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Abstract

Recovering multiple point light sources from a sparse
set of photographs in which objects of unknown texture can
move is challenging. This is because both diffuse and spec-
ular reflections appear to slide across surfaces. What is sel-
dom demonstrated, however, is that it can be taken advan-
tage of to address the light-source recovery problem. In this
paper, we therefore show that, if 3D models of the moving
objects are available or can be computed from the images,
we can solve the problem without any a priori constraints
on the number of sources, on their color, or on the surface
albedos.

Our approach involves finding local maxima in individ-
ual images, checking them for consistency across images,
retaining the apparently specular ones, and having them
vote in a Hough-like scheme for potential light source di-
rections. The precise directions of the sources and their
relative power are then obtained by optimizing a standard
lighting model. As a byproduct we also obtain an estimate
of various material parameters such as the unlighted texture
and specular properties.

We show that the resulting algorithm can operate in pres-
ence of arbitrary textures and an unknown number of light
sources of possibly different unknown colors. We also esti-
mate its accuracy using ground-truth data.

1. Introduction

Let us consider the following scenario. We are given a
set of images acquired by a fixed camera of a scene in which
rigid objects may move between exposures. Assuming that
no additional information is provided, we can use commer-
cially available software packages to reconstruct the geom-
etry of the moving objects and to estimate their 3D poses.
By contrast, recovering the number and direction of the pos-
sibly multiple light sources and the object textures remains
a difficult problem. This is because, for any given surface
patch projected in several images, none of the photometric
angles are preserved between views. This implies that both
diffuse and specular reflections move across the surface.
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Figure 1. Recovering number of sources and their direc-
tions in a scene lighted by three different light sources of
unknown and different colors. To see this, we suggest that
the reader view these images in color. (a,b) Two of nine
input photographs. (c) Shaded view of the 3D model of
specular artifacts.

The above scenario is highly relevant to many real-world
applications such as delighting and religthing scene objects
or adding new objects that blend correctly in the scene. For
example, in the remastered versions of the Star Wars movie,
new synthetic ships and robots were added to scenes that
had been filmed a long time ago using real props [1]. Since
both the original props and lighting parameters are probably
long lost, a technique able to recover those parameters au-
tomatically from the old images of the moving props could
have saved a great deal of time and money.

In this paper, we present an approach to recovering mul-
tiple point light sources out of a sparse set of registered pho-
tographs, provided that 3D models of some moving scene
objects are available or can be computed. Our approach in-
volves finding local gray-level maxima in several images
and deciding whether or not they represent specularities.
The detected specularities are then used to count how many
point light sources are in the scene and estimate their loca-
tion. The precise directions of the sources, their relative
power and their color are then obtained by optimizing a
standard lighting model. As a byproduct, we also obtain



an estimate of various material parameters such as the un-
lighted texture and specular properties.

It is well known that lighting maxima glide across
the surface of a moving object according to the normals,
whereas texture maxima tend to be detected at the same sur-
face location in many images. However, this has not been
explicitly exploited by any previously published technique
we are aware of. The originality of our method is there-
fore to take advantage of this physical fact to distinguish
between lighting and texture maxima and to implement a
light-source detection scheme that relies upon consistency
across images. Although, the current algorithm is not de-
signed to deal with very extended light sources, it is de-
signed to handle sources that are not at infinity and are not
truly point-light-sources.

As shown in Figs. 1 and 2, the resulting method can op-
erate in presence of arbitrary textures and multiple light
sources of possibly different unknown colors. This un-
known chromaticity completely rules out the use of meth-
ods based on the dichromatic model [3, 2, 8, 9]. Simi-
larly there are almost no shadows and no obviously visi-
ble critical boundaries, which would surely handicap meth-
ods [11, 4] that require them. In short, given a set of images
containing moving objects, our method makes it possible
to recover the lighting parameters under far less restrictive
assumptions than state-of-the-art methods.
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Figure 2. Lighting parameters recovery in presence of
texture. The first row shows the recovery for one light
source from high resolution images. The second row shows
the recovery for three light sources from low resolution im-
ages. (a,b) Two out of nine input images. (c) Using the re-
covered parameters and the perspective of (b) yield a shaded
view in which the specularity is very similar to the true one.
(d) The recovered albedo map is free of specular artifacts.

The limitations are that there must be specularities and
that we require multiple images and a 3D model, which
does not however have to be extremely accurate. For
many applications, this is not particularly onerous given the
prevalence of video cameras and the growing number of
structure-from-motion techniques, both manual and auto-
mated, that can be used to build the required models. Here,

the fact that our approach can handle texture is essential
since many of these geometric reconstruction techniques
rely on it.

