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Abstract
Photometric reconstruction is the process of estimating the illumination and surface reflectance properties of an
environment, given a geometric model of the scene and a set of photographs of its surfaces. For mixed-reality
applications, such data is required if synthetic objects are to be correctly illuminated or if synthetic light sources
are to be used to re-light the scene. Current methods of estimating such data are limited in the practical situations
in which they can be applied, due to the fact that the geometric and radiometric models of the scene which are
provided by the user must be complete, and that the position (and in some cases, intensity) of the light sources must
also be specified a-priori. In this paper, a novel algorithm is presented which overcomes these constraints, and
allows photometric data to be reconstructed in less restricted situations. This is achieved through the use of virtual
light sources which mimic the effect of direct illumination from unknown luminaires, and indirect illumination
reflected off unknown geometry. The intensity of these virtual light sources and the surface material properties are
estimated using an iterative algorithm which attempts to match calculated radiance values to those observed in
photographs. Results are presented for both synthetic and real scenes that show the quality of the reconstructed
data and its use in off-line mixed-reality applications.

1. Introduction

The ability to capture reflectance and illumination informa-
tion from a real environment opens many useful applications
in both computer graphics and computer vision. Among
other things, performing such photometric reconstructions
allows for realistic renderings of a real environment under
novel lighting conditions, as well as the seamless introduc-
tion of correctly illuminated synthetic objects into images of
the scene.

Modelling real-world reflectance and illumination data is
a complex process. Reflective properties of real surfaces, in
the form of bi-directional reflectance distribution functions
(BRDFs) may be obtained using laboratory measurement
equipment 1; 2. Such equipment cannot, however, be used to
capture data in situ, and is therefore limited in its practical
applicability. The photometric properties of standard lumi-
naires have also been well documented by their manufac-
turers. In real environments, however, factors such as age,
cleanliness and utilization level affect the accuracy of these
distributions, reducing their effectiveness in modelling real
light sources. Modelling natural illumination is also possible

through the use of analytical models representing the sun and
skylight 3; 4, although fitting the model parameters to match
specific illumination conditions is a difficult process, and is
not always possible due to weather factors not accounted for
by the model.

Image-based approaches to photometric reconstruction at-
tempt to estimate illumination and reflectance data from one
or more images of the scene. Current image-based methods,
however, impose restrictions on the situations in which they
can be applied. A complete geometric model of the scene
must often be provided by the user, and radiometric infor-
mation in the form of photographs of each surface are also
required 5; 6; 7. Also, algorithms either place restrictions on
the type of illumination being modelled 8, or require knowl-
edge of the position or spatial intensity distributions of the
luminaires 6; 5; 7.

Requirements on the amount of user-supplied data must
be reduced if image-based photometric reconstruction algo-
rithms are to be applied in practical real-world situations.
Constructing geometric and radiometric models of the scene
places constraints on the size and complexity of the prob-
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lems which can be tackled, since using computer vision al-
gorithms to reconstruct a complete geometric description is a
time-consuming and difficult process, especially in outdoor
or large indoor environments. By reducing the amount of ge-
ometry we need to capture, the burden on the user is lifted
and the reconstruction may be performed more quickly and
efficiently. Aside from geometry capture, requiring a-priori
information on the type and variety of luminaires incurs the
greatest limitation. Environments often contain a mixture
of unknown artificial light sources and natural illumination
from the sun and skylight, complicating the process of mod-
elling their position and photometric properties.

A general reconstruction algorithm will provide the capa-
bility to obtain usable estimates of surface reflectance and
illumination distribution from incomplete geometric and ra-
diometric models of the environment. This means that recon-
structions may be performed in situations where modelling
all scene geometry is not possible. A general algorithm will
also not restrict the type or mixture of luminaires which can
be included, and should not require the user to specify their
photometric or geometric properties before the reconstruc-
tion can be performed. In this paper, we present such an al-
gorithm and describe how it can be used to estimate the illu-
mination and surface reflectance properties of real environ-
ments. Reconstructions are performed using a number of vir-
tual light sources positioned around the scene, which model
the effect of direct illumination from unknown luminaires,
and indirect illumination reflected off unknown geometry.
Our algorithm does not require the user to provide any infor-
mation regarding the position or photometric properties of
the luminaires. We will show how reconstructions of illumi-
nation and surface reflectance data can be performed in real
situations containing both artificial and natural illumination.

