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Abstract Systems for the creation of photorealistic models
using range scans and digital photographs are becoming in-
creasingly popular in a wide range of fields, from reverse
engineering to cultural heritage preservation. These systems
employ a range finder to acquire the geometry information
and a digital camera to measure color detail. But bringing
together a set of range scans and color images to produce an
accurate and usable model is still an area of research with
many unsolved problems. In this paper we address the prob-
lem of how to build illumination coherent integrated texture
maps from images that were taken under different illumi-
nation conditions. To achieve this we present two different
solutions. The first one is to align all the images to the same
illumination, for which we have developed a technique that
computes a relighting operator over the area of overlap of a
pair of images that we then use to relight the entire image.
Our proposed method can handle images with shadows and
can effectively remove the shadows from the image, if re-
quired. The second technique uses the ratio of two images
to factor out the diffuse reflectance of an image from its il-
lumination. We do this without any light measuring device.
By computing the actual reflectance we remove from the im-
ages any effects of the illumination, allowing us to create
new renderings under novel illumination conditions.
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1 Introduction

This paper presents and compares two different methods for
creating illumination coherent models of large scale outdoor
scenes. We concentrate in the problem of texture fusion, i.e.
how to combine multiple texture images with 3D range data
to produce photo-realistic renderings in a physically plausi-
ble way. In particular, we analyze the problem of combin-
ing intensity images of outdoor environments captured un-
der different (unknown) illumination conditions without the
use of light probing devices. In this way, we keep model ac-
quisition as simple as possible.

First, we will show how to solve this problem by applying
a combination of relighting and de-shadowing operations.
The relighting operation brings two images to the same il-
lumination; the de-shadowing operation removes any shad-
ows that are present in the image. This approach is a sig-
nificant departure from the traditional methods of range and
intensity image rendering that either use a weighted average
of the input images (Pulli et al. 1997; Debevec et al. 1996;
Buehler et al. 2001) or apply a global color correction matrix
(Agathos and Fisher 2003; Bannai et al. 2004).

Secondly, we look into the problem of illumination and
texture factorization, where our goal is to factor the illumi-
nation from the texture and solve for the shading of each
image and the surface reflectance. By doing so, we ob-
tain an illumination-free texture map from a pair of im-
ages and the object geometry without prior recording or
calibration of the incident illumination. This technique falls
into the category of inverse-rendering techniques, since we
are measuring scene properties from images and objects
of known geometry. While measuring surface reflectance
of an object of known geometry under controlled and cal-
ibrated illumination has proved to produce very good re-
sults as shown by Debevec et al. (2000) and Lensch et al.
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(2003), working with unknown illumination is yet an open
problem. Typically, to handle unknown illumination it is as-
sumed that the material properties of the object are homo-
geneous over the whole surface (Ikeuchi and Sato 1991;
Ramamoorthi and Hanrahan 2001a). In addition, when deal-
ing with textured objects the problem of recovering both tex-
ture and illumination becomes unconstrained. As noted by
Ramamoorthi and Hanrahan (2001b) in the development of
a signal-processing approach for inverse rendering, lighting
and texture can not be factored without resorting to active
methods or making prior assumptions of their expected char-
acteristics. Our method achieves this factorization by assum-
ing diffuse surface reflectance.

Both of the algorithms we present rely on the images
overlapping each other. Our first algorithm computes a re-
lighting operator by analyzing intensity values in the area of
overlap of a pair of images: a source image to be relighted,
and a target image whose illumination we want to match. By
applying this operator over the non-overlapping region of
the source image, we transform its color intensities in such
a way that they are consistent with the colors observed in
the target image. The operator we compute to perform the
relighting is the ratio of intensity values per surface orien-
tation, which under certain assumptions, is consistent over
all points with the same orientation and only depends on
the illumination of the scene. The texture factorization al-
gorithm also relies on this orientation-consistency property.
However, in this case we use the ratio image to solve for the
irradiance map of each image.

Our main motivation is to push forward the automation
of the 3D modeling pipeline for large-scale outdoor scenes.
Our work has been done in collaboration with archaeolo-
gists, art historians and urban planners, to provide accurate
and photorealistic 3D models that can serve as documen-
tation for an archaeological site (Allen et al. 2004), teach-
ing tools for the classroom or research material. During the
past years we have worked in automatic methods and tools
for range image registration (Allen et al. 2003), automatic
image registration (Troccoli and Allen 2004), and more re-
cently in texture normalization (Troccoli and Allen 2005,
2006). This paper is an extended version of these works with
several additions:

– Extension of the relighting algorithm for improved pe-
numbra handling and shadow removal.

– Addition of a “sun plus sky” illumination model to our
previous factorization algorithm.

– Generation of new results on outdoor scenes showing
the performance of our techniques in relighting, de-
shadowing and texture factorization.

These extensions were developed for better handling of
real world outdoor scenes.

2 Related Work

The creation of an illumination coherent texture map from
multiple images can be a difficult problem for several rea-
sons. First, the images are taken from different points of
view, which means they show different degrees of fore-
shortening and view-dependent effects. Secondly, the illu-
mination and camera parameters might have changed from
one shot to the next, resulting in images with color mis-
matches. To cope with these difficulties, early work in model
acquisition assumed all images were acquired under con-
stant illumination, in which case the problem reduces to
finding the optimal blending function (Debevec et al. 1996;
Pulli et al. 1997; Buehler et al. 2001; Wang et al. 2001).
When the constant illumination assumption is impractical,
as it sometimes is for outdoor scenes, then some color ad-
justment is required. Agathos and Fisher (2003) compute
a global 3 × 3 color correction matrix from pixel inten-
sity constraints obtained from the overlap region of two
images, taking care to discard pixels in shadow or high-
light areas by thresholding. Once the matrix is computed,
one of the images is color-corrected. This pairwise adjust-
ment is extended by Bannai et al. (2004) to multiple input
views. However, the color transform approach is good for
fixing camera parameters and small changes in the illumina-
tion, such as chromatic or intensity changes, but it is un-
clear the extent to which these methods can handle large
illumination variations, since these methods do not make
use of the geometry information. Marschner and Green-
berg (1997) solve for the illumination of the scene by us-
ing a set of basis images synthetically created with a ray
tracer. Once the illumination of the scene has been esti-
mated, they relight the original photograph using the ratio
image of a synthetic rendering of the scene under a new il-
lumination divided by a similar rendering under the solved
illumination. Beauchesne and Roy (2003) compute a re-
lighting operator based on image ratios that they apply to
a pair of input images to create a new set of images of faces
with consistent lighting. Our relighting algorithm follows a
similar idea to Beauchesne and Roy (2003), which we ex-
tend to outdoor scenes to handle shadows and perform de-
shadowing. In recent work by (Xu et al. 2006), the authors
solve for diffuse reflectance of large environments through
analysis of the scanner’s returned intensity value in com-
bination with color-balancing techniques on the input color
images.

A different approach is to compute a surface reflectance
map, obtaining an illumination-free texture representation
that can be used to create new renderings under novel light-
ing conditions. Without any knowledge about the illumina-
tion, however, this problem can become intractable. In lab-
oratory conditions, the position of the light sources can be
measured; with such measurements (Debevec et al. 2000;
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Lensch et al. 2003) show how to obtain a reflectance func-
tion once the light positions are known. To extend this idea
to outdoor scenes, Yu and Malik (1998) measure the illumi-
nation of the scene by acquiring photographs of the sky and
the surrounding environments. More recently, Debevec et al.
(2004) introduced a novel lighting measurement apparatus
that can record the high dynamic range of both, sunlit and
cloudy environments, using a set of specular and diffuse cal-
ibrated spheres. With the captured illumination, they solve
for spatially varying surface reflectance. Our texture factor-
ization algorithm solves for a diffuse texture map without
the need of a light probe.

In the domain of face recognition, Shashua and Riklin-
Raviv (2001) define the quotient image of two different faces
as the ratio of their albedos, which they use for face recog-
nition under varying illumination. The main assumption in
their work is that all faces have the same geometry and
the variation in their appearance under the same point light
source depends on the diffuse reflectance. Wang et al. (2004)
take this method a step further and generalize it to faces il-
luminated by non-point light sources. Our methodology is
different and built on the premise that we are imaging the
same scene under changing illumination, thus the diffuse re-
flectance for the same scene points does not change, and the
resulting ratio image is texture free.

