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however, but again using a 4-band image acquired using a
4-sensor imaging device. We wish to recover an image rep-
resentation which is, firstly, based on ratios of color bands,
Abstract a type of chromaticity, so that image components which are
derived from a Lambertian model are independent of shad-
Most lighting can be accurately modeled using a sim- ing and illuminant direction. As recognized by Lee [7], in
plified Planckian function. If we form logarithms of color @ dichromatic model with neutral interface model for spec-
ratios of camera sensor values, then in a Lambertian ular color since color equals the matte color p|US a contri-
plus specular two-lobe model of reflection the temperature- bution deriving from specularities given by the illuminant
dependent term is separate and is seen as a straight line:color, chromaticity plots consist of one point for the matte
i.e., changing lighting amounts to changing each pixel value component okach surface, with a line indicating specular
in a straight line, for a given camera. Here we use a 4- content. All such lines point to the specular color.
sensor camera. In this case, forming color ratios reduces = Though the structure of specularities is thus simple to
the dimensionality to 3. Applying logarithms and projecting model in chromaticity space, finding the specular color and
onto the planein the 3D color space orthogonal to the light- removing specularities from images is hard to do [7]. One
change direction results in an image representation that is way round this problem is to assume a known white illumi-
invariant to illumination change. For a given cameiihe nant [6]. In this case, the specular color is always found in
position of the specular pointin the 2D plane is always the the same place and as such it is a simple matter to derive
same, independent of the lightin§hus a camera calibra-  a function of chromaticity that is independent of lighting
tion produces illumination invariance at a single pixel. In geometry and specularity.
the plane, matte surfaces reduce to points and speculari-  Of course, we would prefer not to constrain the light
ties are almost straight lines. Extending each pixel value color. This is in fact what we achieve in this paper.
bac_k to the matFe position, postglated to be the maximum  pere we show how, in a 4-sensor camera system, it is
radius from the fixed spe(?ular pomt., at any anglg inthe 2D yssible to make the specular colndependent of light-
plane, removes specularity. Thus images are mdependenﬁ]g_ To do so, we adopt a near-Planckian model for light-
of shading (by forming ratios), independent of shadows (by jng \vhich describes many lights extremely well. Then tak-
making them independent of illumination temperature) and jq ogs of color ratios, the lighting color itself appears as a
independent of specularities. The method is examined bygjmpje additive term, times the inverse temperature. If we
forming 4D images from hyperspectral images, using real giart with color 4-vectors, and then divide by the geometric

camera sensors, with encouraging results. mean of the four values, we have independent color values
given by 3-vectors. Thus the lighting direction part that de-
1. Introduction pends on temperature is itself a 3-vector that depends only

on the camera used.
The association of specularity detection with 4-band im- By projecting orthogonal to the light direction we pro-
ages has a long history (cf. [3]). Here we wish to accom- duce an image representation independent of the light. Thus
plish a great deal more than suppression of specularitieswe end up with a camera calibration that removes illumina-



tion dependence and also drives all images into the saméhere are directly applicable.

lighting, with the same specular point. Here we use the measurements presented by Brelstaff
Previously, Finlayson et al. [4] utilized RGB log color and colleagues [10]. These images are subject to all the

ratios to remove dependence on illuminant color for matte noise that would accompany captured images, along with

images: there, starting with 3-vector color, forming ratios additional problems due to image registration and lens cor-

reduces the vector values to 2-vectors. Then in the planefections. Results are quite good: we find that shading, shad-

changes in Planckian lighting temperature generate approx0ws, and specularities are greatly attenuated.

imate lines in 2-space. The single directionhmgonal to

this set of lines gives a grayscale image, independent of2. Theory and Proof in Principle
shading and of illumination temperature, and hence resis-

tant to shadowing. This was shown to be highly useful for 5 1 Planckian Lighting and Two-Lobe Reflection
image indexing. Model