The rest of this paper is structured as follows: In Section 2
we briefly review other image-based approaches to photo-
metric reconstruction. Following that, Sections 3 to 5 out-
line our new algorithm, describe how virtual light sources
are positioned and how they are used to estimate surface
reflectance and illumination. Results for both synthetic and
real images are then presented in Section 6. Finally, we draw
conclusions from the work in Section 7.

2. Previous Work

Recent research efforts into photometric reconstruction have
attempted to tackle the problem of capturing illumination
and reflectance data from sets of images of a real environ-
ment. In 9; 10 illumination data was captured in the form
of a high-dynamic range (HDR) omni-directional image,
and material properties of surfaces were estimated so that
synthetic objects could be merged into photographs of real
scenes. With these methods, the illumination is only valid
near to where the omni-directional image was captured. In8,
reflectance properties of architectural structures were esti-
mated from images illuminated by sun and skylight. This

data was then used to re-render the structures under different
distributions of skylight.

Recently, Yu et al. 6 presented methods to recover dif-
fuse, specular, and textured material properties of surfaces
from images. A complete geometric model of the environ-
ment and knowledge of the position and intensity of the light
sources was first specified by the user. After iterative refine-
ment, estimates of an albedo map and parameterized BRDF
model for each surface were obtained. HDR images 11 were
used to remove the effect of non-linearities in the image cap-
ture process and provide radiometric measurements for each
surface in the scene.

The problem of estimating diffuse surface reflectance and
light source emission properties for re-lighting real images
has been investigated by Loscos et al. 5; 7. In their approach,
diffuse reflectance and light source emissions were roughly
approximated using radiosity-based measures similar to the
earlier work of Fournier et al. 12. This data was then used
in conjunction with a cluster-based hierarchical radiosity al-
gorithm to provide mechanisms to interactively modify the
intensity parameters of the light sources, and to introduce
synthetic objects into the scene.

The recent work of Sato et al. 13 took an alternative ap-
proach to the problem, by estimating a hemispherical illu-
mination distribution using information contained in shad-
ows falling on a surface. The illumination distribution, along
with the diffuse and specular reflectance properties of the
shadowed surface were then refined iteratively. This method
provides the most flexibility in terms of the type and dis-
tribution of luminaires which may be included, since their
photometric properties must not be specified a-priori. How-
ever, in a similar fashion to the omni-directional image tech-
niques of 9; 10, the reconstructed data was only valid over a
small region of the scene due to the hemispherical nature of
the resulting illumination model.

3. Virtual Illumination Surfaces

The novel photometric reconstruction algorithm presented
here is capable of estimating illumination and material prop-
erties in situations where incomplete geometric and radio-
metric data are provided, as well as situations where the light
is a mixture of unknown artificial and natural illumination.
This flexibility is achieved using virtual light sources which
model the direct illumination from unknown light sources,
and indirect illumination reflected off unknown geometry. It
is important to understand that we are not attempting to ac-
curately estimate the emission properties of each individual
luminaire in the scene, but rather to construct a representa-
tion of the illumination which is consistent with the surface
radiance values observed in the photographs.

Consider the simple environment shown in Figure 1,
which consists of a room containing geometric objects and
light sources, and assume that we have only reconstructed
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Figure 1: A partial model of a scene with two unknown light
sources.

geometric and radiometric data for one corner of the room,
visible from a camera position C. The illumination reflected
from a point x towards the camera C, can be described as
follows:

L(x;~ωr) =
Z

Ω
f (x;~ωi;~ωr)Li(x;~ωi)cosθidωi (1)

where L(x;~ωr) is the radiance reflected from the surface
point x towards the camera (in direction~ωr), Ω is the hemi-
sphere above x, f is the surface BRDF, Li(x;~ωi) is the radi-
ance seen in direction~ωi from x, and θi is the angle between
~ωi and the surface normal at x. Note that for clarity, we as-
sume that the surface has a zero emissive component.

The ways in which light reaches point x may be split into
four separate transport paths:

� Direct illumination from known light sources;
� Indirect illumination from known surfaces;
� Direct illumination from unknown light sources;
� Indirect illumination from unknown surfaces.

The first two of these transport paths account for light
coming from surfaces and light sources for which we have
reconstructed geometry and radiometric data from the pho-
tographs (the shaded regions in Figure 1). The second two
represent transfers from light sources or geometry for which
we have no data. If only a small part of the scene has been
photographed, these second two transport paths could ac-
count for the majority of the incident illumination at x.