3 Problem Definition

We define our problem assuming a 3D model of our scene
has already been acquired, registered and merged into a tri-
angle mesh. Then, given:

1. G the geometry of the scene,
2. I = {I1, I2, . . . , In} a set of overlapping photographs of

the scene captured under illumination conditions L =
{L1,L2, . . . ,Ln},

3. P = {P1,P2, . . . ,Pn} the set of camera projection matri-
ces for each image,

our goal is to create an illumination coherent photorealistic
textured model of G. We achieve this by normalizing the
textures in one of two ways:

– Relighting all images in I to a single illumination Lr .
The output of our algorithm is in this case a new set of
images Ir = {I r

1 , I r
2 , . . . , I r

n }. In addition, our technique
can remove any shadows present in the images.

– Factoring illumination from the texture. In this case we
solve for the relative illuminations Li in the form of irra-
diance maps of each image and compute a diffuse albedo
map of the scene. We solve the factorization problem
by assuming one of three different illumination models:
(1) an object illuminated by a point light source, (2) non-
point light source illumination, (3) outdoor illumination

represented as a combination of a point light source and
an ambient component.

Whichever of the two approaches we take, the images
need not to be taken from the same viewpoint. Since we
have the geometry of the scene and the projection matri-
ces, it is possible to warp any two overlapping images to the
same view. For simplicity, in the discussions that follows we
will consider a single pair of images acquired from the same
view. The input to the texture normalization procedure is a
ratio image R(x, y), which we compute by taking the quo-
tient of the two input images, and a normals image n(x, y)

which gives the normal for each pixel and that is generated
by ray-tracing the geometry of the object.

4 The Relighting Approach

Our relighting algorithm is based on the fact that the ratio of
two images of a diffuse object is texture-free. In this section
we will justify this statement and establish the conditions
under which it holds. We begin with the reflected radiance
equation, which describes how a surface reflects the incom-
ing light. The light reflected by a surface point x in the di-
rection (θo,φo) is given by:

B(x, θo,φo)

=
∫

Ωi

L(x, θi, φi)fr(x, θi, φi, θo,φo) cos θidωi, (1)

where L is the incident illumination and fr the BRDF at
surface point x. For Lambertian surfaces, (1) becomes:

B(x) = ρ(x)

∫
Ωi

L(x, θi, φi) cos θidωi, (2)

where ρ(x) is the surface albedo at x. For simplicity, define
the irradiance at x as

E(x) =
∫

Ωi

L(x, θi, φi) cos θidωi. (3)

Then the reflected radiance (2) turns into:

B(x) = ρ(x)E(x). (4)

Note that there is still a dependence on the surface position,
on both the albedo ρ and the irradiance E. Under the as-
sumptions that the illumination of the scene is distant, the ef-
fects of interreflections are negligible and there are no shad-
ows, then (4) can be reparametrized by the surface normal
at x, which we denote as nx. After reparametrization by sur-
face orientation the above (4) becomes:

B(x) = ρ(x)E(nx). (5)

Now consider two different observations of the same sur-
face point x under different and unknown illuminations Li
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and Lj . The image irradiance values for these two observa-
tions are:

Bi(x) = ρ(x)Ei(nx),

Bj (x) = ρ(x)Ej (nx).

Taking the ratio of these two expressions we obtain:

Rij [nx] = Ei(nx)

Ej (nx)
, (6)

since the albedo terms cancel out. R is an irradiance ra-
tio, and is only dependent on the surface orientation at x.
Thus, the irradiance ratio of a Lambertian object under the
previously stated illumination assumptions is orientation-
consistent, meaning that two surface points with the same
orientation will share the same value. The union of the ir-
radiance ratios over all possible orientations defines an ir-
radiance ratio map (IRM). An irradiance ratio map can be
built from the quotient of the overlapping region of two im-
ages.

4.1 Relighting Using Irradiance Ratios

It can be verified that given the image irradiance of a sur-
face point x′ under illumination Lj we can compute its im-
age irradiance under illumination Li by taking the prod-
uct with the corresponding irradiance ratio value, as fol-
lows:

Bi(x′) = Bj (x′)Rij [nx′ ]. (7)

This is verified by substitution of (5) and (6) into (7).
Therefore, this defines a relighting operator based on the
orientation-consistency assumptions that allows us to relight
an image Ij to the illumination of Ii . The only requirement
is to have sufficient surface orientations in the area of over-
lap of Ii and Ij to be able to relight the non-overlapping
region of Ij .

4.2 Relighting in the Presence of Shadows

Architectural scenes can contain structures that cast shad-
ows. When shadows are present, orientation-consistency
does no longer hold because there can exist two points x
and x′ with the same surface orientation that do not have the
same intensity ratio. This will happen if in either of Ii or Ij

one of these points is in shadow and the other one is not.
However, it is possible to extend the relighting algorithm
ratios to handle shadows. For a scene illuminated by a sin-
gle source plus smooth ambient illumination (e.g. sun plus
sky) there exists a shadow mapping function S : G → [0,1],
that assigns a value of 1 to those scenes points completely
shadowed, a value of 0 to those scene points that are com-
pletely lit by the source, and an intermediate value in the

range (0,1) to those points that are in the penumbra re-
gions. Momentarily ignoring penumbra regions, S is a bi-
nary function that partitions the scene into two sets: a set G0

of points lit by the source and a set G1 of shadowed points.
In addition, in terms of surface orientations, points with the
same surface orientation will also be partitioned in two sets.
Therefore, when taking the ratio of two images Ii and Ij ,
the surface orientations in the scene will be partitioned into
four different sets {G00,G01,G10,G11} according to the val-
ues of the shadow bits Si and Sj . We can now redefine
the orientation-consistency property for scenes with shad-
ows: when orientation-consistency holds, two points with
the same surface orientation and same shadow bit value will
show the same intensity ratio. Under these new conditions,
we can compute four different IRMs from the ratio image:
R00

ij ,R01
ij ,R10

ij and R11
ij . The relighting equation for a point

x becomes:

Bi(x) = Bj (x)R
sisj
ij [nx], (8)

where si and sj are the shadow bits of x under illuminations
Li and Lj . This expression is almost identical to (7), with
the exception of the index into one of the four computed
IRMs, and is well defined for binary values of si and sj . The
points for which si or sj are not in {0,1} are points in the
penumbra regions. Penumbra regions are transitions from
shadow to non-shadow regions (or vice versa) in which the
irradiance varies gradually. To deal with points in penumbra
we can generalize the relighting operator for real values of si
and sj in the following manner: first, we define the four base
cases for binary shadow values to be equal to the measured
data:

Rij [nx,0,0] = R00
ij [nx], (9)

Rij [nx,0,1] = R01
ij [nx], (10)

Rij [nx,1,0] = R10
ij [nx], (11)

Rij [nx,1,1] = R11
ij [nx]. (12)

We recall now from the definition of the irradiance ratio,
that we can write the IRMs in terms of its constituent com-
ponents:

R00
ij [nx] = E0

i (nx)

E0
j (nx)

, R01
ij [nx] = E0

i (nx)

E1
j (nx)

,

R10
ij [nx] = E1

i (nx)

E0
j (nx)

, R11
ij [nx] = E1

i (nx)

E1
j (nx)

,

where E0 and E1 refer to non-shadow and shadow irra-
diance respectively. We first define the irradiance in the
penumbra regions by linear interpolation of the respective
shadow and non-shadow irradiance values:

Ei[nx, si] = E1
i (nx)si + E0

i (nx)(1 − si). (13)
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Now, we can define the relighting operator for real values of
si and sj as:

Rij [nx,0, sj ] = E0
i (nx)

E1
j (nx)sj + E0

j (nx)(1 − sj )
, (14)

Rij [nx,1, sj ] = E1
i (nx)

E1
j (nx)sj + E0

j (nx)(1 − sj )
, (15)

Rij [nx, si , sj ] = E1
i (nx)si + E0

i (nx)(1 − si)

