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In this paper, we propose a wavelet-based illumination normalization method for
face recognition against different directions and strength of light. Here, by one-level
discrete wavelet transform, a given face image is first decomposed into low frequency
and high frequency components, respectively, and then the two components are
processed separately through contrast enhancement to eliminate the effect of illumination
variations and enhance the detailed edge information. Finally the normalized image is
obtained through the inverse discrete wavelet transform. Experimental results on the
Yale B, the extended Yale B and CMU PIE face databases show that the proposed
method can effectively reduce the effect of illumination variations on face recognition.
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1. INTRODUCTION

Face recognition plays an important role in pattern recognition and computer vision
due to its wide applications in human computer interaction, information security and
access control, law enforcement and entertainment [1]. Various methods have been
proposed for face recognition, such as PCA [2], LDA [3], LFA [4], EBGM [5],
probabilistic and Bayesian matching [6] and SVM [7]. These methods can yield good
performance when face images are well frontally illuminated. Existing studies have
proved that face recognition for the same face with different illumination conditions is
more difficult than the perception of face identity [8, 9]. The reason is that an object's
appearance largely depends on the way in which it is viewed. Illumination variations
mainly consist of the lighting direction and the lighting intensity. Usually, slight changes
in illumination produce dramatical changes in the face appearance. So, the performance
of face recognition is highly sensitive to the illumination condition. For example, the
unsuitable lighting direction and intensity may lead to underexposed or overexposed
regions over the face, and weaken the discrimination of face features such as skin texture,
eye detail, etc. Therefore, illumination normalization is a very important task for face
recognition under varying illumination.

To make face recognition relatively insensitive to illumination variations, many
methods have been proposed with the goal of illumination normalization,
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illumination-invariant feature extraction or illumination variation modeling [10].
Illumination-invariant approaches generally fall into three classes. The first class is to
preprocess face images by using some simply techniques, such as logarithm transform
and histogram equalization, which are often used for illumination normalization. Shan et
al. [11] employed the histogram equalization (HE) as the preprocessing tool to enhance
the global contrast of an image. Savvides and Kumar [13] utilized the nonlinear
logarithm transform (LT) to squeeze together the larger intensity values and stretch out
the smaller ones in a face image. Tan and Triggs [14] proposed a simple and efficient
image preprocessing chain (INPC) to achieve the goal of illumination normalization. The
preprocessing chain is a combination of gamma correction, difference of Gaussian (DoG)
filtering and contrast equalization. Although those methods can improve illumination
conditions to some extent, their performance on the complicated illumination variations
that occur in real-world face images are limited.

The second one is to construct an illumination variation model for representing face
images with varying illumination conditions. Georghiades et al. [15] proposed a general
appearance-based model for face recognition. The idea behind this method is to represent
the face image by an illumination convex cone and approximate it in a low dimensional
sub-space. Basri and Jacobs [16] proposed to approximate the set of convex Lambertian
images by a 9-D linear subspace. However, a drawback of the illumination variation
model based methods is that the training procedure requires a mass of samples. And
those methods are time-consuming when processing images. Therefore they are hard to
be applied in practical applications which require real-time processing.

The third class is based on the lambertian reflectance model. Jobson et al. [17]
extended the previous single-scale center/surround retinex (SSR) [18] to a multiscale
version (multiscale retinex, MSR). The MSR output is simply a weighted sum of the
outputs of several different SSR outputs. Wang et al. [19] proposed the self quotient
image (SQI) method on the basis of quotient image (QI) [20]. In the self quotient model,
the original image divided by a smoothed version of itself produces the normalized
image which is used for face recognition. Chen et al. [21] employed the total variation
(TV-L1) model [22] in logarithm domain (LTV) to decompose a face image into
large-scale and small-scale components, which correspond to illumination variation and
intrinsic facial features, respectively. In their method, only the small-scale features were
used for face recognition. An et al. [12] proposed the enhanced total variation based
quotient image model (ETVQI), in which the fusion of the quotient image and the
histogram equalized image is used for face recognition. Gross and Brajovic [23]
proposed to adopt an anisotropic diffusion based smoothing technique (GB) to obtain the
reliable illumination estimation. And then the illumination-invariant features can be
extracted. Du and Ward [24] proposed a wavelet-based normalization (WIN) method to
normalize illuminations. In this method, an image is decomposed into low frequency and
high frequency components through 2-D wavelet transform. Then the histogram
equalization is applied to the low frequency component, while the high frequency
component is multiplied by a scale factor. Goh et al. [25] proposed a wavelet-based
illumination invariant preprocessing method (WIIP) by setting the low frequency
component to zero after multi-level wavelet decomposition. Yuan et al. [26] proposed a
homomorphic wavelet-based illumination normalization (HWIN) method. In their
method, the image is analyzed in the logarithm domain with wavelet transform using a
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reference illumination map.
In this paper, we propose a wavelet-based method to extract illumination invariant

