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Abstract. Face Recognition under uncontrolled illumination conditions
is partly an unsolved problem. There are two categories of illumination
normalization methods. The ﬁrst category performs a local preprocessing, where they correct a pixel value based on a local neighborhood in the
images. The second category performs a global preprocessing step, where
the illumination conditions and the face shape of the entire image are
estimated. We use two illumination normalization methods from both
categories, namely Local Binary Patterns and Model-based Face Illumination Correction. The preprocessed face images of both methods are
individually classiﬁed with a face recognition algorithm which gives us
two similarity scores for a face image. We combine the similarity scores
using score-level fusion, decision-level fusion and hybrid fusion. In our
previous work, we show that combining the similarity score of diﬀerent
methods using fusion can improve the performance of biometric systems.
We achieved a signiﬁcant performance improvement in comparison with
the individual methods.

1

Introduction

One of the major problems with face recognition under uncontrolled conditions
is the illumination variation, which is often larger than the variations between
individuals. Using illumination normalization methods, we want to correct the
illumination variations in a single face image. In literature, several methods have
been proposed to make face images invariant for illumination. These methods
can be divided into two categories. The ﬁrst category normalizes the face image
by applying a preprocessing step on the pixel values using information from
the local region around that pixel. Examples of these approaches are Histogram
Equalization [1] or (Simpliﬁed) Local Binary Patterns [2], [3]. These approaches
are direct and simple, but fail to model the global illumination conditions. The
second category estimates a global physical model of the illumination mechanism
and its interaction with the facial surface. In this category falls for instance the
Quotient Image [4], Spherical harmonics [5], 3D morphable models [6]. These
methods are able to estimate the global illumination condition, but are also
more complicated and require training to model the illumination conditions.
In practise, we have observed that both categories of illumination normalization algorithms have their advantages and disadvantages. The methods in the
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ﬁrst category have problems with regions which are not illuminated because of
hard shadows. These shadow regions have a large signal to noise ratio which
makes the correction for local methods almost impossible. However, these local
methods work well on the illuminated parts of the image and on lightly shadowed (soft shadows) areas. The second category is able to reconstruct the parts
with hard shadows, using statistical models. But our current implementation of
a global method does not model face variations like glasses and expressions. To
summarize, the local methods work well on illuminated part of the image, also
the parts which are not modelled by the global methods. The global methods are
however able to reconstruct parts which contain hard shadows, which is not possible using a local method. By combining methods from both categories, we aim
to improve the performance in face recognition under diﬀerent and uncontrolled
illumination conditions.
Combining the two diﬀerent illumination correction methods can be done on
three diﬀerent levels, namely at the feature level, the score level and the decision
level. We will concentrate on the last two levels of fusion because of its simplicity.
To achieve this, the preprocessed images are individually classiﬁed and the scores
are fused using score-level [7], decision-level fusion [8] and a combination of both
these methods named hybrid fusion [9].
Our paper is organized as follows, in Section 2 we describe the two illumination
correction algorithms. Section 3 explains how we combine these algorithms for
face recognition. In Section 4, we show the experiments and results and Section
5 gives the conclusions.

2

Illumination Normalization

For illumination normalization, we use two methods which come from diﬀerent
categories. The method from the ﬁrst category is the Local Binary Patterns [10]
preprocessing, where diﬀerent papers [2], [3] claim its invariance to illumination
conditions. In the second category, we use the illumination correction approach
in [11], which is able to correct illumination variations using a single 2D facial
image as its input. If we compare this method with [4] or [12], it is more advanced
using a 3D shape model and a shadow and reﬂection model, but in comparison
with 3D morphable models [6] it is still computational eﬃcient. In the following
subsections, we describe both methods in more detail.
2.1

Local Binary Patterns

Local Binary Patterns method (LBP) is proposed in [10] and are often used as
features in face recognition. The standard LBP give the 3×3-neighbors the value
0 if they are smaller than the center pixel value and 1 otherwise. This result in a
8 bit string, which represents the pattern at the center point. We can also obtain
from it a decimal representation between 0 and 255. LBP is a relative measure
which makes it invariant against monotonic gray-scale transformations. A big
range of illumination changes consist of monotonic gray-scale transformations in
large regions in the image.
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There are also extensions to the original LBP, which use a bigger radius
and more spacing for the neighbors or use a diﬀerent weighting scheme for the
diﬀerent bits. In this paper, we use the simplest LBP as preprocessing to obtain
the illumination invariant images, i.e. based on a 3 × 3-neighborhood.
2.2

Model-Based Face Illumination Correction

The method from the second category [11] uses the Lambertian model to correct
illumination in face images. It assumes that a face image is illuminated from a
single light source at an inﬁnit distance, which gives the following Lambertian
equation:
b(x) = c(x)n(x)T si + e(x; s)

(1)