In the remainder of the paper, we first review some of
the most representative approaches to light source recovery
that have been proposed with a view to understanding what
the kind of assumptions they make. We then present the
light source estimation algorithm and describe the refine-
ment process. The results section shows the ability of the
method to handle multiple light source recovery and discuss
its accuracy.

2. Related Work

Specularities have bedeviled Computer Vision algo-
rithms for many years. Many researchers have attempted
either to handle them by introducing calibration objects or
controlling the image acquisition process, or to eliminate
them by treating them as statistical outliers. Others have
attempted to actually use them as information sources but
often make very strong assumptions, as discussed below.

Among methods that require a single image,
chromaticity-based ones [3, 2, 8, 9] are among the
most popular. However, they typically require the material
chromaticity to be different from the lighting chromaticity
and all sources to be of the same color, except in very spe-
cific cases where it is possible to segment the contributions
of individual sources. An alternative to using color is to
rely on shadows and critical boundaries [11, 4] but they are
not necessarily easy to find in the presence of texture.

When a static scene can be filmed using a moving cam-
era, specularities have been successfully used to find the
light sources [5, 13]. In that case the lighting maxima do
not glide across the surface and the problem is compara-
tively easier than when objects can move. The detection
is based on the fact that the intensity variations between
images can only be caused by specularities. More sophis-
ticated models that explicitly represent specularities have
been proposed. For example, the signal-processing frame-
work introduced in [7] describes the reflection operator as
a convolution and formulates the recovery of a BRDF and
lighting distribution as a deconvolution. In addition to giv-
ing a mathematical tool to analyze the well-posedness and
conditioning of inverse-rendering problems, the method can
recover complete BRDFs, thus handling both specular ma-
terials and the lighting environment. It has, however, only
been demonstrated in cases where the albedo is either con-
stant or known a priori, which is a severe limitation.

3. Method

It is generally accepted that, once the specularities have
been detected, counting and positioning the light sources is
comparatively easy. However, this detection is often hard
and the simple thresholding techniques that are often re-
ported in the literature cannot be expected to work very well
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Figure 3. Specularity detection workflow. (a) The input
image is converted to grayscale. (b) The maxima are de-
tected and neighboring ones are merged. (c) The maxima
are grown by including neighboring pixels of lower inten-
sity to form regions. (d) Only the region that are brighter
than their neighbors are retained. (e) Enforcing consistency
across images lets us discard non-specular regions. (f) The
remaining specular regions vote in an accumulator yielding
maxima that corresponds to the number and direction of the
light sources.

in general. For example, in a textured scene lit by multiple
light-sources, a diffuse area of large albedo can be brighter
than a specular one of smaller albedo. In such a case, no
simple threshold can be used to extract specular gray-level
maxima while eliminating others.

We overcome this problem by explicitly using the fact
that specularities glide over moving surfaces in a pre-
dictable fashion. This lets us distinguish between non-
specular maxima and specular ones and take advantage of
the later to count the light-sources and to estimate the light-
ing parameters as follows.

3.1. Detecting Specularities and Positioning
the Light Sources.

This involves the following three-step algorithm:

1. In each greyscale converted image, we select all the
pixels of greater or equal intensity than their eight-
connected neighbors. Neighboring local maxima of
equal intensity are merged. To estimate the local sup-
port of these maxima, Fig. 3(b), we sequentially con-
sider them, starting with the brightest ones. We grow
areas around them by including all the neighboring
pixels whose difference in intensity with the corre-
sponding maximum remains below a predefined value.
This local thresholding adapts to the gray level of the
maxima and absorb local texture maxima. This results
in a set of regions such as those depicted by Fig. 3(c).
Among these regions, we only retain those that corre-
spond to peaks of higher intensity than those of their
neighbors, such as those of Fig. 3(d). The remaining
maxima are the ones that will be used as input to the
voting scheme described below.

2. To classify the maximal intensity areas as either tex-
ture or lighting maxima, we compute surface normal
and line of sight for each corresponding pixel. If a
maximum region, instead of moving with respect to
the mesh, stays at the same mesh location even though
the object rotates, the algorithm labels it a texture max-
imum.