E1
j (nx)sj + E0

j (nx)(1 − sj )
. (16)

Finally, we write the above equations in terms of the mea-
sured data:

Rij [nx,0, sj ] = 1
1

R01
ij [nx] sj + 1

R00
ij [nx] (1 − sj )

, (17)

Rij [nx,1, sj ] = 1
1

R11
ij [nx] sj + 1

R10
ij [nx] (1 − sj )

, (18)

Rij [nx, si , sj ] = R[nx,1, sj ]si + R[nx,0, sj ](1 − si). (19)

We can now state the generalized relighting equation for
scenes with shadows as:

Bi(x) = Bj (x)R[nx,Si (x),Sj (x)]. (20)

4.3 De-Shadowing

De-shadowing is a variation of the relighting problem, in
which the resulting relighted image is shadow-free. It is
straightforward to convert the relighting (20) into a de-
shadowing equation by requiring all surface points in G to be
lit under the target illumination Li . This is equivalent to re-
defining Si to map all points to 0. Hence, the de-shadowing
equation is:

Bi(x) = Bj (x)R[nx,0,Sj (x)]. (21)

We can also consider the problem of self de-shadowing,
in which we remove the shadows of an image without recur-
ring to relighting a second image. By using the computed
IRMs over a pair of images, it is possible to define a de-
shadowing IRM as:

R0
i = E0

i

E0
j

× E0
j

E1
i

= R00
ij

R10
ij

, (22)

and the self de-shadowing equation is:

B0
i (x) = Bi(x)R0

i [nx]Si (x) + Bi(x)(1 − Si (x)). (23)

4.4 Extending to Multiple Images

To work with multiple images, each acquired under a differ-
ent illumination, we proceed chaining pairwise operations.
First we select the image Ir whose illumination we will con-
vert all other images to. Then, for every image that overlaps
with Ir we can proceed as already explained. If there is an
image Ij that does not overlap, then we apply a multi-step
relighting. For example, if image Ii overlaps with both Ir

and Ij , then we can first convert Ij to the illumination of Ii

and then to the illumination of Ir , using the previously com-
puted IRMs. The problem we might run into is that there
might not be enough surface orientations in the respective
areas of overlap to relight all points in the image.

If we have multiple images, but there exist a subset of
these images that were all acquired under the same illumina-
tion, then we can compute the IRMs using the contributions
from all images in this subset.

5 The Complete Relighting Algorithm

5.1 Data Acquisition

For the acquisition of the geometry, we have used a Leica
HDS 3000 range finder. We acquire a set of range images
and register them using a combination of fiduciary targets
that are measured with a total station device. After the point
clouds are registered, we build a triangular mesh using Vrip-
Pack (Curless and Levoy 1996), which uses a 3D volume to
accumulate a signed distance function to the surface. This
3D volumetric representation can require large amounts of
memory. If we ran out of memory, we partition the 3D vol-
ume into two or more smaller volumes creating a triangle
mesh for each. For example, for the model of the church of
St. Marie at Chappes, we partitioned the volume in two.

Our input images are high-dynamic range (HDR) lin-
earized images. These are built from a set of exposure-
bracketed raw images, which are linear with respect to the
light intensity. To build the final HDR image we compute
the exposure ratios, and combine the input images using a
weighted average. It is worth noting that the linearity as-
sumption for the input images can be removed if the radio-
metric calibration of the camera is known, but since the cam-
era we used produced uncompressed raw linear images, we
found these more suitable than other compressed non-linear
formats.

After we have created the HDR images, we compute
the camera projection matrices using a point-and-click soft-
ware tool that we have developed for that purpose (Troc-
coli 2006b). With the collection of high-dynamic range im-
ages taken under different illuminations, the geometry of the
scene and the camera’s projection matrices we begin our re-
lighting procedure. For a given pair of overlapping images,
we carry out the following steps:
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1. View alignment. If the images we are acquired from dif-
ferent view points, we warp one to the view of the other
one so that same pixel locations correspond to the same
scene point.

2. Shadow detection. We find the shadows using threshold-
ing, as described next.

3. IRM computation. We iterate over all pixels and compute
the 4 irradiance ratio maps. For each pixel, we obtain the
surface normal of the corresponding scene point using
ray-tracing.

4. Shadow map update. We refine the shadow function in
the penumbra regions.

5. Relighting and de-shadowing.

5.2 Shadow Detection

The relighting algorithm requires a shadow map Si asso-
ciated to each image Ii . We thus need a shadow detection
method that assigns each pixel in Ii a real value in [0,1],
where 0 means the corresponding point in the scene is lit,
1 means it is completely shadowed, and an intermediate
value means the point is in a penumbra region.

It is well known that shadow detection from a single
image is a difficult problem, and for this reason, many re-
searchers perform shadow detection on image sequences or
video (Chuang et al. 2003). In our application, knowledge of
the scene geometry can help find the shadows if the position
of the light source is known. Nevertheless, scanned geom-
etry will not yield shadows that are correct to pixel level
accuracy because of holes in the geometry and the effects of
coarse sampling. For this reason, an image-based method for
shadow detection is necessary. We employ a user-assisted
method, but other shadow segmentation methods (Funka-
Lea and Bajcsy 1995; Salvador et al. 2004) could be used
instead. The user selects regions of the image and a pair
of luminance thresholds s0 and s1. All pixels with a lumi-
nance value that are below s0 are marked as shadowed, all
pixels with luminance above s1 are marked as lit, and pix-
els in between are labeled as penumbra pixels with a value
of (l − s0)/(s1 − s0) where l is the pixel luminance. Be-
fore thresholding we filter the images using bilateral filter-
ing (Tomasi and Manduchi 1998) to remove the high fre-
quency effects of texture. The bilateral filter is designed to
average spatially close pixels that are similar to each other.
This similarity condition acts as an edge-stopping function
and overcomes the traditional problem of edge-blurring that
is common of Gaussian filtering.

5.3 IRM Computation

Values assigned to penumbra regions are ignored during the
data collection for computing the IRMs. To compute the four
IRMs we iterate over all pixels, computing the ratio of the

two images. For every pixel, we look up its surface normal
and shadow bits. If the pixel has been labeled as penumbra
in either of the images, we ignore it. Otherwise, we use the
shadow bits to establish which of the four IRMs the pixel
contributes to. Each IRM is stored in a 2D representation
of the Gaussian sphere. The surface normal is used to index
the corresponding entry to the current pixel. The final value
stored in each IRM entry is the average of all values con-
tributing to it. In addition, we compute one IRM for each of
the three color channels.

5.4 Shadow Map Update

After the IRM data has been gathered, it is possible to update
the shadow masks to find the correct values for the penum-
bra regions. This operation will work on all pixels in the area
of overlap of the two images. The basic idea is to update
the shadow map by comparing the true irradiance ratio at
each pixel with the ratio obtained from the computed IRMs.
Given images Ii and Ij , the current shadow masks Si and
Sj , and the computed IRMs {R00

ij ,R01
ij ,R10

ij ,R11
ij }, we up-

date both shadow masks Si and Sj . To update Sj we iterate
over all the pixels applying the following rules:

1. Lookup Si (x) and Sj (x) and the surface normal nx.
2. If Sj (x) is either 1 (non-shadowed) or 0 (shadowed), skip

the current pixel because only pixels labeled as penumbra
will be updated.

3. Based on the value of Si (x) solve for the shadow mask sj
using (12) if Si (x) is 0, or (18) if Si (x) is 1. If the com-
puted value of sj is outside the range [0,1], we clamp it
to the nearest value in the range. If Si (x) is neither 0 or 1,
then x has been labeled in penumbra in the two images.
In this case, which is quite unlikely, we can not update the
shadow mask unless we assume one of the two masks is
correct.

When we update the shadow masks we compute a new
mask per color channel, as opposed of a single mask based
on luminance. We have found that better results are obtained
in this way. Finally, once Sj has been updated, the process
can be repeated to update Si , this time using IRMs Rji and
the newly computed shadow map Sj , and interchanging Si

and Sj in the steps already outlined.

