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ABSTRACT

We present a parameter-free method for estimating the BRDF
of a subject’s skin from a single image. We show how the
technique can be used to remove specularities caused by
perspiration or oil on the skin’s surface and demonstrate that
this yields improved analysis using shape from shading.

1. INTRODUCTION

Variation in images of faces can be conceptually divided
into a number of subspaces, which are chosen to reflect
useful facial dimensions. Commonly these subspaces are:
identity, expression, pose and lighting. A further and often
neglected source of variation is due to the reflectance prop-
erties of skin, which can cause dramatic differences in the
appearance of a face. Variation in skin reflectance can be
attributed primarily to three factors: melanin concentration,
haemoglobin concentration and the amount of perspiration
or oil present at the skin’s surface. All three factors can
vary for a given subject due to exposure to U.V. radiation
and variation in body temperature, but it is the speculari-
ties caused by perspiration or oil that are responsible for the
biggest variation in a face’s appearance.

For this reason, the accurate modelling of skin reflectance
is of considerable topicality in machine face recognition.
The bi-directional reflectance distribution function (BRDF)
of a subject’s skin may itself contain useful biometric in-
formation, thus providing features for face recognition and
classification. It may also provide information about the
condition of the skin such as the presence of abnormalities.
Moreover, many techniques proposed for face recognition
rely on the assumption that skin is a perfect Lambertian re-
flector [1, 2, 3]. If an accurate BRDF is to hand then photo-
metric correction may be applied to recover the Lambertian
reflectance component. This correction process may prove
useful for removing specularities, which is of particular im-
portance if the images are to be analysed using shape from
shading. Further, just as shape free faces have proven more
suitable for recognition using principal component analysis
[4], reflectance normalised faces would also be more accu-
rately modelled in linear spaces if photometric correction is
applied as a preprocessing step.

The methods used to model or approximate the BRDF
can be divided into those that are physics-based, semi em-
pirical or empirical in nature. In the case of skin, its com-
plex physical nature has meant the majority of work has
concentrated on computationally efficient models capable
of realistic skin rendering. In the graphics community, it is
the phenomenological sub-surface scattering model of Han-
rahan and Krueger [5] that has been most widely adopted,
due to its efficient implementation and visually accurate ren-
derings. More recently, Jensen et al [6] have developed a
model of subsurface light transport which has been shown to
produce superior renderings to that of Hanrahan and Krueger.

However, neither the models developed in physics nor
the computational models developed in graphics are well
suited for skin analysis tasks in computer vision. An alter-
native is to make empirical estimates (or learn) the BRDF
under controlled lighting and viewing conditions. The main
problem with this approach is that the BRDF has four de-
grees of freedom, that correspond to the zenith and azimuth
angles for the light source and the viewer. As a result the
tabulation of empirical BRDF’s can be slow and labour in-
tensive. Moreover, since these methods require a perfectly
stationary, flat sample, they are badly suited to taking mea-
surements from skin samples of live subjects. Marschner et
al have gone some way to solving these problems [7].

The fact that skin reflectance properties vary so widely
both between subjects and between the same subject at dif-
ferent times, means that no empirically measured BRDF
will suffice to characterise skin reflectance in general. Like-
wise, none of the limited number of reflectance models ap-
plicable to computer vision could accurately capture the wide
variation in skin reflectance properties. For this reason, an
empirical image based BRDF estimation technique is best
suited to computer vision tasks involving skin. In the next
section we present a novel parameter free method for esti-
mating skin BRDFs from a single image under conditions
in which the light source and viewer direction are identical.

2. IMAGE BASED BRDF APPROXIMATION

We simplify the problem of estimating the radiance func-
tion by exploiting differential geometry and making use of
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the Gauss map from the surface onto a unit sphere. For an
orientable surface S ∈ <3, the Gauss map G : S 7→ Ŝ

maps points on the surface S onto locations on the unit
sphere Ŝ which have identical surface normal directions.
Our aim is to use correspondences between surface normal
directions to map brightness values from the image onto the
unit sphere. The polar distribution of brightness on the unit
sphere Ŝ is the radiance function for the surface.

Provided that the reflectance properties of the surface
are isotropic and homogeneous then the problem is simpli-
fied considerably if the viewer and light source directions
are identical. The isotropy assumption will ensure that cir-
cles of latitude on the unit sphere will have constant bright-
ness. The problem of recovering the distribution of bright-
ness with latitude becomes that of estimating the zenith an-
gle from the distribution of image brightness.