Here, we start with 4 dimensions. Forming logs of ra-
tios reduces the dimensi(')naliity t0.3, and prpjecting into the Suppose we consider a fairly narrowband camera, with
plane orthogonal to the lighting direction (fixed, for a par- ¢, sensors. We actually do not have a 4-sensor camera,
ticular camera), gives generalized color 2-vectors. Here Wegg, jnstead we use the measured sensors for a real camera
consider specularities as well. In the 2asp, speculari- 414 replicate and shift one of the sensor curves. Here we
ties are approximately linear streaks pqlntlng to the. SPE€C-yse a Sony DXC-930 3-CCD camera. Fig. 1 shows the sen-
ular point. Therefore we suggest the simple expedient of 5 regponses for this camera; however since we require a
replacing each 2D color by the maximum 2-vectoripoB  4_sensor camera, we augment the sensor set by replicating
at its direction from the specular point: pixels that include 1o Blue sensor response, multiplied by 0.75 and shifted to
matte plus specular contributions are driven out to the matte, o right by 70 nm. Below, we investigate how the Planck-
point. Although the generglized 'color images achieved this;;, assumption impacts models of image formation using
way are in fact still two-dimensional, we can rotate back 5 4.sensor delta-function sensitivity camera. However, it
into the original 3D color space of generalized colors (10gs jg eyigent that the real sensors are far from idealized delta
of color ratios) and produce RGB color images that are tied ¢ nctions: each is sensitive to a wavelength interval over

to the original ge.neralize'd color directions. R.esulting iM- " 100nm in extent. Nevertheless, as we shall see, they behave
ages are approximately independent of shading, shadowsg iciently like narrowband sensors for our theory to work.
lighting, and specularities. To be able to fully understand results of our assumption,

Note here that we acquire all four bands at once, and dojet us start with a synthesized image. For a simple test im-
not use four separate photometric images (cf. [3, 8]). The age consisting of three shaded spheres, with surface colors
use of the logarithm of color ratios is not new: Berwick and equal to patches 1, 4, and 9 (dark skin, moderate olive green,
Lee used a 2D color space of logs of band ratios, taking moderate red), of the Macbeth ColorChecker [9], under il-
3D color into 2D chromaticities [2]. Under the assump- |yminant D65 the matte image in a Lambertian model is as
tion that a diagonal transform models illumination change, in Fig. 2(a), where we have normalized sensor curves so
in 2-space a lighting change is modeled by a translation.that they sum to unity — the curves are color balanced for
In a sense, the present work extends that ide@kpiicitly  equi-energy white light. Here, the three components cor-
calculates what a particular camera would see, under “ght'responding to RGB are shown, but the image is actually
ing Change. USing hlgher dimenSiona”ty for Sensors, We 4-dimensional (for full-size images see [1])
can approximately eliminate lighting change directly, rather  Now consider adding a very strong specular spike for
than searching for it. each surface. Using a simplééhg specular model with

Gevers et al. classify pixels into highlight and matte roughness 0.05 and multiplicative factor 1.0, one sees
but making the assumption that illumination is equi-energy Fig. 2(b). For visualization, consider a histogram-equalized
white [6]. However, illumination which is “white” may ap-  version, Fig. 2(c). To see how strongly the specular spike af-
pear to a camera anything but white — e.g., tungsten light-fects pixel values, Fig. 2(d) shows the red channel response,
ing is quite red. for the first sphere.

Since we do not in fact have available a 4-sensor camera, Now let us consider image formation for a general
we develop images to test the ideas presented here by synreflectance function comprising Lambertian and specular
thesizing 4-band images from hyperspectral images, em-parts. For the Lambertian component: suppose there are
ploying real camera sensors. However, we point out thati = 1..L lights, each with SPE?()) given by a good ap-

4-sensor cameras do exist: some video camerasCyae, proximation of a Planckian source [15], with
MagentaYellow and Green sensors. So assuming these , ,
sensitivities are linearly independent, the methods presented E'\) = I'g A‘%‘C?/()‘T) Q)



in directionsa * with intensity/*. If the surface projecting 2.2. Log Color Space

to retinal pointz has spectral surface reflectartfe\) then,

for a 4-channel delta-function narrowband sensor camera For generality, we considerchannel sensor values; the
with spike sensor sensitivities = g¢x(\x), k¥ = 1..4, the above equation holds, independent of the number of camera