6 Relighting Results

We have tested the proposed algorithm on a variety of
scenes. In this paper we present the most relevant ones, the
complete set of results are available in (Troccoli 2006b). Our
first results correspond to two buildings in the campus of
Columbia University in New York City: a model of Casa
Italiana and a model of St. Paul’s Chapel.
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Fig. 1 Two images of Casa Italiana taken at different time of the day from slightly different view points. Left: image acquired at 3:22pm; right:
image acquired at 1:28pm on the same day, under partly cloudy conditions

Fig. 2 Input images to our relighting algorithm. From left to right: the two images of Casa Italiana warped to same view point and zoomed to
show the region of interest; the corresponding shadow masks

The images used for the test on Casa Italiana are shown
in Fig. 1. These images were taken from slightly different
view points and registered manually. One of the images was
acquired at 1:28pm and the other one at 3:22pm. In Fig. 2
we show the same images, now aligned to the same view-
point, and their computed shadow masks. Note that shadows
are in different locations, and that in one case, one com-
plete face of the building is shadowed. We do the view-warp
process by back-projecting the pixels to the scene, finding
the distance to the camera of the corresponding surface point
and projection to the viewpoint of the corresponding image.
Hence, only those pixels for which we have geometry can
be warped. The remaining pixels are left black, and corre-
spond to holes in the 3D model. After filtering and shadow
detection we collected the IRM data and updated the shadow
masks. Using these shadow masks and the computed IRMs,
we ran the relighting and de-shadowing algorithms to turn
the image that was acquired at 1:28pm to the illumination
at 3:22pm. In Fig. 3 we show both, the relighted image and
the de-shadowed image. Note that the relighted images pre-
serves the shadows while the de-shadowed image has none.

One important aspect to note about the de-shadowed im-
age is that regions that were in shadow in both of the in-
put images have been successfully de-shadowed. For bet-
ter visualization, Fig. 3 also shows two composite pictures
with the image before and after the relighting operation.
Each composite picture is divided in two regions. The left
region shows the original image of Casa Italiana acquired
at 3:22pm. The right region, shows the image acquired at
1:28pm. In one of the composite pictures we show the orig-
inal image at 1:28pm and in the other one, the relighted im-
age. Note how in the latter case it is hard to distinguish the
boundaries between the actual and relighted image.

In a similar way we conducted the experiments on the
images St. Paul’s Chapel. Figure 4 shows the acquired im-
ages, one of which was taken at 11:22am and the other one at
12:35pm, with their corresponding shadow masks. In Fig. 5
we show the results of applying the de-shadowing opera-
tion. In this case, we completely removed the shadows from
the image acquired at 12:35pm. The picture on the left of
Fig. 5 shows the obtained de-shadowed image, and the pic-
ture on the right is a composite picture in which, the left half
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Fig. 3 Relighted and de-shadowed images of Casa Italiana. Left: im-
age taken at 1:28pm relighted to illumination at 3:22pm; middle-left:
same relighted image but with shadows removed. Middle-right: com-
posite picture before relighting; the left half of the image is the origi-

nal input image acquired at 3:22pm, the right half is the image taken
at 1:28pm. Right: Composite picture after relighting, where the right
half is now replaced with the results of relighting the image taken at
1:28pm with the illumination at 3:22pm

Fig. 4 Two images of St Paul’s Chapel at Columbia University acquired at 11:22am and at 12:35pm, and their corresponding shadow masks

corresponds to the original image and the right-half to the
de-shadowed image.

7 Irradiance and Texture Factorization

We now analyze the irradiance and texture factorization
problem. In (Troccoli and Allen 2006) we showed how this
could be achieved for point light sources or illumination
models written as an expansion of spherical harmonics (SH)
and PCA basis. In this paper we extend this idea to model
natural illumination as a combination of point source plus
and ambient component and taking shadows into account.
These algorithms address different situations that arise in
practice:

1. An object illuminated by a distant point light sources.
Given two images of this object under different point
source illumination and the surface normals at each pixel,
the factorization algorithm solves for the direction of the
lights and relative intensities.

2. An object illuminated by smooth ambient illumination
expressed as an expansion in terms of spherical harmon-
ics (SH) or PCA basis. Here, given two images, we solve
for the terms of the SH or PCA expansion.

3. A scene illuminated by a point source and ambient il-
lumination. Such is the case we encounter in outdoor
scenes, where the sun acts as a point source and the sky
and the surrounding environment as an ambient compo-
nent.

7.1 Factorization Algorithm for Point Light Sources

When an object is illuminated by a directional point light
source whose direction is described by a normalized 3-
vector l1, the irradiance for a scene point x with associated
normal nx is:

E(nx) = Lmax(nx · l1,0), (24)

where L denotes the source intensity and · the vector dot
product. Given two images illuminated by point sources
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Fig. 5 De-shadowing results for the images of St Paul’s Chapel. Left: de-shadowed image. Right: Composite image that shows, on the left, the
original image and on the right, the de-shadowed image. Note how the shadows are successfully removed

with directions l1 and l2, respectively, the ratio image ob-
tained is described by the following equation:

R(x, y) = L1 max(n(x, y) · l1,0)

L2 max(n(x, y) · l2,0)
, (25)

defined only for non-zero values of the denominator and nu-
merator. Our goal is to solve for the direction of the light
sources given the ratio image and the surface normals. It
should be clear at this point that there will be an ambiguity
in the light source intensities L1 and L2, since multiplying
the numerator and denominator by the same constant in the
above expression does not affect the final result. Hence, we
can fix L1 to unity and solve for l1 and l2 scaled by L2.
To simplify the notation we drop the (x, y) coordinates in
R(x, y) and n(x, y). Instead we will use a single subindex
to enumerate all pixels. Then, we can solve for the light di-
rection and relative intensities from the following system of
linear equations:

⎡
⎢⎣

nT
0 −R0nT

0
...

...

nT
k −RknT

k

⎤
⎥⎦

[
l1

L2l2

]
= 0. (26)

This is a linear system of the form Ax = 0. The solution we
are looking for is the one dimensional null-space of A. Un-
fortunately, if the dimension of the null-space of A is greater

than one it will not be possible to solve uniquely for the light
directions. This condition will arise if the distribution of the
imaged surface normals is small: e.g. if the scene is a flat
wall. Given the null-space vector x = (x0, x1, x2, x3, x4, x5),
we obtain l1, l2 and L2 from:

l1 = (x0, x1, x2)

‖(x0, x1, x2)‖ , (27)

l2 = (x3, x4, x5)

‖(x3, x4, x5)‖ , (28)

L2 = ‖(x3, x4, x5)‖
‖(x0, x1, x2)‖ . (29)

To handle color images we could treat each channel sep-
arately and solve (26) per channel. However, this typically
yields three slightly different positions for the light source.
We can obtain a more robust solution if we convert the im-
age to luminance space and use the luminance values, in-
stead. After we recover the direction of the light sources,
the relative scale L2 for each channel c is obtained from the
original images by averaging the following expression over
all pixels:

L2,c(x, y) = max(n(x, y) · l1,0)

R(x, y)max(n(x, y) · l2,0)
. (30)
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Also, note that nothing is known about the absolute chro-
maticity of the light sources. By fixing the intensity L1 to the
same value for the all three channels, we assume that light to
be white. This chromatic ambiguity can not be solved with-
out further assumptions or resorting to a color calibration
object.

7.2 Factorization Algorithm for Generalized Illumination

We can extend the previous case to a more general form
of illumination. To do so, we define irradiance as an ex-
pansion in terms of spherical harmonic basis functions. Ra-
mamoorthi and Hanrahan (2001a) and Basri and Jacobs
(2003) have established that the image of a diffuse convex
object under general illumination is well approximated by
a low dimensional spherical harmonic expansion. Spherical
harmonics are orthonormal basis defined over the sphere.
Using this framework, we can approximate the incident ir-
radiance as:

E(n) =
∞∑
l=0

l∑
m=−l

AlLlmYlm(n). (31)

In (31) above, Ylm are the spherical harmonic functions,
Llm are the spherical harmonic coefficients of the incident
illumination, and Al is a constant that represents the ef-
fects of multiplying the incident light with the half-cosine
function. In this context, we want to solve for Llm. Since
Al decays very rapidly, a very good approximation can
be obtained by limiting l ≤ 2. A first order spherical har-
monic approximation (up to l = 1) has a total of four terms
and a second order approximation has a total of nine. Be-
fore writing down the irradiance ratio in terms of spheri-
cal harmonics, we do one more notation change for clar-
ity purposes. We replace the double-indexed Ylm functions
and Llm coefficients by their single-index equivalent Ys

and Ls , where s = l2 + l + m. Also, since we have to
solve for two different illuminations Ls , we will denote
these with L1s and L2s . Using this new notation, we can
substitute (31) into our irradiance ratio expression to ob-
tain:

Ri =
∑n

s=0 AsL1sYs(ni )∑n
s=0 AsL2sYs(ni )

(32)

where n = 4 or n = 9 depending on the order of the desired
approximation. We can now derive a system of linear equa-
tions similar to (26) on the unknown lighting coefficients
L1s and L2s .