Hence, we specialise our discussion to the case where
the plane Π is chosen so that the viewer direction vector
~V and the light-source direction vector ~L are co-incident,
i.e. ~L = ~V. Suppose that the point p on the unit sphere
has zenith angle θp and azimuth angle αp. Under the Gauss
map, the brightness value associated with this point is de-
noted by the polar radiance function fO(θp, αp) = Is, where
Is is the measured brightness at the corresponding point s

in the image of the surface S. As noted above, when the
viewer and light source directions are identical, then pro-
vided that the reflectance process is isotropic, then the distri-
bution of radiance across the unit sphere can be represented
by a function g(θp) of the zenith angle alone. As a result,
the observed brightness values mapped onto the unit sphere
by the Gauss map G can be generated by revolving the func-
tion g(θp) = fO(θp, 0) in azimuth angle αp about the axis
defined by the viewer and light source directions. The prob-
lem of describing the observed brightness distribution over
the Gauss sphere hence reduces to that of approximating the
function g(θp) and computing its trace of revolution.

The Cartesian image of the unit sphere under orthogra-
phic projection onto the plane Π̂ can hence be represented
using polar-coordinates as:

IΠ̂(sin θp cos αp, sin θp sin αp) = fO(θp, αp) (1)

In fact, when the light source and viewer directions are iden-
tical, then the image is circularly symmetric and we can
write

IΠ̂(sin θp cos αp, sin θp sin αp) = g(θp) (2)

It is possible to estimate g(θp) using the differential struc-
ture of the observed brightness on the image plane Π. g(θp)
can be rewritten as the integral of the partial derivative of
the observed brightness with respect to the angular variable
θp. As a result, g(θp) is given by

g(θp) =
1

2π

∫ 2π

0

∫ θp

0

∂fO(θ, α)

∂θ
dθdα (3)

In other words, the generating function g(.) on the unit sphere
can be expressed in term of the cumulative distribution of
the derivatives of the radiance function or alternatively the
derivatives of the image brightness.

We now turn our attention to the image of the unit sphere
on the plane Π̂. Suppose that F (rp, θp) is a parametric po-
lar function that represents the distribution of radiance over
the image of the unit sphere. The radial component of this
function can be used to approximate the generator of the
radiance function on the unit sphere Ŝ, i.e. g(θp). The ra-
dial co-ordinate of the function is the Euclidean distance
between the point p and the center-point of the unit sphere
Ŝ on the viewer plane Π̂, i.e.
rp =

√

(sin θp cosαp)2 + (sin θp sin αp)2 = sin θp. Hence

F (rp, θp) =

[

rp

g(θp)

]

=

[

sin θp

1
2π

∫ 2π

0

∫ θp

0
∂fO(θ,α)

∂θ
dθdα

]

(4)

Since the surface normals are not to hand, the correspon-
dences between locations on the surface and the unit sphere
are not available. Hence, the quantity θp is unknown. In
other words, the function F (rp, θp) only allows the surface
S to be mapped onto the unit sphere Ŝ in an implicit man-
ner.

This lack of correspondence information can be over-
come by using the distribution of brightness gradients on the
image plane to estimate the radiance function. To do this,
we commence by showing the relation between the image
brightness gradient | ∇Is | and the function g(θp). Since
the image is circularly symmetric, the image gradient can
be rotated about the z-axis without any loss of generality.
We align the image gradient with the azimuth direction us-
ing the rotation matrix

Rz =

[

cos(αp) sin(αp)
− sin(αp) cos(αp)

]

(5)

which rotates the vector ∇Is by an angle αp in a clockwise
direction about the z-axis.

The image brightness derivatives may be related to those
of the function g(θp) using the inverse Jacobian via the fol-
lowing matrix equation

Rz

[

∂Is

∂x
∂Is

∂y

]

= J−1

[

∂g(θp)
∂θp

∂g(θp)
∂αp

]

(6)

where the Jacobian matrix for the transformation from the
image to the unit sphere is

J =

[

∂x
∂θp

∂x
∂αp

∂y
∂θp

∂y
∂αp

]

=

[

∂(sin(θp) cos(αp))
∂(θp)

∂(sin(θp) cos(αp))
∂(αp)

∂(sin(θp) sin(αp))
∂(θp)

∂(sin(θp) sin(αp))
∂(αp)

]

(7)
Using the rotation on the image plane and the coordinate

transformation between the image plane and the unit sphere,
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we find that

|∇Is| =
1

cos θp

∂g(θp)

∂θp

=
∂g(θp)

∂ sin θp

(8)

In this way, we can relate the image gradient to the
derivative of the function g(θp) with respect to the zenith
angle θp. In terms of finite differences, the relationship be-
tween the image gradient and the changes ∆g(θp) in g(θp)
and ∆sin θp in θp is the gradient of the function F (rp, θp),
i.e. |∇Is| =

∆g(θp)
∆ sin θp

. Furthermore, on the unit sphere Ŝ, it
is always possible to choose points to be sampled so that the
difference in brightness is a constant τ . As a result, we can
write ∆sin θp = τ

|∇Is|
.

