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ABSTRACT

Illumination variability has a considerable influence on the performance of computer vision algorithms or video
coding methods. The efficiency and robustness of these algorithms can be significantly improved by removing the
undesired effects of changing illumination. In this paper, we introduce a 3-D model-based technique for estimating
and manipulating the lighting in an image sequence. The current scene lighting is estimated for each frame exploiting
3-D model information and by synthetic re-lighting of the original video frames. To provide the estimator with surface
normal information, the objects in the scene are represented by 3-D shape models and their motion and deformation
are tracked over time using a model-based estimation method. Given the normal information, the current lighting is
estimated with a linear algorithm of low computational complexity using an orthogonal set of light maps. This results
in a small set of parameters which efficiently represent the scene lighting. In our experiments, we demonstrate how
this representation can be used to create video sequences with arbitrary new illumination. When encoding a video
sequence for transmission over a network, significant coding gains can be achieved when removing the time varying
lighting effects prior to encoding. Improvements of up to 3 dB in PSNR are observed for an illumination-compensated
sequence.
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1. INTRODUCTION

The performance of computer vision algorithms is often significantly influenced by the wide variability of an object’s
appearance caused by changes in the scene lighting. In face and object recognition, for example, a new face has
to be matched with a database of facial images recorded under different lighting conditions which complicates the
comparison severely [1–3]. Similarly, 3-D motion estimation algorithms and 3-D geometry reconstruction techniques
rely on the establishment of image point correspondences which are difficult to determine if the illumination in the
scene changes. Since the lighting in the scene cannot be explicitly controlled in many applications, the algorithms
have to cope with this large range of different image data.

Rather than finding features in the image that are insensitive to variations in the lighting, some approaches
explicitly model the lighting effects. In [4–6], photometric properties of the scene are estimated to increase the
robustness of 3-D motion estimation from image sequences. In order to keep the computational complexity for the
estimation low, these methods rely on simple local lighting scenarios to account for the dominant lighting effects in
the scene. Typically, ambient illumination plus one additional point light source located at infinity are used.

In this paper, we present a new model-based illumination estimation technique that represents shading effects
by a linear combination of orthogonal light maps. This representation allows to deal with multiple light sources and
can describe to some extend also global illumination effects like inter-reflections or self-shadowing. The estimation,
however, is still linear in the unknowns requiring only low computational complexity. The underlying concept is
similar to the approaches presented in [7–9] where a linear superposition of still images showing a scene under
different lighting conditions is used to create a wide range of new shading effects. We have extended this approach
to the case of image sequences with moving objects by using a superposition of light maps attached to the surface
of 3-D object models. These models are moved and deformed according to the objects in the scene using the model-
based motion estimation technique presented in [10]. Since the light maps are connected to the object surface, they



are warped similarly. Given the light map representation, a set of light map weighting parameters is estimated for
each frame, compactly describing the current lighting scenario for each object.

Once the time varying parameter set is determined, modifications to the lighting in the image sequence can be
made by altering the estimated parameters. This is investigated for the special case of head-and-shoulder sequences
typically found in video-telephony or video-conferencing applications. For that scenario, we often have to deal
with poorly illuminated scenes and low data-rates of the connected network which requires efficient compression of
the image sequences. Both problems can be relaxed if suitable information about the lighting can be determined.
Sequences recorded under poor illumination conditions can be enhanced by properly adjusting the illumination in the
frames. Experiments show that the visual quality of encoded images can be significantly improved by estimating and
compensating the lighting variations in the video sequence prior to the encoding and transmission over a network.