⎡
⎢⎣

A0Y0(n0) . . .AnYn(n0) −R0A0Y0(n0) . . .
...

...

A0Y0(nk) . . .AnYn(nk) −RkA0Y0(nk) . . .

⎤
⎥⎦

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

L10
...

L1n

L20
...

L2n

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

= 0.

(33)

The solution to (31) is once more the null-space of A and

the coefficients L1s and L2s will be defined up to a scale

factor. This scaling factor can be fixed by setting L10 = 1,

which fixes both the relative scale and chromaticity of the

illumination.

The well-conditioning of the system (33) will depend on

the distribution of surface normals. For better results and

higher robustness against noise, it is possible to re-cast the

problem in terms of principal components. This means re-

placing the spherical harmonic basis by lower dimensional

orthogonal basis obtained using principal component analy-

sis (PCA). The rationale behind this change of basis is that

the principal components are vectors in the direction of

greater variability (in this case due to illumination changes).

Ramamoorthi (2002) derived an analytic expression for the

principal components of the image of an object under all

possible point light sources and showed that these are related

to the spherical harmonic basis Ys . In particular, Ramamoor-

thi shows that the eigenvectors obtained from PCA of the

image space of an object illuminated under all possible point

light sources can be well approximated as a linear combina-

tion of spherical harmonic functions up to order two. Let

V be the matrix with the principal eigenvectors as columns,

then there exists a matrix U such that V ≈ YU , where Y is a

matrix whose columns are the first nine spherical harmonics

Y0 . . . Y8. The matrix U can be computed analytically from

the geometry of the object and details on how to do this are

given in (Ramamoorthi 2002). Using the eigenvectors V i as

the new basis, we can now write the incident irradiance as:

E(n) =
n∑

i=0

eiV i (n), (34)

where ei are the coefficients of the irradiance in principal

components basis. The number of terms to employ in this

new approximation will depend on the object geometry, but

by looking at the eigenvalues associated to each vector it

is possible to determine a good cut-off point. Now, we can
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write (33) as:

⎡
⎢⎣

V0(n0) . . . Vn(n0) −R0V0(n0) . . .
...

...

V0(nk) . . . Vn(nk) −RkV0(nk) . . .

⎤
⎥⎦

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

e10
...

e1n

e20
...

e2n

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

= 0. (35)

Once we find the coefficients e1i and e2i we can find the
corresponding L1s and L2s coefficients by substitution into:

L1s =
∑n

i U sie1i

As

, L2s =
∑n

i U sie2i

As

, (36)

where U s is the sth row of U . To handle color images we
treat each of the RGB channels separately and solve for three
sets of coefficients L1i and L2i . Once again, as before, there
is an inherent chromatic ambiguity that we can only solve
for if we have an image of a color calibration object.

7.3 The Point Light Plus Ambient Illumination Algorithm

Consider the case of outdoor illumination, where the sun
is a distant point light source and the sky a hemispherical
area source. We can model this situation as a sum of a point
light source plus an ambient component. However, the sun
is not just any directional light source. Its daily trajectory
over the sky has been very well studied, and its position in
the sky dome can be computed from the time of the day and
the geolocation (latitude and longitude) of the scene (Reda
and Andreas 2003). Since these two pieces of information
are easily available, the time being provided by the camera
and the geolocation by a GPS unit or any of today’s web-
based mapping engines, we can assume the position of the
sun to be known. Hence, our model of outdoor irradiance
can be expressed as the combination of the sky irradiance
plus a half-cosine term. To model sky irradiance, we can use
a spherical harmonics or PCA basis expansion. Then, we can
express outdoor irradiance as:

E(n) = P max(n · s,0) +
n∑

s=0

LsYs(n). (37)

Here Ls are the coefficients for the basis expansion of sky
irradiance in SH or PCA basis, P is the relative intensity
of the sun and s the sun direction. Since the ambient and
direct components are modeled separately in (37), we can
work with images with shadows, as we did with the relight-
ing technique. All we need is the shadow mapping function
S , and (37) becomes:

E(x) = S(x)P max(nx · s,0) +
n∑

s=0

AsLsYs(nx). (38)

For two images taken at different times of the day, with the
sun at directions s1 and s2 and relative intensities P1 and P2,
the irradiance ratio of point x is given by:

R(x) = S1(x)P1 max(nx · s1,0) + ∑n
s=0 AsL1sYs(nx)

S2(x)P2 max(nx · s2,0) + ∑n
s=0 AsL2sYs(nx)

.

(39)

Our goal is to solve for the relative sun intensities P1 and P2

and the sky irradiance coefficients L1s and L2s , which we
do as before, linearizing the equations into the form Ax = 0
and solving for the null-space of A.

7.4 Extracting the Albedo Map

After we have solved for the relative irradiance using one
of the three models presented, we compute an albedo map
for the scene. However, note that the chromatic and scale
ambiguity in the estimated irradiance will translate to the
estimation of the albedo map, which will also be defined
up to scale. From the image pair I1 and I2 with estimated
irradiance E1 and E2 we compute the albedos at each
pixel:

ρ1(x, y) = I1(x, y)

E1(n(x, y))
, (40)

ρ2(x, y) = I2(x, y)

E2(n(x, y))
, (41)

ρ(x, y) = I1(x, y)ρ1(x, y) + I2(x, y)ρ(x, y)

I1(x, y) + I2(x, y)
. (42)

In other words, for each pixel (x, y) we set its albedo ρ(x, y)

to a weighted average of the albedos we obtain from I1

and I2. The weights are set to the pixel intensities, so that
dark pixels, which are more dominated by noise, are down-
weighted.

8 Texture Factorization Results

We tested the three factorization algorithms on different
kinds of scenes under different types of illumination con-
ditions. In this section, we report the obtained results.

8.1 Point Light Source Model

First, we ran the point light source algorithm on synthetic
and real data. The images used in our tests are shown in
Fig. 6. The first two renderings are synthetic scenes for
which we used a model of a sphere and a model of the Ar-
madillo1 textured with a synthetic wooden pattern and ren-
dered using a ray-tracer. We then included three objects that

1The Armadillo model was downloaded from the Stanford scanning
repository.
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Fig. 6 Objects used for testing our algorithm. Starting from the left,
first come the synthetic renderings: a sphere and the Armadillo; fol-
lowed by three objects with their geometry acquired using photomet-

ric stereo: the Buddha, the cat and the owl; and finally two scanned
objects: the chicken and the girl. Each row shows the objects with a
different illumination

Table 1 Ground truth and
recovered light directions and
relative intensities for the
synthetic images of the sphere
and the Armadillo

Point source 1 Point source 2 Rel. intensity

x y z x y z (R, G, B)

Actual position −0.58 0.36 0.73 0.28 −0.28 0.92 (5.00, 10.00, 20.00)

Sphere −0.58 0.36 0.73 0.27 −0.28 0.92 (5.03, 10.10, 20.48)

Armadillo −0.58 0.35 0.73 0.27 −0.28 0.92 (5.11, 10.27, 20.88)

Table 2 Ground truth and
recovered light directions and
intensities for the Buddha, cat
and owl models

Point source 1 Point source 2 Rel. intensity

x y z x y z (R, G, B)

Actual position 0.40 0.48 0.78 −0.32 0.49 0.92 (1.00, 1.00, 1.00)

Buddha 0.44 0.47 0.77 −0.32 0.47 0.82 (1.03, 1.03, 1.04)

Cat 0.39 0.49 0.78 −0.33 0.47 0.82 (1.09, 1.09, 1.05)

Owl 0.39 0.48 0.78 −0.31 0.44 0.84 (1.02. 1.01, 1.00)

had been imaged under known point-light source:—a Bud-
dha, a cat and an owl.2 The geometry and normals-map
for these objects were obtained using photometric stereo.
Finally, we included in our testing a set two objects that
had been scanned using a Polhemus hand-held scanner:3 a
chicken and a figure of an Asian girl. The synthetic render-
ings and photometric stereo models are good for ground-
truth comparisons, because we know the position of the
light sources and do not require image registration. For the
chicken and girl models, we captured several images vary-
ing the position of a point light source but leaving the view-
point fixed. We manually registered these images with the
3D model.