4-vector response would be channels.
L ; iv—5.—ca/(MT) Now consider band-ratio chromaticitiesdefined as the
pr = disica’ - S(A)I'Ae k ratio of the firstp — 1 sensor valuegy, k = 1..(p — 1),
= [Zf:l(clﬂa 1)} -n S(w)APe 2/ (M) g divided by the last sensor valyg. Here, we us@ = 4, so
—a.n S()\k))\‘%_@/()‘kT) o ) our chromaticities are 3-vectors:
For the specular component: Suppose theaga’s re- TE = Pk , k=1.(p—1) . (10)
flectance map falls in thex—lobed class [13]. This class Pp

consists of the constant, plys= 1..(m — 1) terms of the  Since we divide, the shading tetf@ - n ) is removed. Tak-
form @/ (p 7'n ) with ®/ a non-negative, monotonically de-  ing logarithms, we can concisely state the result by defining
creasing function. Further, the vectpr; must lie in the several terms:
principal planeformed by the light direction and the vec- B
tor ns half-way between the illuminant direction and the ek =~/ M, s = SO),
viewer. E.g., the Torrance—Sparrow model [14] can be writ-
ten in terms of a function withp = mng. Clearly the Then we have
Lambertian model also falls into the—lobed class, with 1 _ (M) n b o(er—ey) k
p ; = a, the light source direction. 08Tk = 108 5, %a W T Ak =) T (12)

For color images, consider a simple dichromatic model k=1.p—-1)
[11], whereby reflectance is comprised of a diffuse orbody  The meaning of the above expression is that, for every
term plus a surface (specular) term. The specular term isg;face patch, with geometric parameterthe (p — 1)-
effectively 1-lobe if all the lights have the same SPD: in yector is formed as a constant vector plus a ve@ipr- ep)

¢ 11
U = )\k,5Qk , W = 10g(uk/up) ()

general, times the inverse temperature: as lighting changes (i.e., as
| L , temperatureél’ changes), pixel values are constrained to a
p Specular _ Z bs5d(nsTn) | 3) straight line in log color space, as in Fig. 3(a).
=1

whereb % is the color of the specularity for thth light. In 2.3. Broadband Sensors

the Phong specular model [5], For broadband sensors theensor color must be formed

Pns'Tm)=(ns'"Tn )N . (4) by integration, since our sensors are no longer delta func-
Butin a neutral interface model [7], the color of the spec- 1ONS:
ular term is _(x -5, —ca2/(AT)
, .= . S(A A 2 () dA
b’s = color of the light. (5) O n)/[ (A) +af ¢ 2 ()

Hence for Lambertian plus Specular reflectance, we arrive (13)

at a 2-lobe model: with p sensor functiong, (), k = 1..p.

, , While we maintain the calculation of ratio values as in
o = |a-nSO) + Zle al'®(nsTn) eq. (10) and calculate log valukss r;, as above as well, in
A—5e—C2/(AT) ” 6) principle we now replace the definitions of parts of the log

For each pixel, the second term in the brackets is a constantfatIOS by:

£, say, that depends only on geometry and not on the light o, = [ gr(\)dX,

color. Therefore we have ex = /o [—co/Aa(N)dX\, sp = 1/ok [[SN)ar(N)dA ,
I [6 ‘n S()\k) + 6] )\—56_02/()\k’T) qr (7) Up = f)\]:5 qk()\)d)\, andwk = 10g (uk/up) . (14)
with possibly several specular spikes on any surface. 2.4. Geometric Mean Log Color Space
If we define
a=8/@-n) , (8) _ .Di'vision by a single polor channel can be rep!acgd by
] o o division by the geometric mean of allchannels, with in-
then ourfinal expression is quite simple: crease in robustness to noise. Suppose we define the mean

pr = (@ -n)[S(\)+a A5e—C2/(AeT) ar, k=1..4 Py by

9) o = VI _ o (15)



Then, withr,, = pi/parr, from eq.(9) we have We can rotate the coordinate frame into the plane by
forming the eigenvector decomposition of the projedtgr.