In this case, x is the pixel position and b ∈ R is the pixel intensity in the image.
The pixel intensity is determined by the shape and the light condition. The shape
h(x) = c(x)n(x)T is deﬁned by the surface normals n ∈ R3 and the albedo c ∈ R.
The light condition v = si is deﬁned by the normalized vector s ∈ R3 which
denotes the light direction and the intensity of the light given by i ∈ R. We
added the error term e ∈ R, which allows us to handle shadows and reﬂections,
which are not modelled in the Lambertian model. We can also vectorize the face
image which gives the following notation: b = Hv + e(s). Using an image of M
pixels, we have a vectorized face images, b ∈ RM×1 and a matrix H ∈ RM×3
which contains the face shape and the error term e(s) ∈ RM×1 . The goal of this
method is to correct the illumination in a face image b(x), by estimating the
shape h(x) and light v. This approach uses a face shape model, so that we are
able to estimate a face shape given that we know the light direction. We can also
evaluate how well the face shape ﬁt under a certain light direction. Because the
light direction is unknown, we calculate multiple face shapes for a set of light
direction and evaluate these shapes. Using kernel regression, a sort of weighted
interpolation using the evaluations of the face shapes, we can calculate a ﬁnal
shape using the best evaluated shapes. The pseudo-code of this approach is given
below:
– Learn a model of the face shape and the error term (oﬄine)
– For a set of diﬀerent light direction sj
• Calculate a shadow and reﬂection term ej (x; sj )
• Estimate the light intensity ij which gives us light condition vj
• Fit the face shape model to the face image which gives us a shape hj (x)
• Evaluate the shape hj (x) which gives us a distance measure dj
– Calculate the ﬁnal shape h(x) using kernel regression
– Reﬁne the albedo of the ﬁnal shape c(x) to obtain more details
In this paper, j is the index for a set of diﬀerent light directions, where we
calculate for J light directions error terms ej (x; sj ), light conditions vj , face
shapes hj (x) and evaluations of the face shapes. The ﬁnal shape is used to
calculate frontal illumination on the face, giving us an illumination normalized
face image. In the next sections, we describe the diﬀerent steps of the pseudocode.
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Learn the Face Shape and the Error Model. A set of face images and 3D
range maps allows us to calculate the face shapes H using a image and a range
map (see [11]). Using multiple face shapes, we can determine with Principal
Component Analysis (PCA) a mean shape H and k variations from this mean
M×3
shape denoted
. This allows us to describe the face shape H as
Kby Tk ∈ R
follows H + k=1 Tk yk .
The Lambertian model is unable to deal with shadows and reﬂections. For this
reason, we added the error term e(x; s), which depends on the light direction. We
use a 2D face database with labelled light direction to learn the error term for
each light directions. We determine the face shape under the frontal illumination
conditions. Next, we determine for the same face under diﬀerent illumination
conditions the error with respect to the Lambertian model. We calculate for
every pixel position a mean and variance of the error using this dataset. This
gives us a face independent error term to model shadows and reﬂections.
Estimate and Evaluate the Face Shape given a Light Direction. Given
the light direction sj , we estimate and evaluate a face shape using the face image
and our face shape model. We obtain the mean error e(x; s) as described in the
previous section using kernel regression for a given light direction (see [12]). We
still have to estimate the light intensity ij and the face shape Hj . By replacing
the unknown face shape Hj by the mean shape H, we estimate the light intensity
ij using the following equation:
ij = arg min (Hsj )ij − (b − ej (sj )2
ij

(2)

Because this is a overcomplete system, we can use the mean face shape H to
estimate the light intensity ij , which still gives a very accurate estimation. This
might however normalize the skincolor, because the mean shape contains the
mean albedo instead of the user-speciﬁc skincolor. The light conditions are now
given by v = si, so we only have to obtain the face shape Hj . To obtain the face
K
shape H, we substitute H + k=1 Tk yk into the Lambertian equation as follows:
Hvj +

K


Tk vj yj,k = b − ej (sj ) ⇒

k=1

K


Tk vj yj,k = b − ej (sj ) − Hvj

(3)

k=1

We write Tk vj = Ak and b − ej (sj ) − Hvj = c, which allows us to calculate the
variations yj :
yj = arg min Ayj − c2
yj

(4)

To calculate the shape Hj from the parameters yj , we use model obtain in section
2.2. This shape allows us to calculate a reconstructed image bj = Hj vj + ej (sj ).
To evaluate the face shape, we use two conditions: ﬁrst the found variations yj to
the mean shape should be small and second the reconstructed image bj should
be similar to the real image b. This gives the following distance measure:
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dj =