2The Buddha, cat and owl data sets were generously provided by Dan
Goldman and Steve Seitz from the University of Washington, Seattle,
WA.
3These models were scanned for us using the Polhemus scanner by
Michael Reed of Blue Sky Studios.

We ran our point-light source estimation model of
Sect. 7.1 on all of the image pairs shown in Fig. 6. Tables 1
and 2 show the ground truth and recovered light source po-
sitions and relative scales for the synthetic and photomet-
ric stereo models. For the synthetic scenes, the recovered
light source directions and scaling factors shown in Table 1
are almost identical to the actual directions. Likewise, the
computed light source directions for the Buddha, cat and
owl models listed in Table 2 are very close the ground truth
data. We had no ground truth data for the chicken and Asian
girl models. Nevertheless, we ran our algorithm to obtain
the position of the light sources and obtain the factoriza-
tion.

As a second step, we used the computed light direction
to factor the input images into their corresponding texture
(albedo maps) and shading (irradiance) components. The re-
sults are shown in Fig. 7—the top row shows the albedo
map, and the second and third rows the irradiance maps
for each of the input images. Note that, with the excep-
tion of a few minor artifacts, the albedo maps do not con-



Int J Comput Vis (2008) 78: 261–280 273

Fig. 7 Results obtained using the point light source model for
the images in Fig. 6. The top row shows the recovered albedo,
the middle row shows the factored irradiance for the first illumi-

nation, and the last row the factored irradiance for the second il-
lumination. Notice how the factorization de-couples texture from
shading

tain any shading effects. This is certainly true for the syn-
thetic models: both the sphere and the armadillo albedo
maps look completely flat. For the real data sets, some ar-
tifacts can be seen where the surfaces are not purely Lam-
bertian. For example, the owl shows some specular compo-
nents in the albedo map. Other artifacts are brighter spots
in non-convex regions, in particular at the junction of the
head and body of the cat and owl models, the junction of
the arm and body in the chicken model, and the junction
of the hair and face in the girl model. The convexity as-
sumption fails here and inter-reflections influence the final
result. The visible effect is a brightening of the albedo map,
since the pure Lambertian model can not explain the in-
crease in irradiance due to inter-reflections. As a final com-
ment, the pants in the chicken model are not in the albedo
map since the luminance value of those pixels falls be-
low the shadow threshold, and hence ignored by the algo-
rithm.

When ground truth was available, we also computed a
quantitative measure of the quality of the factorization by
comparing the obtained irradiance images with the irradi-
ance images generated using the ground truth light source
position. Since there is a scale ambiguity that is inherent to
our method, we normalized all images before computing the
error metric. This normalization was achieved by setting the
norm ‖I‖2 = ∑

x,y I (x, y)2 equal to one. Then, for a given

pair of normalized ground truth image I 0 and reconstructed
irradiance image I 1, we computed the relative squared error

Table 3 Normalized reconstruction error for the irradiance images.
The first column indicates the object, the second one the method used
(PL = point light, PCA n = generalized illumination using PCA of
size n), and the last two columns show the normalized reconstruction
error for the two irradiance images

Model Method Error 1 Error 2

Sphere PL <0.1% <0.1%

PCA 5 0.40% 0.20%

Armadillo PL <0.1% <0.1%

PCA 3 3.50% 4.30%

Buddha PL 0.40% 0.50%

PCA 3 0.10% 1.60%

Cat PL <0.1% <0.1%

PCA 3 4.40% 4.50%

Owl PL <0.1% <0.1%

PCA 3 3.80% 3.50%

of the reconstruction:4

err(I 1, I 0) = ‖I 1 − I 0‖2

‖I 0‖2
. (43)

The resulting reconstruction errors are reported as percent-
ages in Table 3. It can be observed that the reconstructed
irradiance images using the point light source algorithm are
very accurate.

4The relative squared error is frequently used in the literature (Basri
and Jacobs 2003; Frolova et al. 2004) as a metric for evaluating the
goodness of image reconstructions.
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Fig. 8 Results obtained using the generalized illumination model the images in Fig. 6. The top row shows the recovered albedo, the middle row
shows the factored irradiance for the first illumination, and the last row the factored irradiance for the second illumination

8.2 Generalized Illumination Model

We tested the generalized light model algorithm on the same
set of images we used for testing the point-light source fac-
torization, shown in Fig. 6. In all cases, we first analytically
computed the PCA basis. We used a basis of dimension 3
for all of the models except for the sphere, for which we
used a PCA basis of dimension 5. We found these dimen-
sions empirically, by testing with different basis size. The
resulting factorizations into irradiance images and albedo
maps are shown in Fig. 8 and the reconstruction errors for
the irradiance images are tabulated in Table 3. It can be
seen that the model approximates well the irradiance and
produces a good factorization. The reported reconstruction
errors are less than 4.5%. For the sphere, the quality of
the approximation is as good as for the point-light source
model. For the remaining models, the irradiance reconstruc-
tion error varies between 0.5% for the Buddha to 4.50% for
the cat.

8.3 Point Plus Ambient Illumination Model

We ran the factorization algorithm on the images of Casa
Italiana and images of the church of St. Marie, in Chappes,
France. For Casa Italiana, the input images are the same we
used for our relighting test (Fig. 2). For comparison pur-
poses, we modeled the ambient light with two different ap-
proximations: a constant term and a PCA basis expansion
of order 3. The results are shown in Figs. 9 and 10, respec-
tively. Each figure shows the computed albedo and irradi-
ance maps for each of the illuminations. In the absence of

ground truth, we restrict ourselves to a qualitative analy-
sis of the results. Comparing the albedo maps we can see
the best results were obtained from the constant term ambi-
ent approximation. The albedo map in Fig. 9 shows almost
none of the illumination effects, except for a few brighten-
ing in regions where the sampling of the scanner was not
high enough to approximate correctly the geometry varia-
tions. In contrast, the results obtained using a 3 term ex-
pansion do show some artifacts for surfaces looking down.
Regions with downward pointing normals only receive in-
direct illumination from inter-reflections, so it is very un-
likely that orientation consistency will hold for those points,
and the higher order expansion attempts to account for these
effects.

For the test on a model of the church of St. Marie, we
used two sets of four images each: one set taken at 10:56am,
and the other taken at 4:55pm. We put the images together
into a composite picture for each illumination, shown in
Fig. 11. Since each set of images is acquired under con-
stant illumination with the same camera parameters, these
blended images do not show artifacts. The two compos-
ites, plus the shadows masks shown in Fig. 12, the normals
map, and the directions of the sun, were given to our il-
lumination and texture factorization algorithm. The result-
ing albedo and illumination maps are shown in Figs. 13
and 14, respectively. The resulting albedo map is illumi-
nation free; the only artifacts are some regions in which
the shadow boundaries are noticeable, which is a result of
inaccuracies in the shadow detection. Unfortunately, this
is a limitation of our method: it requires very accurate
shadow masks which are very difficult to compute. Nev-
ertheless, the computed albedo map is good for generat-
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Fig. 9 Casa Italiana—Computed albedo and irradiance maps with constant ambient component

Fig. 10 Casa Italiana—Computed albedo and irradiance maps using an order 3 PCA basis for the ambient component

Fig. 11 Real images of Saint Marie, Chappes, France. The top image is a composite made of images acquired at 10:56am on May 26th 2005. The
bottom is a composite made of images taken at 4:55pm on that same day
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Fig. 12 Shadow masks for the input images of Saint Marie, Chappes, France

Fig. 13 Albedo map for the
south facade of Saint Marie,
Chappes, France

Fig. 14 Illumination images computed for the images of Saint Marie, Chappes, France
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Fig. 15 Renderings of Saint Marie at Chappes under novel illumination conditions. These renderings simulate a day-time sequence with the sun
at 10am, 11am, 12pm, 1pm, 2pm and 3pm

ing new renderings under novel illumination conditions. To
show this, we created a set of renderings of St. Marie as the
sun traverses the sky from morning to afternoon. The re-
sults, which were created using a ray tracer, are shown in
Fig. 15. Additionally, an animation is available from (Troc-
coli 2006a).