Skt a 1
logr, = 1 _ , .—en) = (16 .
08Tk = ‘08 (sM n a> ook o+ (ee—em) 7 (16) Pr = UHT diag(1,1,0)UF . (20)
fork=1..(p — 1), where we set ThenU;- is a rotation matrix taking us into the planeg
. make use of only triex 3 portion of U;-, in order to discard
em = —ca/p Zﬁ.’:l Aj o, upm = {Hg.’:l)\f i} /e , components in thée, — ejy) direction. This is the same as
wy = log (ux/up) and we define using the projectoP;": the projector equals transforming
su+a = {TP_ (s; + Oé)}l/p . into the plane coorglinate frame usin'g .121& 3 mat.rix Ut
(17) and then transforming back to the original coordinate frame
H H 1N\NT
We shall use this version in the following. using the3 x 2 matrix (U,")".

This is just what is wanted because as much as possible,
we would like to continue associating the ratiqg s, with
theoriginal directions of these quantities, so that when we
come to reconstitute images, pixels’ colors are as close as

ossible in meaning to the actual colors we started with.
otating back with & x 2 matrix (U)T will accomplish
this: although we still only have values that derive from the
According to eq. (16) (with no specular contribution), plane, and so are not truly 3D, we can view the pixel values
for each surface wehsuld see a set of points in 3-space as 3D_colors nonetheless. Thereforg we_choose some set
of basis vectors in the plane, and project into the plane —

;Tﬁ;igs ﬁnwaes:rzilg h;ljlt:]t?ailtogg: r;e?é)i.n-rggshfocthizhel Ofthus removing dependence on illumination. Then we rotate
' back into the original firsp — 1 generalized color axes, as

logry, we see a set of nearly coincident lines through the in Fig. 3(b).

origin, as in Fig 4 (p!otted as .2D prqjectlons). . Fig. 5(a) shows how projected log ratios for Fig. 2(b)
Therefore, as pointed out in [4] in a 2D setting, we can : . s
) . . : appear in the 2D space resulting from projecting into the
find vector(ex, — eps) by forming the covariance matrix of S
. > ' . plane orthogonal to vectdle, — epr). Now all similarly

logrj values and calculating eigenvectors. The first eigen- . ) S
vector is exactly the desired approximation(ef — ex;) coloredmattepoints project onto the same pointin 2-space.

y PP M- However, independent of temperaturespecularitiesare

spread out in 2-space according to

2.5. Recovery of Log Light Vector

To find the vectofe, —eys ), we image matte Lambertian
color patches. Here we use the 18 non-gray patches of th
Macbeth ColorChecker [9]. We forriog ), values using
temperature§” from 5500°K to 10500°K.

3. Recovery of Image with no Shading or Spec-
ularities U~ log ( sk +a > v Ut (21)
¢ sum+ ¢

A, moval of lllumination Dependen ) . L
3.1. Removal of lllumination Dependence The first term above is the log of a straightline. However,

most of the points on the line will concentrate around the
matte point: for pixels with very little specular content, the
projected 2-vector is at the matte point, shown in Fig. 5(a)
for each object as ‘M'.

For highly specular points, the projected 2-vector is near
the specular log color, shown as ‘S’ in Fig. 5(a). The specu-
lar color is the projection of the 3-vectos, + (e, —enr) /T,
so the projected specular colorlis- wy,. Note thathe pro-
(18) jected specular pointis the same no matter what the lighting

is, provided the illumination is well-described by a Planck-

Thisisa(p — 1) x (p — 1) matrix. Then the projector onto  1an model. Matte colors are given by the projection of 3-

As a generalization of Finlayson and Hordley [4], we
can remove the effects of lighting temperature, and hence
of shadows, by projecting ifp — 1)-space onto the plane
orthogonal to the vectae,, — ey). Similarly, all the other
vectors in eq.(12) arép — 1)-vectors. Ifp = 4, then, all
vectors live in a 3-space.