To recover θp from the expression above we perform nu-
merical integration. To do this we sort the image gradients
according to the associated image brightness values. Ac-
cordingly, let | ∇I |l be the image gradient associated with
the brightness value l. The numerical estimate of sin θp is
found by summing or integrating the distribution of gradi-
ents over brightness

sin θp =

m
∑

l=1

τ

| ∇Is |l
+ κ (9)

where κ is the integration constant and m is the maximum
brightness value. Hence, we can use the cumulative distri-
bution of inverse gradients to index the zenith angle on the
unit sphere. This indexation property means that we can ap-
proximate the function F (rp, θp) or equivalently g(θp) by
tabulation.

To pursue this idea, in principle, we only require a single
image gradient corresponding to each of the distinct bright-
ness levels in the image. In practice, we make use of the
cumulative distribution of image gradients in order to min-
imise the approximation error by averaging. Let H(l) =
{s | Is = l} be the set of pixels with brightness value l. For
the brightness value l = g(θp), the average gradient is given
by

h(l) =

∑

(s)∈H(l) | ∇Is |

| H(l) |
(10)

The distribution of average gradient over brightness is stored
as a vector h. Zero entries of the vector, which correspond
to brightness values that are not sampled in the image, can
cause divide-by-zero errors when the radiance function is
computed. To overcome this problem, we smooth the com-
ponents of the vector by performing piecewise linear inter-
polation of the adjacent non-zero elements. The resulting
vector is denoted by ĥ With the average image gradient to
hand, we define the tabular approximation F̂ to F (rp, θp)
as the set of Cartesian pairs

F̂ = {(
(

τ

l
∑

i=1

ĥ(l)−1 + κ
)

, l); l = 1, 2, . . . , nmax} (11)

where nmax is the maximum brightness value in the image.
All that remains is to compute the constants τ and κ. We do
this by making use of the maximum and minimum values of
sin θp. Since the maximum and minimum values of sin θp

are unity and zero when θp = π
2 and θp = 0, we can set κ

to unity. Evaluating the numerical integral for l = nmax (i.
e. sin 0 = 0), we get τ = −

∑nmax

i=1 ĥ(i)−1.

3. EXPERIMENTS

In this section we provide some experimental results ob-
tained by applying the BRDF approximation technique de-
scribed in the previous section to images of faces. We com-
mence by demonstrating the effect of increased specular re-
flection on the recovered reflectance estimate. Next, we fo-
cus on photometric correction by re-rendering the images
using Lambert’s law to remove specularities. Finally, we
show needle maps and curvedness estimates recovered from
the images using shape from shading before and after the
application of photometric correction.

In all images the subjects were illuminated by a single
light source situated close to the viewer. Figure 1 shows
three images of the same subject along with their corre-
sponding estimated reflectance function, F̂ as a function of
sin θp. Perfect Lambertian reflectance is shown by the bro-
ken line. From left to right they have increasing amounts
of artificial perspiration applied, simulated by spraying a
water-based solution onto the skin. The increased specu-
lar reflection is clearly evident in the estimated reflectance
functions, with the specular spike where sin θp ' 0 becom-
ing more pronounced as the perspiration increases.

The first two rows of figure 2 show the effect of Lam-
bertian re-mapping on three images of perspiring faces. The
top row shows the original images. The second row shows
the faces after exchanging the estimated reflectance func-
tion with Lambert’s law. The strong specularities have been
cleanly removed and the intensity gradients across the three
faces have been enhanced. These images would clearly be
more suitable for shape-from-shading analysis than the orig-
inals.

The third and fourth rows show the needle maps recov-
ered using shape from shading before and after Lamber-
tian re-mapping. The surface detail is clearer in the needle
maps recovered after Lambertian re-mapping and the noise
around areas of specular reflection has been removed. Fi-
nally, the fifth and sixth rows show the curvedness estimated
from the surface normals. Specularities cause erroneous ar-
eas of high curvedness. It is clear from the curvedness plots
that the Lambertian re-mapping has successfully corrected
these whilst still maintaining the surface structure around
the nose.
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Fig. 1. Estimated reflectance functions for increasing
amounts of perspiration

4. CONCLUSIONS

In this paper we have described a parameter free method for
estimating the BRDF for human skin. The method has been
successfully applied to remove facial specularities caused
by perspiration or oily skin. In addition, these reflectance
corrected images have been demonstrated to yield improved
needle maps and curvedness estimates. There are a number
of ways in which the work described in this paper can be fur-
ther developed. First, the corrected Lambertian images can
be used for the purposes of face shape analysis and recog-
nition. Second, the acquired reflectance models can be used
for face synthesis and may find applications in biometric
identification or identifit modelling.
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