K

yk2
(b − bj )T (b − bj )
+
λk
ρ

(5)

k=1

The calculation for variations which are not model by the shape model (ρ) is
described in [11]. Using this distance measure dj , we can easily evaluate the
quality of the found shape for a certain light direction.
Calculate Final Shape Using Kernel Regression. In the previous section,
we explained how we obtain a face shape using only the face image b and the light
direction sj . We perform this procedure for a set of light directions, where we use
a similar grid of light directions as is used in the Yale B database. We calculated
the face shape parameters {yj }Jj=1 for each light direction sj . We evaluate the
shapes which gives us the distance measures {dj }Jj=1 . Using kernel regression on
the obtain parameters yj , we calculate the ﬁnal face shape parameters:
y=

J


J

wj yj /(
wj )

j=1

j=1

1
wj = exp[− (dj )/σ)2 ]
2

(6)

In the above equation, σ is determined such that 5 percent of the distances lie
within 1 × σ. Using these ﬁnal face shape parameters, we can calculate the ﬁnal
face shape and estimate the light conditions in the image.
Refinement of Albedo of the Final Shape. The ﬁnal face shape does not
contain all the details present in the original image, which can be explained by the
fact that we perform dimension reduction and kernel regression. To recover these
details, we recalculate the albedo c(x) of the shape, because the albedo usually
contains the details, while the surface normals contain the larger structures of
the shape. The albedo can be calculated using a MAP estimate given by the
following equation:
c(x)MAP = arg max P (b(x)|c(x))P (c(x))

(7)

c(x)MAP = arg max N (b(x) − (c(x)n(x)T si + μe (x, s)), σe2 (x, s))

(8)

c

c(x)

×N (μc (x), σc2 (x))
We assume that the probabilities are normal distributions (N ). The mean (μe )
and variance (σe ) of the error term are calculated 2D face database with labelled
light direction and the mean (μc ) and variance (σc ) of the albedo are determined
from the set of the face images and 3D range maps used to learn the face shape.
We ﬁnd the minimum by taking the derivative and set it equal to zero. The new
albedo cMAP contains more details than the albedo in the ﬁnal shape.

3

Fusion to Improve Recognition

In the previous section, we proposed two methods to obtain illumination invariant face images. The resulting images of these methods can be seen in Figure 1.
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(b) Yale B databases

Fig. 1. Face Images from the Yale B database and FRGCv1 database, upper without correction, middle preprocessed with LBP, lower preprocessed with Model-based
Illumination Correction

In this section, we combine these methods to improve the face recognition under
diﬀerent illumination conditions. We train two face classiﬁers, one with the LBP
and one with Model-based Face Illumination correction. The face classiﬁer (loglikelihood ratio after a feature reduction using a PCA and LDA transformation)
gives us a similarity score, which we are able to fuse. For fusion, we use the following methods: SUM rule score-level fusion [7], OR rule decision-level fusion [8]
and hybrid fusion [9].
In the case of score-level fusion, we can take the joint likelihood ratio, which
in our case means that we can sum the scores obtained from the log-likelihoods
ratios. This gives us the advantage that we do not have to estimate the diﬀerent
density functions or perform a normalization step to the similarity scores. This
method of fusion, we denote as SUM rule fusion.
Although theoretically, score-level fusion should achieve the optimal performance, it is not very robust to outliers. For this reason, we also use decision-level
fusion with the OR rule to combine the reciever operation characteristics (ROC).
The ROC is determined from the similarity scores of the face classiﬁers and can
be obtained by varying the threshold, thus producing a diﬀerent false reject
rate β and false accept rate α = 1 − pr . This speciﬁc pair (α, β) is called an
operation point, which corresponds to a threshold t in the similarity scores. In
the case of fusion, there can be N classiﬁers and each is characterized by its
ROC, pr,i (βi ), i = 1, ..., N . By assuming that our classiﬁers are independent,

the ﬁnal performance of the OR rule can be estimated as β = N
i=1 βi and
N
pr (β) = i=1 pr,i (βi ). By searching for the optimal operation points, the fusion
with the OR rule can be formulated as:
p̂r (β) =

max
βi | N
i=1 βi =β

N



pr,i (βi )

(9)

i=1

We can prove that the estimated p̂r (β) is never smaller than any of the components pr,i (β), i = 1, ..., N at the same β. Because we do not have the ROC p̂r (β)
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in analytical form, we estimate a ROC from evaluation data. The ROC p̂r (β) is
therefor characterized by discrete values and can be solved numerically [8].
The hybrid fusion is a combination between score-level fusion and decisionlevel fusion. In hybrid fusion, we ﬁrst perform the SUM rule score-level fusion
to combine the ROCs of both classiﬁers. The ROCs of both classiﬁers together
with ROC given by the SUM rule are then fused using OR rule decision-level
fusion. Using hybrid fusion, we hope to combine the advantages of score-level
fusion and the decision-level fusion.