9 Discussion

Our algorithms produce high quality results, as shown in
the previous section and in (Troccoli 2006b). It is impor-
tant, however, to understand the possible sources of error
that can affect the quality of the reconstructed texture map.
These possible sources of error are:

Inadequate Geometry Sampling The geometric models we
use are obtained using a time-of-flight laser scanner that
samples the scene in a discrete manner. Using discrete sam-
pling we are only able to reconstruct geometry variations at
half the frequency of the sampling rate. Rapid variations in
the geometry are lost. Since surface normals are computed

by triangulation of the measured points, the algorithm is ex-
pected to work better in scenes with smooth varying surfaces
than in rapidly changing scenes.

Registration Errors These are errors that are introduced
when computing the camera parameters, either intrinsic or
extrinsic. Registration errors can result in the incorrect map-
ping between a pixel and a surface normal, and in incor-
rect pixel correspondences between two images. Image-
geometry registration is a difficult problem, and we have
tried in our experiments to reduce registration errors as much
as possible. Registration errors can influence the final result
more or less depending on the scene. For example, small
registration errors have less impact on geometrically smooth
surfaces, where a small misalignment will still map a pixel
to the correct surface normal. This is the case of flat walls,
for example. Also, for smooth textures, small registration
errors can be tolerated. It is for this reason that we apply
a bilateral filter and smooth high frequency textures before
computing the IRMs: we smooth out the texture and hence
reduce the effects of image misalignments. Note that this
smoothing is not a theoretical requirement but a practical
one to make the algorithm more robust.



278 Int J Comput Vis (2008) 78: 261–280

Shadow Detection The shadow labels define which of the
four IRMs a sample contributes to. If a shadow label is in-
correctly assigned, then the sample will incorrectly be at-
tributed to the wrong IRM. For large number of samples per
surface normal, a small number of outliers will not affect the
results; but if there are only a few samples for a given sur-
face normal, then the computed IRM could contain errors.

Non-Lambertian Reflectance The algorithms presented
were developed assuming objects with Lambertian surface
reflectance, but it is known that real-world surfaces are
hardly pure Lambertian. As we have shown, however, the
Lambertian model can serve as a good approximation for
mostly diffuse surfaces. In our experiments, the only truly
Lambertian objects we used for testing were the synthetic
renderings of the sphere and the armadillo; while the re-
maining objects and images showed non-Lambertian behav-
ior and still produced good results. Nevertheless, a big de-
viation from diffuse reflectance will cause incorrect results.
In architectural scenes windows are a problem since they
behave like mirrors. For this reason, we masked windows
out, completely ignoring them during the IRM computation
stage.

Interreflections and Spatially Varying Ambient Occlusion
When a scene is not perfectly convex, the effects of in-
terreflections and spatially varying ambient occlusion can
affect the results of the relighting and de-shadowing algo-
rithms. Interreflections are indirect contributions of light
bouncing off a surface and reaching another one. Spatially
varying ambient light occlusions are variations in the cone
of sky5(or extended distant light sources) visible by a scene
point. If two scene points with the same surface normal see
a different cone of sky, then the irradiance at each of these
points will be different, violating the orientation-consistency
assumption. Also, the effects of interreflections and spa-
tially varying ambient light occlusion are more noticeable
in shadowed regions. In our algorithm, we do handle these
indirectly and in an ad-hoc manner by allowing the shadow
masks to take real values in the range [0,1].

Of the above enumerated potential sources of error, the
first two: inadequate geometry sampling and image registra-
tion errors, are not inherent to our methodology, but will be
present in any system used to recover illumination-coherent
texture maps from range and color images. To better account
for the effects of interreflections and ambient occlusions,
the contributions from these sources could be approximated
using a ray-tracer; however, ray-tracing requires hole-free
geometry with accurate normals, which is not always avail-
able from range scans. Acquiring a hole-free model is pos-
sible if unlimited time is available, but that is not typically
the case during field work.

5Also defined as sky-aperture in (Narasimhan and Nayar 2001).

10 Conclusions and Future Work

In this paper we have presented two different methods for
building illumination coherent photorealistic models of out-
door scenes from images acquired under different illumi-
nation conditions. We did this without introducing addi-
tional overhead to the acquisition process. This required that
all the information needed for the creation of these mod-
els in a physically plausible way would need to come from
the photographs themselves and the geometry of the ob-
ject. Under these conditions, we developed two different
algorithms: an algorithm that normalizes the textures us-
ing a relighting operator and an algorithm that does it by
solving the texture and factorization problem, for which we
have presented results on different real scenes. Comparing
one method against the other, it is worth mentioning that
the relighting algorithm does not assume any illumination
model, and thus can be more general than the factorization
approach, which does assume a particular parametric model
for the illumination and uses the input data to find the pa-
rameters of this model. However, in those cases where the
parametric model adjusts closely to real world scenarios,
the factorization approach has the advantage of generating
illumination-free textures which can then be relighted under
novel illumination settings.

The results we have presented are for a number of out-
door scenes using a variety of lighting conditions. For more
complex scenes and illumination settings, our assumptions
might not hold, and our method may not produce the ex-
pected results. Inverse rendering, in particular for outdoor
scenes, is indeed a difficult problem and even more elabo-
rate techniques that make use of a light-probing device are
limited to mostly diffuse like surfaces. Debevec et al. (2004)
fit image data to a pre-measured BRDF model based on the
Lafortune representation and assume that the colors of the
Lambertian component and retroreflective lobes both follow
the Lambertian color.

In our method, by assuming materials to be Lambertian-
like,we guaranteed that the ratio image is texture-free, al-
lowing us to derive a simple model for relighting and for
factoring irradiance and texture. It seems unlikely that this
restriction can be relaxed for the general case, but under cer-
tain circumstances, we might be able to. For example, if we
had a small database of materials representative of the mate-
rials in the scene, and assumed point light source illumina-
tion, we could search the space of materials and source po-
sitions until we find the parameters that best fit the observed
ratio image. This will likely require proper segmentation and
materials clustering, as in (Hertzmann and Seitz 2005).

Yet to be explored is the use of active methods for
reflectance modeling in outdoor environments. The range
finder is, in fact, an active device which does report a re-
turned intensity value. In recent work (Xu et al. 2006), pure
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diffuse reflectance of large environments is obtained by ana-
lyzing the scanner’s returned intensity value in combination
with color-balancing techniques on the input color images.

Acknowledgements This research was funded in part by NSF grant
IIS-0121239 and a grant from the Andrew Mellon Foundation. Re-
search in France was done in collaboration with Prof. Stephen Mur-
ray from the department of Art History and Archeology at Columbia
University, NY.

References

Agathos, A., & Fisher, R. (2003). Colour texture fusion of multiple
range images. In Proceedings of the 4th international conference
on 3D digital imaging and modeling (pp. 139–146).

Allen, P. K., Troccoli, A., Smith, B., Murray, S., Stamos, I., &
Leordeanu, M. (2003). New methods for digital modeling of his-
toric sites. IEEE Computer Graphics and Applications Magazine,
23(6), 32–41.

Allen, P., Feiner, S., Troccoli, A., Benko, H., Ishak, E., & Smith, B.
(2004). Seeing into the past: creating a 3D modeling pipeline for
archaeological visualization. In Proceedings of 2nd international
symposium on 3D data processing, visualization and transmis-
sion.