2. ESTIMATION AND COMPENSATION OF SCENE LIGHTING

For the robust estimation of illumination parameters from head-and-shoulder image sequences, a model-based
analysis-by-synthesis technique is employed. A 3-D head model which can be moved and deformed to represent
facial expressions is used to provide shape and texture information of the person in the video. This model is illu-
minated by synthetic light sources and model frames are generated by rendering the virtual scene using computer
graphics techniques. By varying the set of parameters defining position and shape of the object as well as the
properties of the light sources in the scene, the appearance of the rendered model frame can be changed. Given
a particular camera frame, the model-based estimator determines the optimal parameter setting which results in a
minimum squared frame difference between original and model frame. The motion and deformation estimation part
is described in [10]. In this paper, the estimation of illumination parameters is addressed.

Assuming that the 3-D model is already compensated for motion and deformation, the remaining differences
between the original camera frame and the corresponding rendered model frame are caused by lighting differences
between the frames plus some additional noise. A parameter set representing the photometric properties in the scene
is estimated in order to minimize the frame difference leading to a model frame that optimally matches the original
camera frame within the bounds of the scene model accuracies. In order to allow the use of linear lighting models,
the non-linear γ-predistortion applied in the camera [11] is inverted before estimating the photometric properties.
Hence, all image and texture intensities I used throughout the paper represent linear intensity values. After the
estimation and compensation of the lighting, the images are again γ-predistorted.

Instead of explicitly modeling light sources and surface reflection properties and calculating shading effects during
the rendering process as it is done in [4–6], the shading and shadowing effects in this work are described by a linear
superposition of several light maps which are attached to the object surface. Light maps are, similar to texture maps,
two-dimensional images that are wrapped around the object containing shading instead of color information. During
rendering, the unshaded texture map IC

tex(u) with C ∈ {R,G,B} representing the three color components and the
light map L(u) are multiplied according to

IC(u) = IC
tex(u) · L(u) (1)

in order to obtain a shaded texture map IC(u). The two-dimensional coordinate u specifies the position in both
texture map and light map that are assumed to have the same mapping to the surface. For a static scene and
viewpoint independent surface reflections, the light map can be computed off-line which allows the use of more
sophisticated shading methods as, e.g., radiosity algorithms [12] without slowing down the final rendering. This
approach, however, can only be used if both object and light sources do not move. To overcome this limitation, we
use a linear combination of scaled light maps instead of a single one

IC(u) = IC
tex(u) ·

N−1∑

i=0

αC
i Li(u). (2)

By varying the scaling parameter αC
i and thus blending between different light maps Li, different lighting scenarios

can be created. The N light maps Li(u) are again computed off-line with the same surface normal information n(u)
but with different light source configurations. In our experiments, we use one constant light map L0 representing



ambient illumination while the other light maps are calculated assuming Lambert reflection and point light sources
located at infinity having illuminant direction li

L0(u) = 1 (3)
Li(u) = max{−n(u) · li, 0}, 1 ≤ i ≤ N − 1.

This configuration can be interpreted as an array of point light sources whose intensities and colors can be individually
controlled by the parameters αC

i . Fig. 1 shows an example of such an array with the illuminant direction varying
between −60o and 60o in longitudinal and latitudinal direction, respectively.

Figure 1. Array of lightmaps for a configuration with 7 by 7 light sources.

In order to reduce the number of unknowns αC
i that have to be estimated, a smaller orthogonal set of light maps

is used rather than the original one. A Karhunen–Loève transformation (KLT) [13] is applied to the set of light
maps Li with 1 ≤ i ≤ N − 1 creating eigen light maps which concentrate most energy in the first representations.
Hence, the number of degrees of freedom can be reduced without significantly increasing the mean squared error
when reconstructing the original set. Fig. 2 shows the first four eigen light maps computed from a set of 50 different
light maps. The mapping between the light maps and the 3-D head model is here defined by cylindrical projection
onto the object surface.

Figure 2. First four eigen light maps representing the dominant shading effects.