4

Experiments and Results

The purpose of the illumination corrections is to improve the veriﬁcation rates in
face recognition. We performed a recognition experiment on the Yale B databases
(the Yale B [13] and extended Yale B [14] database), which contain face images under diﬀerent labelled illumination conditions created in a laboratory.
This experiment tests the ability to make illumination invariant images under
all kinds of illumination conditions (also with hard shadows). We also perform
an experiment on the Face Recognition Grand Challenge version 1 (FRGCv1)
database [15] which contain face images taken under controlled and uncontrolled
conditions. This experiment allows us test the ability to correct the uncontrolled
illumination conditions and compare them to the controlled images in the gallery.
The Yale B Databases are created to model and test the eﬀects of illumination
on face images. In our correction algorithm, we use the Yale B databases to
obtain our error model for shadows and reﬂections. Because we trained our error
model on the Yale B databases, we performed a leave one person out experiment
for the Model-based Illumination Correction.
In our face recognition experiment, we correct all the face images with both
correction methods. We use only the face images with a azimuth and elevation
angle below ±90 degrees in this experiment. For face recognition, we trained on
the face images of thirty persons and performed a one-to-one veriﬁcation experiment on the remaining eight persons, leaving out the face images taken under
similar illumination conditions. We repeated this experiment until we compared
the face images of all person in the Yale B databases with each other. To train
the fusion methods, we used the scores from the Yale B database (10 persons).
For testing, we used the scores of Extended Yale B database (29 persons). In
Figure 2, we show all the results on the Extended Yale B database.
The experiment which we perform on the Yale B databases is a diﬃcult experiment, because sometimes two images illuminated from opposite positions are
compared. We observe from Figure 2(b) that the Model-based Illumination Correction works better at a FAR < 25% than the Local Binary Patterns. By fusing
the two methods, we can improve the recognition results signiﬁcantly. In Figure
2(a), we observe that a diagonal line is probably the best separation between
imposter scores and genuine scores. This explains why the SUM rule performs
slightly better than the OR rule and hybrid fusion (see Figure 2(b)).
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Fig. 2. Score Plot and ROC of the two illumination correction methods on the Extended Yale B database, ROCs also contains the fusion results and the results without
illumination correction
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Fig. 3. Score Plot and ROC of the two illumination correction methods on the FRGCv1
database, ROCs also contains the fusion results and the results without illumination
correction

The FRGCv1 Database contains frontal face images taken under both controlled and uncontrolled conditions. In our experiment, we randomly divided the
uncontrolled and controlled face images into two parts, each containing approximately half of the face images. We used the ﬁrst halves of both sets to train our
face classiﬁers and the fusion methods, the second half of the controlled images
are used for the enrollment of the one user template for every person and the
second half of the uncontrolled images are used as probe images. We repeat this
experiment 20 times using diﬀerent random splits of the database to become
invariant for statistical ﬂuctuations. This experiment simulates a video surveillance scenario, where we usually have a gallery of high quality images, but the
probe images are obtained under uncontrolled conditions. Both our illumination
correction algorithms preprocess all the images, also the controlled images. The
recognition results are shown in Figure 3.
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Although, we have in this experiment less extreme illumination conditions,
there are also other challenges in the FRGCv1 database beside illumination,
like expressions and out of focus images. From Figure 3(b), we observe that the
Local Binary Patterns work better on this database than the Model-based Illumination Correction. The main reason for this diﬀerence is that Model-based
Illumination Correction has a larger amount of outliers, due to glasses and expressions (see also Figure 3(a) where relatively many genuine scores (circles)
have larger negative values for the Model-based Illumination Correction). Using
the simple SUM rule to combine the face classiﬁers already improves the overall
recognition results. In ﬁgure 3(b), we observe that the recognition results of the
OR rule are similar to the sum rule, and the hybrid fusion clearly outperforms
the other fusion methods on this database.

5

Conclusions

We combine two diﬀerent methods to correct for illumination in face images and
obtain better results in face recognition. We show that both methods are able
to correct for illumination in face images. The Local Binary Patterns method
corrects pixel values based on the local neighborhood in the image. This method
shows good results on uncontrolled images, but cannot recover large regions with
hard shadows. The Model-based Illumination Correction shows that it can deal
with these shadow regions, but it has problems in uncontrolled conditions which
contain unmodelled eﬀects, like glasses and expressions. Because both methods
have diﬀerent strengths and weaknesses, we combine the illumination normalization methods using fusion. We use three diﬀerent fusion methods: SUM rule
score-level fusion, OR rule decision-level fusion and hybrid fusion. The performance of the simple SUM rule fusion already improves the results signiﬁcantly
and works best for large variations in illumination. The performance of the ORrule is in both experiments slightly worse than the SUM rule. The hybrid fusion,
which tries to combine the advantages of both fusion methods, gives the largest
improvement in performance when we correct for uncontrolled illumination conditions occurring in a video surveillance environment.
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