Bannai, N., Agathos, A., & Fisher, R. B. (2004). Fusing multiple color
images for texturing models. In Proceedings of 2nd international
symposium on 3D data processing, visualization and transmission
(pp. 558–565). Los Alamitos: IEEE Computer Society.

Basri, R., & Jacobs, D. W. (2003). Lambertian reflectance and linear
subspaces. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 25(2), 218–233.

Beauchesne, E., & Roy, S. (2003). Automatic relighting of overlapping
textures of a 3D model. In Proceedings of computer vision and
pattern recognition.

Buehler, C., Bosse, M., McMillan, L., Gortler, S., & Cohen, M. (2001).
Unstructured lumigraph rendering. In Proceedings of the 28th an-
nual conference on computer graphics and interactive techniques
(pp. 425–432). New York: ACM.

Chuang, Y.-Y., Goldman, D. B., Curless, B., Salesin, D. H., & Szeliski,
R. (2003). Shadow matting and compositing. ACM Transactions
on Graphics, 22(3), 494–500.

Curless, B., & Levoy, M. (1996). A volumetric method for building
complex models from range images. In Proceedings of the 23rd
annual conference on computer graphics and interactive tech-
niques (pp. 303–312). New York: ACM.

Debevec, P. E., Taylor, C. J., & Malik, J. (1996). Modeling and render-
ing architecture from photographs: a hybrid geometry- and image-
based approach. In Proceedings of the 23rd annual conference on
computer graphics and interactive techniques (pp. 11–20). New
York: ACM.

Debevec, P., Hawkins, T., Tchou, C., Duiker, H.-P., Sarokin, W., &
Sagar, M. (2000). Acquiring the reflectance field of a human
face. In Proceedings of the 27th annual conference on computer
graphics and interactive techniques (pp. 145–156). New York:
ACM/Addison-Wesley.

Debevec, P., Tchou, C., Gardner, A., Hawkins, T., Stumpfel, J., Jones,
A., et al. (2004). Estimating surface reflectance of a complex
scene under natural captured illumination (Technical report).
University of Souther Californian, Institute for Creative Technolo-
gies.

Frolova, D., Simakov, D., & Basri, R. (2004). Accuracy of spherical
harmonic approximations for images of Lambertian objects under
far and near lighting. In Proceedings of the European conference
on computer vision (Vol. 1, pp. 574–587).

Funka-Lea, G., & Bajcsy, R. (1995). Combining color and geometry
for the active, visual recognition of shadows. In ICCV ’95: pro-
ceedings of the fifth international conference on computer vision
(p. 203). Washington: IEEE Computer Society.

Hertzmann, A., & Seitz, S. M. (2005). Example-based photomet-
ric stereo: Shape reconstruction with general, varying BRDFs.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
27(8), 1254–1264.

Ikeuchi, K., & Sato, K. (1991). Determining reflectance properties
of an object using range and brightness images. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 13(11),
1139–1153.

Lensch, H. P. A., Kautz, J., Goesele, M., Heidrich, W., & Seidel, H.-P.
(2003). Image-based reconstruction of spatial appearance and
geometric detail. ACM Transactions on Graphics, 22(2), 234–
257.

Marschner, S. R., & Greenberg, D. P. (1997). Inverse lighting for pho-
tography. In Proceedings of the 5th color imaging conference.

Narasimhan, S. G., & Nayar, S. K. (2001). Removing weather effects
from monochrome images. In IEEE conference on computer vi-
sion and pattern recognition (CVPR) (Vol. 2, p. 186).

Pulli, K., Cohen, M., Duchamp, T., Hoppe, H., Shapiro, L., & Stuet-
zle, W. (1997). View-based rendering: visualizing real objects
from scanned range and color data. In Rendering techniques ’97
(pp. 23–34). New York: Springer Wien.

Ramamoorthi, R. (2002). Analytic PCA construction for theoretical
analysis of lighting variability in images of a Lambertian object.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
24(10), 1322–1333.

Ramamoorthi, R., & Hanrahan, P. (2001a). On the relationship between
radiance and irradiance: determining the illumination from im-
ages of a convex Lambertian object. Journal of the Optical Society
of America A, 18(10), 2448–2459.

Ramamoorthi, R., & Hanrahan, P. (2001b). A signal-processing frame-
work for inverse rendering. In SIGGRAPH ’01: proceedings of
the 28th annual conference on computer graphics and interactive
techniques (pp. 117–128). New York: ACM.

Reda, I., & Andreas, A. (2003). Solar position algorithm for solar radi-
ation applications (Technical report). National Renewable Energy
Laboratory, Golden, CO.

Salvador, E., Cavallaro, A., & Ebrahimi, T. (2004). Cast shadow seg-
mentation using invariant color features. Computer Vision and Im-
age Understanding, 95(2), 238–259.

Shashua, A., & Riklin-Raviv, T. (2001). The quotient image: class-
based re-rendering and recognition with varying illuminations..
IEEE Transactions on Pattern Analysis and Machine Intelligence,
23(2), 129–139.

Tomasi, C., & Manduchi, R. (1998). Bilateral filtering for gray and
color images. In ICCV ’98: proceedings of the sixth international
conference on computer vision (p. 839). Washington: IEEE Com-
puter Society.

Troccoli, A. (2006a). Animation of relighted image sequence of the
church of St. Marie at Chappes, France. http://www.cs.columbia.
edu/atroccol/ijcv07.

Troccoli, A. (2006b). New methods and tools for 3D-modeling of large
scale outdoor scenes using range and color images. PhD thesis,
Department of Computer Science, Columbia University.

Troccoli, A., & Allen, P. K. (2004). A shadow based method for image
to model registration. In 2nd IEEE workshop on image and video
registration (IVR 04).

Troccoli, A., & Allen, P. (2005). Relighting acquired models of outdoor
scenes. In Proceedings of 3DIM’05.

Troccoli, A., & Allen, P. (2006). Illumination and textures factoriza-
tion using ratio images of an object of known geometry. In Pro-
ceedings of the 3rd international symposium 3D data processing,
visualization, and transmission (3DPVT 06). Los Alamitos: IEEE
Computer Society.



280 Int J Comput Vis (2008) 78: 261–280

Wang, L., Kang, S. B., Szeliski, R., & Shum, H.-Y. (2001). Optimal
texture map reconstruction from multiple views. In Proceedings
of the 2001 IEEE computer society conference on computer vision
and pattern recognition (pp. 347–354).

Wang, H., Li, S. Z., & Wang, Y. (2004). Generalized quotient image.
In IEEE conference on computer vision and pattern recognition
(CVPR) (Vol. 2, pp. 498–505).

Xu, C., Georghiades, A., Rushmeier, H., & Dorsey, J. (2006). A system
for reconstructing integrated texture maps for large structures. In

Proceedings of 3rd international symposium on 3D data process-
ing, visualization and transmission.

Yu, Y., & Malik, J. (1998). Recovering photometric properties of archi-
tectural scenes from photographs. In Proceedings of the 25th an-
nual conference on computer graphics and interactive techniques
(pp. 207–217). New York: ACM.


	Building Illumination Coherent 3D Models of Large-Scale Outdoor Scenes
	Abstract
	Introduction
	Related Work
	Problem Definition
	The Relighting Approach
	Relighting Using Irradiance Ratios
	Relighting in the Presence of Shadows
	De-Shadowing
	Extending to Multiple Images

	The Complete Relighting Algorithm
	Data Acquisition
	Shadow Detection
	IRM Computation
	Shadow Map Update

	Relighting Results
	Irradiance and Texture Factorization
	Factorization Algorithm for Point Light Sources
	Factorization Algorithm for Generalized Illumination
	The Point Light Plus Ambient Illumination Algorithm
	Extracting the Albedo Map

	Texture Factorization Results
	Point Light Source Model
	Generalized Illumination Model
	Point Plus Ambient Illumination Model

	Discussion
	Inadequate Geometry Sampling
	Registration Errors
	Shadow Detection
	Non-Lambertian Reflectance
	Interreflections and Spatially Varying Ambient Occlusion

	Conclusions and Future Work
	Acknowledgements
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for journal articles and eBooks for online presentation. Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