Suppose the projector onto the vecter — ey) itselfis

Pe = (ek — 6]\4)(6k — eM)T/Hek — 6]\4”2 .

the subspace orthogonal(e, — ex;) is [12] vectorslog(sk/sar). .
Most points that make up the observable curve in the log
Pt =T1-P, (19) of the straight lind s, + a)/(sa + «) are due to pixels in

the highly specular part of the image. For these, the curve
Such a projector has on(p — 2) nonzero eigenvalues; for  asymptotically approaches values
ourp = 4 sensor value space, we are projecting onto a 2-
space. log[(sk +a)/(sp + )] — 1/a(sk — Snm) (22)



as(1/«) becomes small, so that near the specular point theeach radius at that angle with the maximum. This means

curve approaches a straight line even in log space. representing every pixel at the same angle from the specular
As we shall see later, the specular curves tend to be fairlycenter by the same log chromaticity — all points with the

straight even quite far from the specular point. This may not same color end up at the same radius.

be altogether surprising if we examine (22) a little closer. ~ Since we are still in a log color sge, it makes sense

Value sy, is the geometric mean of thesensor responses. to exponentiate theé®;- logr, values, in order to return

If for a moment we lep=3 and so consider the conventional to color units. The resulting image is as in Fig. 5(c) —

RGB camera case we see that = 0 when R=0, or G=0, the(Uj)T rotation takes us back to 3D colors. Using the

or B=0, and hence when R and G=0, or R and B=0, or G maximum-radius projected log ratio vector to characterize

and B=0. It is easy to show that for these cases the specevery pixel of the same ratio, for our simple exemplar im-

ular line is a line in log and non-log ape. The specular age we use three circles, as in Fig. 5(b). Fig. 5(c) shows the

curves for other surfaces are constrained to lie between theecovered generalized color image, almost without shading

straight specular lines for the basic colors and this effec- or specularities. The worst sphere is the middle one, with

tively bounds the maximum curvature of the lines. red channel shown in perspective in Fig. 5(d). Specularities
For our 4-sensor analysis, there are 14 basic colors (i.e.have been reduced to a remarkable degree.

2% — 2) which have provably straight specular lines in log

and non-log spce. Because all other specular curves lie be- 4, Real Images

tween pairs of basic specular lines the extent of the possible

specular curvature, the possible departure from linearity,

is
very limited indeed. 4.1. Use of Hyperspectral Images

Since we are using a theoretical camera, derived from
the Sony DXC-930 camera, we can devise real images by
making use of hyperspectral images acquired using multiple

We have calibrated for the projectdt: simply using narrowband filters, and synthesize a real, but composed im-
matte patches (as in Finlayson and Hordley [4]). As well, age that approximately comprises what the camera in Fig. 1
one can obtain the projection of the, vector easily by (1)  would record from a real scene.
imaging a light source, and then (2) projecting onto 2-space  Here we use images derived from 31-band hyperspectral
the result of forming the 3-vector log chromaticity. How- image captures due to Brelstaff et al. [10]. Fig. 6(d) shows a
ever, even without subtractirig;- wy, but instead just pro-  color image as it would appear for a camera balanced for the
jecting log chromaticitietog 71, one can recover an image actual illumination, which is tungsten lighting (very similar
representation free from specularities. For our simple im- to a Planckian with T=3000). In contrast, Figs. 6(a,b) show
age, clearly the right course is to attempt to get as close tothe image as it would be acquired by our 4-sensor camera, in
point marked ‘M’ as possible, by lengthening vectors in the the first three bands and the fourth band, respectively. The
direction from the specular point out to a maximum radius lighting is very red, but the camera is balanced for equi-
from that point. energy white light, so the acquired image is very red.

If we did so for a maximum overall radius, we would The image has a Kodak Graycard at one corner: this ap-
arrive at approximately three spots on the maximum-radiusproximately reflects 18% radiance. Fig. 6(c) displays the
circle. This way, we end up with a 2-vector representation: radiance spectrum reflected from the Graycard: a Planckian
the two components are of course not independent, sinceyith T=3000 is also shown as a solid curve.
the invariant is in fact the angle formed by each of the lines  Fig. 7(a) shows the pixels for the 4-band image, in terms
in Fig. 5(a). Thus ayrayscalespecularity-free image can of their log-ratios projected onto the 2D color space. The
easily be derived as the image made from angles formedfigure shows the recovered specular point via crosshairs; the
by vectors from the specular point to log color ratio values. dashed crosshairs show the position of the projected com-
This would be in keeping with the grayscale invariant im- ponents of the Kodak Graycard.
ages produced in [4]. However since we do have 3D color  In terms of a 1D angle image, these projected values, as
correlates here, we instead choose to maintaina 3Desp  vectors from the specular point, show angles as in Fig. 7(b).