We can modify Equation 1 to explicitly separate the con-
tribution due to the first two and second two transport paths
as follows:

L(x;~ωr) =
R

Ω+ f (x;~ωi;~ωr)Li(x;~ωi)cosθidωi +R
Ω� f (x;~ωi;~ωr)Li(x;~ωi)cosθidωi (2)

where Ω+ are directions over the unit hemisphere which in-
tersect reconstructed geometry, and Ω� are the directions
which do not.

Because we have no a-priori information regarding the
data in directions over Ω�, we can make no assumptions
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Figure 2: A Virtual Illumination Surface can represent the
illumination contributions of unknown light sources and ge-
ometry.

about the types of luminaire or shapes of surfaces which are
illuminating point x from these directions. The missing data
can, however, be accounted for using suitably positioned vir-
tual illumination surfaces which mimic the effect of this un-
known illumination. Virtual illumination surfaces are sim-
ilar in concept to the virtual walls developed to accelerate
radiosity calculations 14; 15. Each point on these virtual sur-
faces has an unknown spatial and spectral intensity distribu-
tion. The integral over Ω� can then be transformed into an
integral over these virtual surfaces, Vs. This gives a radiance
contribution from unknown light sources and geometry ofZ

Vs

f (x;x0;~ωr)Le(x;x
0)V (x;x0)cosθidA (3)

where Vs is the union of all virtual illumination surfaces, x0

is a point on those surfaces, and V (x;x0) is a visibility term
which is 1 if x and x0 are visible, and 0 otherwise. Le(x;x0)
is the radiance emitted by the surface at x0 towards x, which
is the same as the radiance seen by x in direction x ! x0 in
the complete environment (Figure 2).

Combining Equations 2 and 3 gives an expression for the
light reflected from a point x in direction~ωr in terms of the
surfaces visible in the photographs and the virtual illumina-
tion surfaces:

L(x;~ωr) =
R
Vs

f (x;x0;~ωr)Le(x;x0)V (x;x0)cosθidA+R
Ω+ f (x;~ωi;~ωr)Li(x;~ωi)cosθidωi (4)

Constructing virtual illumination surfaces like these al-
lows us to abstract away from the shape, position, spatial and
spectral intensity distributions of any unknown luminaires. It
also allows for abstraction away from the reflectance prop-
erties of un-modelled geometry, as light reflected from these
surfaces towards x is not considered any differently from
light emitted from the luminaires.

The light reaching point x can now be re-classified using
three transport paths:

� Direct illumination from known light sources;
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Figure 3: The virtual illumination surface can be considered
as a collection of virtual light sources, each with different
spatial and spectral intensity distributions.

� Indirect illumination from known surfaces;
� Direct illumination from the virtual illumination surfaces.

Note how the last two paths in the earlier classification have
been merged into a single direct contribution from the virtual
illumination surfaces.

4. Virtual Light Sources

Virtual illumination surfaces can be approximated by a col-
lection of M virtual light sources, each at position x0i (i =
0 : : :M� 1) with area Ai, and spatial intensity distribution
Lei(x

0

i ;~ωi), as shown in Figure 3. This assumes that the radi-
ance emitted by a virtual illumination surface in a direction
~ω is constant over a small area around x0i .

The contribution of the virtual illumination surfaces to
the radiance reflected from x in direction ~ωr can therefore
be approximated using a finite sum over the M virtual light
sources:

L�(x;~ωr) =
M�1

∑
i=0

f (x;x0i ;~ωr)Lei (x
0
i ;~ωi)V (x;Ai)Ai cos θi (5)

where~ωi is the direction x0i ! x, and V (x;Ai), is the fraction
of area Ai which is visible from point x.

Aside from the virtual illumination surfaces, the remain-
ing part of the radiance which is reflected from x in direc-
tion ~ωr comes from contributions from the reconstructed
surfaces. This can be approximated using Monte-Carlo sam-
pling techniques, whereby a discrete number of rays sample
the incident radiance field:

L+(x;~ωr) =
J�1

∑
j=0

f (x;~ω j ;~ωr)Li(x;~ω j)S(x;~ω j)cosθ jω j (6)

where J rays are distributed in directions ~ω j over the
hemisphere above x, Li(x;~ω j) is the radiance seen from x
in direction ~ω j , and ω j is the solid angle associated with
sampling direction j. Additionally, S(x;~ω j) is the surface
visibility term which is 1 if the sampling ray hits a sur-
face for which we have radiometric data available from the
photographs, and 0 otherwise. Note that we approximate

Li(x;~ω j) using the HDR image radiances. This implies that
we assume the surface intersected by a ray from x in direc-
tion ~ω j) is diffuse.

