorChecker (triangles)
nd NCS (circles) test sets.
ig. 8. Examples of spectral-reflectance recovery for a NCS
ample (1070 R20B, solid curve) by use of Shi–Healey method
dashed curve) with between 4 and 12 basis functions (estimation
ith 4 basis functions in top-left figure; number of basis func-
ig. 9. Example of spectral reflectance recovery for a NCS
ample (1070 R20B, solid curve) by use of Li-Luo method (dashed
urve) with between 4 and 12 basis functions (estimation with 4
asis functions in top-left figure; number of basis functions in-
reases left to right and then for each row).
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E=2.89 and 2.18 for the NCS and the Macbeth Col-
rChecker test sets, respectively. The performance of
hese conventional methods is significantly better than
he results obtained with the multispectral methods (p
0.05 for comparison with each of the multispectral
ethods).

. DISCUSSION
n this study four multispectral reflectance-recovery
ethods were evaluated in terms of camera characteriza-

ion for one high-quality imaging system and three sets of
ata (a training set and two test sets). The generalization
erformance (median DE) of the techniques for the NSC

Table 2. Characterization Performance (Median
Shi–Healey and Li–Luo Methods wit

Shi–Healey Method

Number of
Basis Functions

Memorization
(training)

General
(testi

DC NCS

4 2.27 3.79
(12.38) (23.39)

5 1.78 4.55
(8.91) (14.38)

6 1.65 3.97
(8.93) (15.92)

7 1.66 4.63
(8.93) (19.44)

8 1.61 5.04
(8.92) (21.31)

9 1.53 4.97
(8.99) (19.46)

10 1.58 4.82
(6.48) (17.70)

11 1.54 4.32
(6.55) (14.64)

12 1.54 4.33
(6.58) (14.56)

aDC, NCS, and CC as defined in Table 1.

Table 3. Characterization Performance (Median CI
the Best Polynomial (3Ã20 Model) and Neural

Trainin

Polynomial

Number of
Training Samples

Memorization (training)
G

DC NC

40 1.13 3.9
(4.34) (47.3

80 1.23 2.7
(5.59) (16.7

120 1.39 2.6
(6.81) (13.8

166 (full set) 1.39 2.5
(7.56) (15.0

aDC, NCS, and CC as defined in Table 1.
est set with the full set of training samples was found to
e 3.84, 3.92, 3.79, and 3.53, respectively, for the Imai–
erns method (with three basis functions), the Maloney–
andell method (with three basis functions), the Shi–
ealey method (with four basis functions), and the Li–
uo method (with four basis functions). The
eneralization performance (median DE) of the tech-
iques for the Macbeth ColorChecker test set with the full
et of training samples was found to be 3.64, 3.58, 3.36,
nd 3.26.
We note that for the Maloney–Wandell recovery method

he performance may be limited by the accuracy to which
he spectral sensitivities of the channels of the camera
ere estimated. Given, however, that the Imai–Berns

AB DE with Maximum Values in Parentheses) of
ferent Numbers of Basis Functionsa

Li–Luo Method

Memorization
(training)

Generalization
(testing)

C DC NCS CC

.36 2.63 3.53 3.26
.14) (10.66) (14.87) (12.95)
.31 2.66 3.59 3.39
.12) (11.37) (15.14) (13.72)
.88 3.05 3.90 3.70
.58) (11.99) (16.11) (14.14)
.33 3.00 3.91 3.78
.82) (11.72) (16.00) (15.13)
.93 3.00 3.93 3.90
.29) (11.71) (16.00) (15.27)
.75 3.28 3.85 3.72
.17) (13.10) (16.80) (15.12)
.36 3.26 3.85 3.63
.07) (13.13) (16.81) (14.06)
.23 3.35 3.85 3.71
.65) (13.62) (17.01) (14.38)
.93 3.37 3.85 3.71
.26) (13.66) (17.03) (14.53)

DE with Maximum Values in Parentheses) Using
orks (18 Hidden Units) Methods for Different
Sizesa

Neural networks

ization
ing)

Memorization
(training)

Generalization
(testing)

CC DC NCS CC

3.55 1.24 7.46 4.55
(14.74) (4.22) (49.42) (14.00)

2.60 1.23 4.37 2.43
(11.90) (6.02) (20.19) (11.36)

2.40 1.39 3.19 2.41
(10.93) (6.40) (16.16) (11.99)

2.13 1.53 2.89 2.18
(10.65) (8.12) (16.66) (11.30)
CIEL
h Dif

ization
ng)

C

3
(20

4
(17

3
(14

4
(18

4
(19

4
(19

4
(19

4
(15

3
(15
ELAB
Netw
g-Set

eneral
(test

S

8
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4
1)

8
7)

7
4)



m
t
t
t
I

f
a
t
s
t
e
n
t
u
e
u
m

6
I
b
e
r
e
(
fi
t
s
t
r
r
p
e
s
n
t
s
t
t
r
t
u
h
w
m

s

R

1

1

1

1

1

1

1

1

1

1

2

2

2

2

2

2

Cheung et al. Vol. 22, No. 7 /July 2005 /J. Opt. Soc. Am. A 1239
ethod finds the least-squares linear transform between
he representation of the spectra in the linear model and
he camera responses to those spectra, it seems unlikely
hat the Maloney–Wandell method would outperform the
mai–Berns method.

In a related study using the same imaging system, we
ound that polynomial and neural-network methods are
ble to perform characterization on the same experimen-
al data with a median CIELAB DE of 2.57 and 2.89, re-
pectively, for the NCS samples and 2.13 and 2.18, respec-
ively, for the ColorChecker samples.16 We find no
vidence, therefore, that multispectral-imaging tech-
iques provide any advantage over conventional charac-
erization methods for a three-channel camera imaging
nder a single illuminant. Further work is required to
valuate multispectral techniques for multiple imaging
nder more than one light source and for cameras with
ore than three color channels.

. CONCLUSIONS
n this study a new reflectance-recovery technique has
een introduced that has been shown to outperform three
xisting recovery methods in terms of colorimetric accu-
acy. The Li–Luo technique uses a high-dimensional lin-
ar model of reflectance. For an m-dimensional model
where m.3), m−3 degrees of freedom are optimized to
nd the smoothest reflectance consistent with a set of
hree camera response values. Since the purpose of this
tudy was to investigate whether reflectance-recovery
echniques may be useful for camera characterization, the
ecovery techniques were evaluated by using a colorimet-
ic measure. The new method was found to give the best
erformance in these terms. For other applications, how-
ver, it may be more important to assess the degree of
pectral accuracy of the recovery techniques, and it is by
o means certain that the best algorithm in colorimetric
erms will be the best method in spectral terms. For
pectral-based applications it may be necessary to ascer-
ain the true dimensionality of the spectral reflectance of
he surfaces.30 Although the validity of using spectral-
ecovery methods for device characterization has been es-
ablished by this work and elsewhere,15 a related study
sing the same camera and data as reported in this study
as shown that none of the four recovery techniques that
ere evaluated could outperform more standard polyno-
ial techniques.16

The corresponding author’s e-mail address is
.westland@leeds.ac.uk.
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