3. Specularities are located at places where an object sur-
face behaves like a mirror so that the viewer sees a re-
flection of the light source. Therefore, for each poten-
tially specular pixel that have passed the consistency
test, we compute the reflected line of sight mirrored
off the 3D model. We express the line’s orientation in
terms of its (¢, #) spherical coordinates, which we use
to increment a 2D orientation accumulator such as the
one of Fig. 3(f). The resulting number of peaks in the
accumulator gives us the number of sources and an es-
timate of the corresponding light source’s orientation,

Fig. 3(f).

3.2. Refining the Light Source Estimates.

Given these lighting parameters estimates, we refine the
directions of the sources and their relative powers by fitting
the Ward [12] lighting model to gray levels at all locations
in all images where the projected 3D Model gives us normal
vectors. In addition, this yields values for the albedos and
the specular coefficients. The lighting distribution and the
material parameters are separatively optimized in an itera-
tive loop. We chose the Ward model because it is one of the
simplest model that, unlike the Phong model [6], is based on
physical measures. An alternative would have been to use
an even more accurate model, such as the Torrance-Sparrow
one [10]. However, such models have far more parameters,
making them more difficult to instantiate with the imagery
at our disposal.

Our specularity detection method is designed to handle
small area light sources, which are neither perfect point
light sources nor at infinity. Note that we do not make as-
sumptions about the presence or absence of texture and do
not require any foreknowledge of the albedos. Because we
can use grayscale images, our method is insensitive to the
fact that the light sources may be of different and unknown
colors, which sets it apart from most color-based techniques
that place restrictive assumptions on the color of the light-
ing. However, we can also use color images to estimate the
chromaticity of the light sources.

4. Results

To demonstrate the performance of our algorithm, we
use three very different objects, the shiny teapot of Fig. 1
we have used to illustrate its workflow, the highly texture
Easter egg of Fig. 2, and the human face of Fig. 4. In all
these examples, even though the objects have very different
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Figure 4. Insensitivity to the quality of the model. (a,b)
Two out of nine input images. (c) The high-resolution scan.
(d) A much lower resolution model computed using a struc-
ture from motion technique. (e) The arrows point towards
the main specularities. (f) Specular areas detected using the
3D scan overlaid in white. (g) Shaded view, using the pa-
rameters recovered with the high resolution 3D scan. Note
that the synthetic specularities appear at the right places.
(h) Shaded view, using the parameters recovered with the
low resolution model, to be compared to (g). Note that the
specularities still appear at the right places.

physical properties—the teapot is shiny, the egg is very tex-
tured, and the face produces specularities that are less well
defined—we used the same parameter settings. The only
things that change are the 3D model and calibration matri-
ces we feed to our system.

To quantify the accuracy of our estimates, we placed a
white sphere on the same table as the teapot. It behaves al-
most as a mirror, making it very easy to precisely locate the
specularities it produces. We used them to accurately esti-
mate the locations of the light sources using a 3D spherical
model, which is very easy to register to the actual sphere,
thus making these estimates highly believable. We there-
fore treat them as a baseline against which we compare re-
sults obtained using other objects. In Table 1 (a), we give
the recovery error for the orientations of each one of the
three light sources. This yields errors ranging from 0.72 to
2.50 degrees. Note that light source number 2 is the one
recovered most accurately, presumably because it produces
more specularities that falls on parts of the images where
the angle between the normal and light source direction is
small.

Light | Error after | Error after
source | detection fitting

1 1.82 1.43

2 1.18 0.72

3 2.64 2.50

Table 1. Accuracy of the estimated light source directions
in the teapot case. For each light source, we compare the
estimates to those obtained using a white sphere, first after
the step of Section 3.1 and then after the step of Section 3.2.
The numbers we give are differences between directions ex-
pressed in degrees.

5. Conclusion

We have shown that, given a set of images and a 3D
model of a moving object, which may be neither very pre-
cise nor complete, we can accurately recover the number
and direction of multiple light sources of potentially differ-
ent colors, even when the object is very textured.

This is achieved by explicitly using the fact that specu-
larities glide over moving surfaces in a predictable fashion,
which is an original approach even though the basic under-
lying physical facts are well known. This lets us distinguish
specular areas from those surrounding other kinds of image
intensity maxima. As a result, we can accurately recover
lighting parameters and produce unlighted texture maps by
removing specular artifacts, even in situations where other
state-of-the-art techniques are not applicable.

In future work, to further increase robustness, we will
explore ways to track the maximum intensity areas in video
sequences to exploit spatio-temporal constraints. We will
also incorporate shadows that we currently ignore into our
estimation framework.
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