Combining Equations 5 and 6 then gives an expression for
the radiance reflected from point x in direction~ωr in terms of
the radiances visible in the photographs and unknown con-
tributions from the virtual illumination surfaces:

L(x;~ωr)� L�(x;~ωr)+L+(x;~ωr) (7)

In the following sections, we will show how virtual light
sources may be constructed. We will then go on to show how
these sources can be used to reconstruct illumination and
surface reflectance data for scenes where only partial geo-
metric and radiometric models are available.

An overview of the reconstruction process is as follows:
For a point x on the reconstructed scene geometry, each HDR
image in which this point is visible gives us an estimate
L(x;~ωk) of the radiance reflected from x towards a camera k.
This combination of a position and radiance estimate will be
referred to as a surface sample. From Equation 7, we know
that the sample’s radiance estimate will be the same as that
calculated using the reflectance properties at x, other radi-
ance values obtained from the HDR images, and the radiance
distributions of each virtual light source. Assuming we can
parametrise the spatial intensity distribution of the sources in
a suitable way, and we have more surface samples than we
have virtual light source emission coefficients, we can con-
struct an over-determined set of linear equations and solve
for the light source radiance distributions. We will show how
it is possible to solve for both the reflectance parameters and
spatial intensity distributions using standard techniques from
linear algebra. The following sections describe in more de-
tail how this process can be initialised and how the recon-
struction is performed.

4.1. Surface Sample Positioning

Samples are positioned over the surfaces of the scene by
tracing a ray through the centre of each image pixel, in-
tersecting the ray with the scene geometry, and placing a
sample at the closest intersection point. For high-resolution
images, however, this will generate an unmanageably large
number of samples if one is created for each surface intersec-
tion. Also, the density of samples will depend on the number
of cameras in which each surface is visible, thereby biasing
the least-squares solution described in Section 5. For these
reasons, we enforce a minimum distance between samples
which limits the number created and ensures an even density
over each surface. This is achieved by incrementally build-
ing a KD-tree using the sample positions, and using the tree
to find the distance from each candidate position to the near-
est sample which has already been created. If this distance
is below a user-specified threshold, the candidate position
is ignored. Figure 4 shows a typical set of samples created
using this algorithm.
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Figure 4: A KD-tree is used to enforce a minimum distance
between samples, and ensure an even density over each sur-
face.

4.2. Virtual Light Source Positioning

Once the surface samples have been created, we need to cre-
ate a suitable set of virtual light sources. This involves solv-
ing two problems: firstly, where to position the virtual light
sources, and secondly, how to describe their spatial intensity
distributions.

Virtual light sources should be positioned in regions for
which radiometric and geometric data is not available from
the HDR images. They should also be positioned so that they
illuminate the samples which have already been placed over
the surfaces in the scene. We achieve this using a Monte-
Carlo sampling algorithm, whereby a large number of rays
are emitted in a hemispherical distribution from each surface
sample. For each ray, we test to see if it intersects the scene
geometry. If the ray does intersect a surface, and there is no
radiometric data available at the intersection point (i.e. the
intersection point is not visible in any of the HDR images),
we create a virtual light source at that point. If the ray does
not intersect any geometry, we position a virtual light source
at the point of intersection between the ray and a bounding
sphere positioned around the scene.

Again, using this algorithm as is will generate too many
virtual light sources, so we enforce a minimum distance be-
tween source positions using a KD-tree, but use a larger
minimum distance than when positioning surface samples
(typically between 5 and 10 times). The area associated with
each source, Ai, is calculated as the area of a disc with this
distance as its radius. The visibility terms, V (x;Ai) are es-
timated by jittering a small number of rays over the area of
this disc and counting the fraction which do not intersect any
scene geometry.

Along with a position, we also store a normal direction
with each virtual light source. For sources positioned over
surface geometry, this direction is simply the surface normal.

Figure 5: Virtual light sources are positioned around the
scene, using a KD-tree to enforce a minimum distance be-
tween adjacent source positions.