for face recognition. Specifically, for a face image, we first decompose it into low and
high frequency components and point out that, the effect of illumination variations
mainly lies in the low frequency component. Normalization is then performed on the low
frequency part, and a 3×3 unsharp filter is applied on the high frequency part for edge
enhancement. In this way, the detailed edge information can be well preserved and a
normalized image is obtained. The proposed method is inspired by INPC, but different
form it in three aspects. Firstly, the proposed method processes images in wavelet
domain while INPC processes images directly. Secondly, when processing the low
frequency sub-band, histogram equalization are adopted and a locally self-adaptive
gamma correction are proposed, in which the value of γ is determined according to the
local intensities. Thirdly, an unsharp filter is used when processing the high frequency
sub-bands. Compared with the existing methods, the proposed method can preserve more
edge information, and extract more discriminated facial features against varying
illumination conditions without knowing any prior information. Experimental results on
the Yale B [15], the extended Yale B [29] and the CMU PIE [27] face databases
demonstrate that a higher recognition rate can be achieved by the proposed illumination
normalization method than some state-of-the-art methods [14, 17, 19, 25] .

The rest of the paper is organized as follows. Section 2 describes the proposed
illumination normalization method in detail. The experimental results are presented in
Section 3. Section 4 concludes this paper.

2. PROPOSEDMETHOD

In this section, we will describe how to extract illumination invariant features from
face images under varying illumination conditions. We begin with an analysis on the
illumination effect in wavelet domain and prove that varying illumination conditions
mainly influence the low frequency part. Then, through one-level discrete wavelet
transform, the low frequency component is processed by a series of image processing
techniques for illumination normalization and feature enhancement. For the high
frequency part, we simply apply an unsharp filter on it to enhance the edge information.
Finally, the processed low frequency and high frequency components are combined to
generate the normalized face image. In addition, we compare the proposed illumination
invariant features with those in other methods. The comparison result shows that the
proposed method is robust for varying illuminations.

2.1 Observation

Wavelet transform is a representation of a signal in terms of a set of basis functions,
which is obtained by dilation and translation of a basis wavelet. Its joint
spatial-frequency resolution makes the wavelet transform a good tool for the feature
extraction of images.

In the one-level decomposition of 2-D discrete wavelet transform (DWT) [28], an
image is decomposed into four sub-bands, denoted as LL, LH, HL and HH, respectively
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(see Fig. 1). The LL sub-band is the low frequency component while the three other
sub-bands are the high frequency component.

As we know, the energy of an image is represented in terms of the luminous
intensity, and the low frequency sub-band reflects most of the energy in the original
image. The other three sub-bands contain horizontal, diagonal, vertical details, and are
less affected by illumination variations. For face recognition, the LL sub-band is more
sensitive to the illumination than the three other sub-bands, and a dramatical change on it
can be observed when the image is badly illuminated. To verify this point, we conducted
an experiment to analyze the variations among the four sub-bands of face images,
respectively.

LL HL

LH HH

Fig. 1. One-level 2-D discrete wavelet transform.

Ten frontally illuminated images from Yale B face database are chosen as reference
images for the ten subjects. The remaining images are divided into five subsets according
to the lighting source directions as described in Section 3.2. For each subject, by
comparing the badly illuminated image in a given subset with the reference one, the
average pixel-wise differences in the four sub-bands are computed as
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where k is the number of images of each subject in a given subset, LLp, HLp, LHp and

HHp are the four sub-bands of an image and LLr, HLr, LHr and HHr are the four

sub-bands of the corresponding reference image of a subject, respectively. After

summing up the pixel differences for each sub-band, the percentage of variations in each

sub-band is obtained, as shown in Fig. 2. We can clearly depict the changes between the

badly illuminated image and the reference one for four sub-bands. From the figure, one

can see that the percentage of variations in LL sub-band is much higher than those of the

three other sub-bands and that most of the percentages of variations in HL, LH and HH

sub-bands are under 10%. Additionally, the percentage of variations in LL sub-band get

higher as the illumination condition gets worse. It verifies that the LL sub-band is more

sensitive to the illumination change than the three other high frequency sub-bands.
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Fig. 2. The percentage of variations in each sub-band with respective to different
illumination conditions.