A better approach than using a single circle would be to Here pixels with radii less than the 10th quantile away from
find the maximum radius for every small increment of an- the specular point have indeterminate angle and have been
gle. For our simple image, this means finding three circles, re-mapped to the specular point. In comparison, Fig. 7(c)
as in Fig. 5(b). shows the histogram-equalized version of Fig. 6(b). Clearly,

For a more complex image, the idea of using radii simply the 1D angle image which attempts to remove shading,
amounts to finding the maximum radiusegich angle forall  shadows, and specularities does a superior job in regards
image points in the 2D log color space, and then replacingto image understanding.

3.2. Recovery of Matte Image Representation



Finally, Fig. 7(d) shows the exponentiated color image generalized colors recovered would be essentially 2D, i.e.,
when each generalized color is forced to the maximum they would live on a sphere. And starting with 6D sensors,
value, for the particular angle that the generalized color we would recover a fully 3D invariant image. The basic
makes with the specular point. This image has successfullycontribution of the paper is that, without needing to know
almost removed the effects of shading, shadows, and specthe sensor curves themselves, we can calibrate a higher-
ularities, and as well is invariant to changes in lighting. dimensional camera to eliminate lighting artifacts.

Pixels that are very close to being specular in color must
necessarily be mapped to the specular point. E.g., in theReferences
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Of course, the present analysis can be simply extended
to higher dimensional sensor sets. The truly invariant part
of the present 4B-1D analysis is the angle in the 2D plane;
or, in other words, a circle of generalized colors in that
plane. If we started with 5D sensors instead, then the set of
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Figure 1. Four-sensor broadband camera.
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Figure 2. (a): Matte image, under (first three of a set of four) broadband sensors. (b): Image including
specularities, for first three sensors. (c): Image with specularity, histogram equalized. (d): Lambertian
nliis enectilar
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Figure 3. (a): Pixels, including those with specular content, are formed by adding a vector in the (ex —

enr) direction. (b): Points are made independent of lighting by projection onto the plane orthogonal
to (ex — enr); the original generalized color directions are kept the same by rotating back into the

original log color space directions.
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Figure 4. Calibration using Lambertian patches: mean-subtracted log i lines are nearly conincident
(here 2D projections are plotted).
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Figure 5. (a): Projected 2D log color ratios. (b): Using the maximum log ratio radius in each direction
in log space.
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(d)
Figure 5. continued. (c): Recovered generalized color image without shading, specularities, and
independent of lighting. (d): Recovered Red generalized color image, for second sphere.
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Kodak Graycard
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Figure 6. (a): Synthetic image derived from hyperspectral images: RGB = first three bands. (b):
Fourth band. (c): Radiance from Kodak Graycard: solid line shows Planckian illumination at T= 3000.
(d): Image as it would be acquired by a color-balanced RGB camera.

12



1.0

0.5

-1.5 -1.0 -0.5 0.0 0.5
Projected Log Ratios for Hyperspectral-Derived Image

© (d)

Figure 7. (a): Log ratio pixel values, projected into 2D color space. (b): Angle image for log ratios,
calculated from specular point. (c): For comparison, the histogram-equalized version of Fig. 6(b).
(d): Generalized color image, with each generalized color driven to the maximum at each angle from
the specular point.
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Figure 8. (a,b): Sub-image for a specularity, in the four channels. (c): Pixels values (for two channels):
Specularity in blue circles, Graycard in red points— some specularity pixels are identical to graycard
points.
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®
Figure 9. RGB images and corresponding invariant images derived from 4-sensor data.
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Figure 9. continued. RGB images and corresponding invariant images derived from 4-sensor data.
(Full-size images may be viewed at [1].)
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