For other sources, we use the radial direction of the bound-
ing sphere. Figure 5 shows a typical distribution of virtual
light source positions and normal directions for the surface
sample set shown in the previous section.

Once the positions of the virtual light sources have been
selected, we must choose an appropriate representation for
their spatial intensity distributions. The unknown radiance
distribution which the virtual light source is intended to
mimic may have a complex shape, so it is necessary to use
as flexible a representation as possible. The more complex
the parametrisation is, however, the more variables we must
solve for during the reconstruction process. For this reason,
we have chosen to represent each virtual light source as the
sum of a small number of cosine lobes, each with an associ-
ated power exponent and direction. The radiance emitted by
virtual light source i from point x0i in direction~ω is therefore:

Lei(x
0

i ;~ω) =
K�1

∑
j=0

Ei j(~ω �~ωi j)
αi (8)

where Ei j is the emittance for lobe j = 0 : : :K� 1, ~ωi j is
the direction associated with lobe j, and αi is the exponent
of the lobes associated with virtual light source i. We typi-
cally set K � 36, and αi = 20. These values have been found
to give an adequate coverage of the hemisphere while still
allowing for relatively fine control over the radiance distri-
bution. For virtual light sources positioned on surfaces, we
again assume the unknown surface is diffuse, and create a
single emission lobe aligned with the surface normal, set-
ting αi = 1. This has the effect of reducing the number of
unknown lobe emissions we must solve for, although the as-
sumption could easily be lifted at the cost of increased solu-
tion time. Using this parametrisation in Equation 5 gives an
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Figure 6: Emission lobe directions are selected using a cov-
erage mask.

expression relating the unknown lobe emittances, Ei j, to the
radiance reflected from a point x in direction~ωr.

In order to choose appropriate directions for each lobe, we
build a two dimensional coverage mask for each virtual light
source (typically of resolution 128� 128 or above). Pix-
els in the mask are mapped uniformly onto directions over
the hemisphere associated with the light source normal, and
each pixel is set if a ray in that direction intersects surface
geometry which is visible in the HDR images (recall that it
is these positions over which we have positioned the surface
samples). This gives an indication of the directions in which
the virtual light source will be illuminating surface samples.

Once a mask has been constructed, it is uniformly sub-
divided into a small number of regions (typically, 6� 6, al-
lowing for a maximum of K = 36 emission lobes per source),
and the contents of each region of the mask are examined. If
the fraction of pixels in one region is greater than a user-
specified fraction (e.g. 10%), a lobe is created in the di-
rection corresponding to the centroid of visible pixels (Fig-
ure 6). An example of the union of a set of typical emis-
sion lobes is given in Figure 7. After lobes have been cre-
ated for each virtual light source, we may solve for their
unknown emission coefficients. The next section describes
how this can be done, assuming the reflectance properties
of each surface are known. Following that, an iterative algo-
rithm is given in Section 5.1 that is capable of solving for the
unknown lobe emissions and unknown reflectances.

5. Illumination Reconstruction

Assuming that the surface BRDFs are known, a linear equa-
tion may be obtained from Equations 5 to 8, expressing the
HDR image radiance associated with each sample x in terms
of the unknown lobe emissions:

L(x;~ωr)�L+(x;~ωr) =
M�1

∑
i=0

K�1

∑
j=0

Ei j f (x;~ωi;~ωr)ki j (9)

Figure 7: A typical union of emission lobes for a virtual light
source. Lobe directions are shown as lines piercing the sur-
face.

where ki j are geometric coefficients for this sample:

ki j =V (x;Ai)(�~ωi �~ωi j)
αi Ai cosθi (10)

and~ωi is the direction from point x to the virtual light source
at x0i .

Provided we have more samples than unknown lobe emis-
sion coefficients, we may solve for all Ei j using standard lin-
ear algebra techniques. The system of equations will not be
satisfied exactly, so we solve in the least-squares sense16. To
ensure that we do not give extra weighting to larger image ra-
diances, we scale each equation by 1=(L(x;~ωr)�L+(x;~ωr)).
Additionally, we enforce a bound of Ei j � 0 to ensure we ob-
tain a physically plausible solution.

5.1. Reconstruction with Unknown Reflectance

In most real-world situations, the reflectance properties of
surface samples will not be known a-priori, and so must be
estimated at the same time as the illumination distribution.
To achieve this, we take a similar iterative approach to 13.
A diagram illustrating the reconstruction process is given in
Figure 8. Before the reconstruction is performed, the user
groups surfaces of the geometric model into different mate-
rials, and specifies each material as being either diffuse or
specular.