Based on the above analysis, we propose to eliminate the effect of illumination for
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the LL sub-band, while keeping others less modified. The reason is that the HL, LH and
HH sub-bands also contain much discriminated facial features. In this way, we not only
eliminate the illuminance affect, but also preserve more information for recognition. On
the other hand, as the high frequency sub-bands contain those useful features, an unsharp
filter is utilized to enhance the edge information. The proposed method is more efficient
than the methods which directly process the original image, because some useful features
in the high frequency component are ignored in those methods.

2.2 Implementation of the proposed method

In this subsection, we will describe how the proposed method reduces the influence
of illumination variations step by step. Fig. 3 shows a diagram of the proposed method. It
consists of four steps: (a) 2-D wavelet transform of face images, (b) illumination
normalization on the LL sub-band, (c) edge enhancement on the three other sub-bands,
and (d) reconstruction of normalized images.

Fig. 3. The diagram of the proposed method.

After the one-level 2-D discrete wavelet transform, a given face image is
decomposed into four sub-bands. As mentioned above, we process the LL sub-band to
handle the illumination variations by using a series of image processing techniques.
Specifically, histogram equalization and gamma correction are applied to the LL
sub-band at first to reduce the effects of illumination variations. Then, DoG filtering and
contrast equalization are sequentially performed on it to enhance features. The procedure
of the illumination normalization on the LL sub-band is shown in Fig. 4. The original LL
sub-band and the result of each step of the procedure are shown in Fig. 5.

The preprocessing framework on low frequency sub-band is similar to [14] except
for two differences. Firstly, histogram equalization before further processing would
increase the global contrast and lead to better detail in over or under-exposed regions.
Therefore more information is visible and preserved. Secondly, with a fixed γ for gamma
correction in the whole LL sub-band, over correction may occur. Moreover, images may
have different situations and need varying degrees of gamma correction. Thus, a fixed γ
for all the images is not a good option. So we propose a locally self-adaptive gamma
correction in which the value of γ is determined according to the local intensities, instead
of the gamma correction in [14]. As a result, over correction is reduced and more
information is retained.
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Fig. 4. The procedure of the illumination normalization on the LL sub-band.

(a) (b) (c) (d) (e)

Fig. 5. (a) The original LL sub-band. (b) Result by using histogram equalization. (c)
Result by using adaptive gamma correction. (d) Result by using DoG. (e) Result by using

contrast equalization.

Histogram equalization is a technique to enhance the image's contrast by adjusting
the gray intensity histogram. Through the adjustment, the intensities are stretched out and
better distributed on the histogram. As a result, the dynamic range of the image is
widened. Thus the effects of illumination variations are reduced to some extent. The LL
sub-band after the histogram equalization is shown in Fig. 5(b). Compared with the
original LL sub-band shown in Fig. 5(a), more details of the face can be seen in the
underexposed zone.

After the histogram equalization, the underexposed or overexposed regions still
exist in the image. In face recognition, those dark regions caused by uneven lighting will
severely decrease the recognition rate. So we need to stretch out the dynamic range of the
underexposed regions as well as compress it in the overexposed regions. So we use the
gamma correction to tackle this problem. The gamma correction is denoted as the
following power-law expression

out inL L  (5)

where Lin and Lout are the input and output gray levels respectively, and γ is a
user-defined parameter. The determination of γ will be discussed in Section 2.3. The
result of this step is shown in Fig. 5(c). Compared with the image in Fig. 5(b), the
underexposed zone is much more brighter and more details are visible.

However, gamma correction can not remove the influence of overall intensity
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gradients such as shading effects, which may affect the edges and other details in an
image. In face recognition, details of edge is informative, and enhance those details in the
LL sub-band would be helpful. In order to enhance those details, difference of Gaussians
(DoG) is used in the proposed method. The difference of Gaussians of the LL sub-band is
defined as

    
1 2, 1 2, , , ,LL G x y G x y       (6)
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where Гσ1,σ2 is the output of DoG, G(x,y,σ) is the Gaussian kernel function with standard
deviation σ, σ1 and σ2 are the two standard deviations for the Gaussian filters in DoG with
σ1< σ2.