For the lighting analysis of an image sequence, the parameters αC
i have to be estimated for each frame. This

is achieved by tracking motion and deformation of the objects in the scene as described in [10] and rendering a



synthetic motion-compensated model frame using the unshaded texture map IC
tex. From the pixel intensity differences

between the camera frame IC
shaded(x) with x being the pixel position and the model frame IC

unshaded(x), the unknown
parameters αC

i are derived. For each pixel x, the corresponding texture coordinate u is determined and the linear
equation

IC
shaded(x) = IC

unshaded(x) ·
N−1∑

i=0

αC
i Li(u(x)) (4)

is set up. Since each pixel x being part of the object contributes one equation, a highly over-determined linear
system of equations is obtained that is solved for the unknown αC

i ’s by least-squares minimization. Rendering the
3-D object model with the shaded texture map using the estimated parameters αC

i leads to a model frame which
approximates the lighting of the original frame.

3. EXPERIMENTAL RESULTS

Figure 3. Original camera image (upper left) and three images with artificial illumination for different α configu-
rations.



In order to illustrate the performance of the proposed method, several experiments with real image data are
conducted. First, the light map approach is used to create different lighting scenarios from a single image. For the
video frame shown in the upper left of Fig. 3, a head model is created from a 3-D laser scan. Position, orientation,
and facial expressions are estimated and the head model is moved and deformed appropriately to match the original
frame [10]. Using surface normal information from the 3-D model, 50 light maps as shown in Fig. 1 are computed
according to (3) using an array of 7 by 7 different illuminant direction vectors li. A KLT is applied to the light maps
and the first four eigen light maps shown in Fig. 2 are used for the experiment. By varying the lighting parameters
αC

i , the original image IC
unshaded(x) is scaled according to (4) leading to differently illuminated images IC

shaded(x).
Fig. 3 shows three examples of image re-lighting for different parameter sets αi.

Figure 4. Upper row: original video frames, lower row: corresponding frames of illumination-compensated sequence
with constant lighting.

In a second experiment, the inverse problem is addressed where lighting variations over time are removed from an
image sequence. A head-and-shoulder sequence with 134 frames is recorded in CIF resolution. During the acquisition
of the video sequence, one natural light source was moved to change the illumination in the scene. The upper row
of Fig. 4 shows three frames of the sequence illustrating the variations in scene lighting. For that sequence, object
motion and deformation caused by facial expressions are tracked over time using the model-based approach in [10]
and synthetic frames are created by rendering the appropriately moved and deformed 3-D head model. Since the
texture of this model is extracted from the first frame of the sequence and not updated afterwards, the lighting in
the model frames remains constant. Therefore, these model frames can be used to determine the changes in scene
lighting of the original sequence by solving the system of equations given by (4). IC

unshaded corresponds to the pixel
intensities of a model frame while IC

shaded refers to the pixels of an original frame that is illuminated differently at each
time instant. The system of equations is solved in a least-squares sense providing for each frame a set of parameters
αC

i that specifies changes in the illumination relative to the first frame of the sequence. For this experiment, the first
most important eigen light maps computed from the above mentioned set of 50 light maps are used. By applying
the inverse scaling

IC
constant(x) =

IC
shaded(x)

∑N−1
i=0 αC

i Li(u(x))
(5)



to the original frames IC
shaded, the variations in the lighting can be removed and a new image sequence IC

constant

with constant illumination is obtained. This is illustrated on the lower row of Fig. 4 that shows three frames of the
illumination-compensated sequence.

The accuracy of the illumination compensation is directly related to the particular light map configuration. To
investigate these effects, we perform scene lighting estimation and compensation with a different number of eigen
light maps. Like in the previous experiment, motion, deformation, and lighting parameters are estimated for the
sequence shown in Fig. 4. Then, motion- and illumination-compensated frames are generated by rendering the
deformed 3-D head model and applying (4) to approximate the original shading. The approximation accuracy is
determined by comparing the synthetic model frames with the original sequence. By varying the number of eigen
light maps used for the description of lighting effects, different reconstruction qualities can be obtained.
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Figure 5. Reconstruction quality of motion- and illumination-compensated frames for a varying number of eigen
light maps.