As a pre-process, we compute and store information to ac-
celerate the calculation of L+(x;~ωr) for each surface sample.
This involves performing a dense hemispherical sampling
of the space above each sample position using ray-casting.
Each ray is intersected with the environment, and the inter-
section point is tested to see if it is visible in an HDR im-
age. For points which are visible, we use the radiance from
the HDR image to contribute to the incident radiance at the
surface sample. Recall that this assumes that the surface at
the intersection point is diffuse, although techniques similar
to those proposed in 6 could be used to allow this assump-
tion to be removed. For diffuse surface samples, we store
the total irradiance contribution with the sample. This al-
lows L+(x;~ωr) to be quickly evaluated using different dif-
fuse reflection coefficients. For specular samples, we store a
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Figure 8: Iterative refinement of both reflectance data and
lobe emission coefficients.

record of each radiance contribution, along with the direc-
tion it came from, with the surface sample. These radiance
records allow Equation 6 to be quickly evaluated for differ-
ent surface BRDFs without re-sampling the environment.

5.2. Reflectance Initialisation

The radiance values which are observed in the HDR images
are a function of the reflectance properties of the surfaces,
the emittance values of the illuminants and the camera sen-
sors. Subsequently, we have no way of separating reflectance
colour from illuminant colour – a red surface illuminated
by white light could look very similar to a white surface
illuminated by red light. The iterative reconstruction algo-
rithm described in Section 5.3 is capable of identifying a
combination of light source emission coefficients and sur-
face reflectances which, when used to illuminate the surface
samples give radiance values matching those observed in the
HDR images, but there is no way of knowing that we have
found the correct combination, as many different combina-
tions could suffice.

As will be explained in more detail, estimates of diffuse
surface reflectance are used to initialise an iterative process
which alternates between estimating lobe emission coeffi-
cients and surface material data. In an attempt to ensure that
the reconstruction converges towards an approximately cor-
rect combination of reflectance and emission coefficients, we

use a colour normalization algorithm during the initial re-
flectance estimation. This normalization algorithm processes
each HDR image in order to remove the effects of illuminant
geometry and colour 17.

The initial estimates of sample reflectance are therefore
calculated as follows: Firstly, a copy of the HDR image is
normalized using the simple iterative normalization process
described in 17, whereby alternate steps remove the effects
of illuminant intensity and illuminant colour respectively.
Once the iterative process converges, we can estimate the
reflectance of each diffuse material using an average of the
normalized image intensities:

ρdλ =
1
S

S�1

∑
i=0

aiλ (11)

where ρdλ is the diffuse reflectance coefficient of one mate-
rial for channel λ= [R;G;B], S is the number of samples cov-
ering surfaces associated with this material which are visible
in the HDR images, and aiλ is the normalized image intensity
at the pixel in which sample i is visible.

For glossy surfaces, we use a modified Phong reflection
model 18:

f (x; ~ωi; ~ωr) =
ρd

π
+

n+2
2π

ρs cosn γ (12)

where ρd and ρs are the diffuse and specular reflectivities,
n is the specular exponent, and γ is the angle between the
ideal specular direction and ~ωr . ρd is initialised in the same
way as for diffuse materials, and ρs is set to zero. After ma-
terial reflectances have been initialised, initial estimates of
the lobe emission coefficients are found, as described above
(Equation 9).

5.3. Iterative Refinement

Once initial values for the lobe emission coefficients have
been found, we use them to update the estimates of surface
reflectance. For diffuse materials, we find reflection coeffi-
cients for each colour channel satisfying:

ρd =
πL(xs~ωrs)

Gs
(13)

for all s samples associated with the material in the least-
squares sense, where Gs is the total incident radiance at xs:

Gs = Is +
M�1

∑
i=0

K�1

∑
j=0

Ei jki j (14)

and Is is the irradiance contribution from surfaces visible in
the HDR images which is stored with sample s, Ei j are the
virtual light source emission coefficients, and ki j are the ge-
ometric coefficients associated with sample s. Reflectances
are clamped to the range [0;1] if necessary.