As a feature enhancement algorithm, the difference of Gaussians can increase the
visibility of edges and other detail in an image. Though DoG removes the high frequency
detail including the random noise and some useful information, it can simplify the
recognition problem and achieve better performance. The result of this step is shown in
Fig. 5(d). As we can see, the shading effects are removed.

As we know, DoG causes an inherent reduction in the overall image contrast.
Contrast equalization rescales the image intensities to a uniform measure of overall
contrast. A simple and rapid two-stage estimator proposed in [14] are used in the
proposed method. The first stage is
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where α is a strongly compressive exponent that can compress the large values. The
second stage is as
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where τ is a threshold used to truncate large values after the first stage.
The resulting LL sub-band is well scaled but it can still contain extreme values. To

reduce their influence on subsequent stages of processing, we finally apply a nonlinear
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mapping, the hyperbolic tangent, to compress over-large values as
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where τ is the same as the τ in (10), LL'(x,y) is the output and tanh(x) is the hyperbolic
tangent function. Thus, the final LL sub-band is limited in the range (-τ, τ).

Finally, the normalized LL sub-band is shown in Fig. 5(e). In Fig. 5(e), the
underexposed region is corrected. And the shading effects are removed as well as the
overall contrast is enhanced. Thus, the effects of illumination variations are reduced and
the features in LL sub-band are enhanced.

As we already know, the three high frequency sub-bands contain detail features
such as edges, which are not severely affected by the illumination variations and are very
helpful for face recognition. The coefficients of the high frequency sub-bands consist of
small values and many of them even are zeros. Thus the contrast in those sub-bands is
not that obvious. In order to improve the performance of face recognition systems, those
detail features should be enhanced to increase the contrast. In the proposed method, we
achieve this goal by applying a 3 × 3 unsharp filter to the LH, HL and HH sub-bands in
Fig. 1 to enhance those edges. An unsharp filter is actually used to sharpen an image.
Sharpening can help to emphasize texture and detail. It can greatly enhance the
appearance of detail by increasing small-scale acutance. The unsharp filtering is
implemented using a convolution kernel

 uH H U    (14)

where H’ is one of the three high frequency sub-bands (i.e., HL, LH and HH sub-bands),
H' is the corresponding sharpened output sub-band and U(αu) is the unsharp convolution
kernel. U(αu) is defined as
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where αu controls the shape of the Laplacian and must be in the range [0 , 1.0].

2.3 Parameter determination

As for illumination normalization, histogram equalization and gamma correction are
the key steps that have a great influence on the following recognition process. Thus, it is
important to choose the value of γ, which is the key parameter to adjust an image’s
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contrast. As we mentioned above, the useful details like edges in the dark regions are
invisible due to bad illumination, which will affect the recognition process. Thus, making
the dark regions lighter has a higher priority.

To show how γ affects the output of (5), we draw several curves of (5) as the value
of γ varies. As we can see in Fig. 6, lower gray levels are transformed into higher ones
when γ < 1. As a result, the dark regions become lighter. This meets our need perfectly.
However, it is also shown in Fig. 6 that the transformed gray levels are very different for
different value of γ. To show how the value of γ affects the final recognition rate, we
conduct an experiment on the Yale B face database. We average the recognition rates
under different γ ∈ (0, 1.5] and the result is shown in Fig. 7. Fig. 7 proves the previous
statement that a better result can be obtained by setting γ < 1 than γ ≥ 1. Furthermore, it
can be seen that the recognition rates are high and stable with a fixed γ ∈ [0.18, 0.8].
However, a fixed γ for all images is unpersuasive because different images may have
different situations.
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Fig. 6. Gamma correction for different γ.