Fig. 5 shows the average reconstruction quality of the model frames measured in peak-signal-to-noise-ratio (PSNR)
of the facial area. In this plot, the measurement using zero light maps corresponds to the experiment with no illumi-
nation compensation. One eigen light map refers to the case of simply scaling the three color channels appropriately.
With an increasing number of light maps and thus lighting parameters, the accuracy of the model frames improves.
However, the gain of adding a particular eigen light map depends on the current lighting in the scene, since each
light source configuration is unequally well represented by the light map. Therefore, the curve in Fig. 5 need not be
convex even if each additional light map improves the illumination compensation. For a large number of light maps,
gains of up to 3.3 dB in PSNR are obtained compared to case when the image is simply scaled which requires no
3-D knowledge. Compared to the explicit 8 parameter light source model estimation described in [6], a gain of 0.95
dB in PSNR is observed for the proposed light map approach which requires 3 degrees of freedom for each additional
light map. However, as indicated by the saturation effect of the curve in Fig. 5, a small number of light maps is
sufficient to describe the dominant lighting effects.

Lighting compensation for an image sequence not only improves the visual quality in poorly illuminated scenes,
but is also beneficial in video coding and transmission. If the illumination in the video varies the bit-rate required
to encode the sequence at a certain quality increases drastically, since motion-compensated prediction becomes less
efficient. When removing variations in the lighting from the sequence prior to its encoding, significant bit-rate savings
can be obtained at the same reconstruction quality. To investigate this effect, the CIF video sequence in the upper
row of Fig. 4 is encoded at 8.3 fps with an H.26L codec (test model TML 5.9 [14]). Additionally, the variations in
scene lighting are removed resulting in the new sequence shown in the lower row of Fig. 4 which is encoded using the
same parameter settings. Rate-distortion curves are measured for both sequences by varying the quantizer parameter
over values 12, 14, 16, 20, 24, and 28. As shown in Fig. 6, the reconstruction quality measured in PSNR is higher for
the illumination-compensated sequence. At the low bit-rate end, a gain of 2.9 dB in PSNR is achieved at the same
average bit-rate. This corresponds to a bit-rate reduction of 42 % at the same average quality.



0 50 100 150 200
34

35

36

37

38

39

40

41

42

43

44
TML−5.9

bit−rate [kbit/s]

P
S

N
R

 [d
B

]

Original
Compensated

Figure 6. Rate-distortion plot illustrating the coding gain achieved by illumination compensation.

Fig. 7 finally shows decoded frames for both sequences encoded at the same average bit-rate of about 34 kbit/s.
The left hand side of Fig. 7 depicts two decoded frames of the original video sequence. The corresponding frames
of the right hand side are decoded from the modified sequence with less variations in the lighting and show less
coding artifacts compared to the original sequence. Thus, model-based illumination compensation can be used as a
preprocessing step to improve the visual quality of coded image sequences.

4. CONCLUSIONS

We present a 3-D model-based approach for estimating lighting variations in head-and-shoulder image sequences.
Head pose and facial expressions of the person are tracked with a 3-D head model that provides surface normal
information for the analysis of lighting variations. The shading of the model is achieved by linear superposition
of multiple eigen light maps which are attached to the model surface. Experiments show that a small number of
light maps is already sufficient to describe a wide variety of lighting effects. By comparing the pixel intensities of
the original and the motion-compensated model frame, a system of linear equations is set up which is solved with
low computational complexity for the parameters αC

i representing the shading information. After having estimated
the current lighting, variations over time can be eliminated by inverting the estimated scaling function. New image
sequences are obtained that show constant lighting for all frames. When encoding these illumination-compensated
sequences, significant improvements in coding efficiency can be observed. Experiments report an increase in PSNR
of up to 2.9 dB at the same average bit-rate if the proposed illumination compensation is applied prior to encoding.
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