For each glossy material, we must find both diffuse and
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specular reflectivity coefficients, as well as the specular ex-
ponent. Considering Equation 9, we can derive a cost func-
tion to be minimised using non-linear optimisation with un-
known variables ρd , ρs and specular component n. This cost
function is the sum (over all surface samples associated with
the material) of differences between the left and right-hand
sides of Equation 9, where L+(x;~ωr) is calculated using the
pre-stored radiance records. We use a subspace-searching
simplex algorithm 19 to perform this optimisation. The sum
of diffuse and specular reflectances is constrained to lie be-
tween zero and one, and the specular exponent constrained
to be positive to ensure a physically plausible solution. These
constraints are applied during the optimisation using penalty
functions, whereby the error associated with a candidate set
of parameters which do not satisfy the constraints is artifi-
cially raised.

5.4. Convergence

In order to halt the iterative refinement process shown in Fig-
ure 8, we need a measure of convergence. We use the to-
tal RMS error in surface sample radiance, when compared
to the radiances measured from the HDR images (i.e. the
sum of the squares of the differences between the left and
right-hand sides of Equation 7). Once the change in RMS
error between iterations falls below a user-specified thresh-
old, re-estimating sample reflectance coefficients and lobe
emissions is no longer improving the quality of the recon-
structed solution. It has been noted previously, however, that
RMS error is not a good indication of the visual differences
between two images 20. Further research is required to de-
velop a suitable measure of error and convergence for pho-
tometric reconstruction, and metrics such as Daly’s Visible
Differences Predictor 21 should be investigated.

5.5. Textured Surfaces

Most surfaces in the real world do not have uniform re-
flectance properties. Following 6, we assume that textured
materials have uniform specular properties, but we allow for
non-uniform diffuse reflectance coefficients. One approach
to account for surface textures would be to estimate sepa-
rate diffuse reflectances for each surface sample using Equa-
tion 13, rather than single coefficients for each material. We
have found, however, that this raises the problem of illumi-
nation gradients in the HDR images being accounted for by
changes in texture reflectance, rather than by changes in in-
cident illumination.

To combat this problem, we estimate diffuse reflectance
coefficients for each material as normal, and only reconstruct
textures for each surface after the iterative refinement has
converged. A texture map is constructed for each polygon
by applying Equation 13 to each texel, thereby estimating its
diffuse reflectance coefficients.

Figure 9: Reconstructed geometry (shown in wire-frame),
overlayed on one of the images from which it was recon-
structed.

6. Results

In this section, we present results of the new reconstruction
algorithm when applied to both synthetic and real data. In
all cases (both synthetic and real) geometric data was ob-
tained using projective reconstruction techniques, and then
updated to a Euclidean framework using self-calibration al-
gorithms 22. Once the camera positions were correctly cali-
brated, a geometric model was obtained by matching poly-
hedral primitives to features in each image 23. HDR images
for the reconstructions were obtained using the techniques
developed by Debevec et al. 11. A wire-frame representation
of a reconstructed model is shown in Figure 9, overlayed on
one of the images from which it was reconstructed.

6.1. Synthetic Data

The performance of the reconstruction algorithms was first
tested on synthetic images, generated using the RADIANCE
global illumination software 24. Pairs of images from two
renderings of the same scene are shown in Figure 10. The
left-hand pair of images show the scene with uniform dif-
fuse surfaces, illuminated by three coloured light sources.
The pair on the right shows the same scene with a specular
floor polygon and two procedural textures on the walls. In
the second pair, natural light from a hemispherical sky is il-
luminating the scene through a window, in addition to the ar-
tificial light sources. The left-hand image of each pair shows
one of the reference HDR images which was used as input
to the reconstruction algorithm. Six materials were created:
one for each box, and one for each visible wall, and one for
the floor.

The techniques described in this paper were then used to
estimate the illumination distribution and reflectance prop-
erties of the visible surfaces. For these experiments, 3400
surface samples were positioned over the scene, along with
130 virtual light sources, containing just under 600 emission
lobes. The time spent on solving the 3400� 600 system of
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Figure 10: Comparison of reference images against those rendered using reconstructed illumination and material data for two
synthetic scenes. For each pair, the reference HDR image is shown on the left, and a rendering of the reconstructed scene on
the right.

Material Estimated Reference

Box 1 0.72, 0.54, 0.70 0.70, 0.70, 0.70

Box 2 0.71, 0.18, 0.12 0.70, 0.20, 0.10

Box 3 0.12, 0.19, 0.79 0.10, 0.20, 0.70

Wall 1 0.20, 0.64, 0.46 0.20, 0.70, 0.30

Wall 2 0.29, 0.37, 0.66 0.30, 0.50, 0.70

Floor 0.80, 0.53, 0.62 0.70, 0.60, 0.50

Table 1: Diffuse reflectance coefficients estimated by the re-
construction algorithm for a simple synthetic environment.

bounded linear equations for this example was under 4 min-
utes for each colour channel, using the DBOLS software 16

on a 250 MHz MIPS R10000 processor. A similar amount
of time was required to estimate specular reflectance param-
eters at each iteration. The estimated diffuse reflectance co-
efficients are compared to reference values in Table 1. Note
that although the values are not exact, approximately correct
colours have been obtained even though the reconstruction
was performed with partial geometric and radiometric mod-
els of the scene. We believe the main source of error is the
initial image normalization, which assumes a ‘grey-world’
colour constancy model 17.

Once the photometric properties of the scene were esti-
mated, Monte-Carlo ray-tracing was used to re-render the
environment. The right-hand image of each pair in Figure 10
shows the results. Note that features such as shadow bound-
aries, surface colours and intensity gradients are perceptu-
ally similar to the original algorithm, indicating that the al-
gorithm is capable of providing a visually accurate photo-
metric reconstruction.
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Figure 12: Normalized RMS error in radiance for each
colour channel as the number of iterations increases.

6.2. Real Data

The photometric reconstruction algorithms have also been
tested using images of a real environment. In these cases, a
small number of images were taken with a Kodak DC290
digital camera. Three images were used to reconstruct a par-
tial geometric model of the environments, and one HDR im-
age was captured to provide partial radiometric data for the
scene. For the environments shown in Figures 11, 13 and 15,
four diffuse materials were specified before the reconstruc-
tions were performed: one for the floor, one for the cardboard
boxes, and two materials for the book.

Figure 11 shows a simple scene lit by artificial illumina-
tion. On the left-hand side is one of the original HDR im-
ages from which the illumination and material data was re-
constructed. In the middle is a completely synthetic image,
which was rendered using the reconstructed data (without
surface textures). This image was obtained after 7 iterations
using 1800 surface samples, and 950 virtual light source
emission lobes. After surface textures were constructed, the
image was re-rendered, and the result is shown on the right-
hand side. Plots of the RMS error over the course of the re-
construction are given in Figure 12.
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Figure 11: Comparison between real and synthetic images for a scene illuminated by artificial light. The reference HDR image
is shown on the left, with the untextured synthetic model in the middle, and a synthetic rendering with textures on the right.

Figure 13: Results for a similar scene to Figure 11, this time lit by natural light.

Figure 14 shows the difference between the calculated and
target radiance (measured from the HDR images) for each
surface sample. The top graph was generated after a single
iteration of the algorithm (i.e. after illumination was recon-
structed using the initial reflectance estimates). The lower
graph shows the result after the seventh iteration. The spikes
in each graph can be attributed to the Monte-Carlo nature
of the reconstruction and the non-uniform reflectance of the
surfaces in the HDR images. In Figure 13, similar results are
presented for the same scene, lit by natural light.

Once a photometric reconstruction has been performed,
the data can be used in mixed-reality applications. Such ex-
amples are given in Figure 15. The left-hand image shows
a synthetic image of the reconstructed scene rendered from
a novel viewpoint. Additional synthetic light-sources have
been introduced into the scene in the middle image, and used
to illuminate the surfaces. In the right-hand image, several
synthetic objects have been introduced into the model, and
the shadows cast by these objects onto the reconstructed sur-
faces can be clearly seen.

7. Conclusion

We have presented a novel algorithm for reconstructing the
illumination distribution and surface reflectance properties
of a scene from a set of images. Our approach is capable of
performing such reconstructions in situations when only a
partial geometric and radiometric model of the scene is avail-
able. This is achieved by positioning virtual light sources

around the scene which mimic the effect of direct illumi-
nation from unknown light sources, and indirect illumina-
tion reflected from unknown geometry. Once these virtual
sources have been positioned, their emission properties are
obtained by solving a set of bounded linear equations. An
iterative algorithm for simultaneously estimating surface re-
flectance properties has also been described.

Future research will examine suitable perceptual metrics
for measuring the error and convergence properties of the
reconstruction process. Also, further work is needed to im-
prove the estimation of specular reflectance parameters for
surfaces which reflect objects and light sources not included
in the reconstruction.
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