Instead of a fixed γ, we put forward a locally adaptive method to choose the value of
γ for each gray level. Firstly, the coefficients of the LL sub-band are remapped into the
range [0, 1]. Then, the LL sub-band is filtered by a 9×9 average filter. After the average
filtering, a large coefficient means that its local surrounding area is bright. Conversely, a
small coefficient means that its local surrounding area is dark. For the bright local area,
only a slightly correction is needed, with the value of γ close to 1. On the other hand, for
the dark local area, much more correction is needed, with a smaller γ. Finally, for a
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specific coefficient in LL sub-band, the value of γ is computed from the value of the
filtered coefficient as

 tanh 0.22sLL   (16)

where LLs is a filtered coefficient of LL sub-band, tanh is defined in (13) and γ is the
gamma for LLs. When the range of the input of tanh is [0, 1], the range of the output
would be [0, 0.76]. For the brightest local area, there is too much correction with γ close
to 0.76 and then a larger γ is needed. On the other hand, for the darkest local area, there is
also too much correction with γ close to 0 and a larger γ is also needed. To avoid over
correction, we choose to put an additive constant term in (16), adjusting the dynamic
range of γ. As we mentioned above, good and stable results can be obtained with a fixed
γ ∈ [0.18, 0.8], and γ should be less than 1. Therefor, to obtain good and stable results,
the additive constant term in (16) should be in the range of [0.18, 0.24]. It is such a
narrow range that several experiments are conducted on that range with the step size
being 0.01. It turns out that the result produced by 0.22 is the best. Thus, the additive
constant term in (16) is chosen to be 0.22. The final dynamic range of γ is [0.22, 0.98],
which perfectly meets our need. Thus, gamma correction is conducted on each
coefficient in LL sub-band adaptively according to its local surrounding coefficients. Fig.
8 shows the relationship between γ and the locally averaged coefficient.
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Besides γ in gamma correction, there are several parameters to be set. They are σ1

and σ2 in DoG filtering as well as α and τ in contrast equalization. The values of these
parameters are set as the same in [14], i.e., σ1=1.0, σ2=2.0, α=0.1 and τ=10. The value of
αu in the unsharp filter is set to 0.9. The parameter setting for the proposed method is
summarized in Table 1.

Table 1. Parameter setting for the proposed method.
Procedure Parameter Value
Gamma Correction γ adaptively computed

DoG filtering σ1 1.0
σ2 2.0

Contrast equalization α 0.1
τ 10

Unsharp filtering αu 0.9

The proposed method has been fully described. Next, the details of face recognition
using the proposed method are summarized as following. Note that the recognition rate is
quantitatively evaluated.
1) Divide images into several subsets. One of those subsets is used as training set,

denoted as G, while others are testing sets, denoted as T1, T2, ..., Ts.
2) For each image I in each subsets, it is decomposed into four sub-bands (i.e., LL, HL,

LH and HH) through 2-D DWT.
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3) The histogram equalized version of LL sub-band is denoted as LLhe. Then, a locally
adaptive gamma correction is applied on LLhe, as the following expression

n heLL LL 
where LLn is the output of gamma correction and γ is adaptively determined
according to the value of LLhe, as described above.

4) Next, DoG filtering and contrast equalization are adopted in order to enhance
features in LLn. The DoG filtering is

    1 2, , , ,g heLL LL G x y G x y   
where G(σ1) and G(σ2) are two gaussian filters. And the contrast equalization is

 e gLL ContrastEq LL
where ContrastEq is the two-stage estimator defined in Section 2.2.

5) For HL, LH and HH sub-bands, each of them are filtered by a 3×3 unsharp filter to
enhance edges in an image. The filtered sub-bands are denoted as HLu, LHu and
HHu, respectively.

6) The normalized image In is obtained from LLu, HLu, LHu and HHu through the
inverse 2-D DWT.

7) For normalized images in both G and Ti, their features are extracted. The feature
extraction method is described in Section 3.1.

8) For each feature of Ti, we get a corresponding reference feature of G on condition
that their Euclidean distance is the shortest.

9) If a probe feature has the same identity with its corresponding reference feature,
then this image is successfully classified. Then the recognition rate is computed as

'
i

nrate
m



where n' is the number of the successfully recognized images in a testing set and
m is the total number of images in it.

3. EXPERIMENTS

To evaluate the performance of the proposed illumination normalization method, we
test it on the Yale B[15], the extended Yale B[29] and the CMU PIE [28] face databases.
These two databases are often utilized to examine the system performance for varying
illumination conditions nowadays. The proposed method is compared with LT [13],
MSR [17], LTV [21], GB [23], WIIP [25] and INPC [14]. It should be clarified that
INPC refers to the preprocessing method in [14], not including the feature extraction
method. Additionally, to prove that the processes on both the two components are
necessary, we also conduct several experiments on the Yale B face database to show how
the performance varies if only the LL sub-band was processed, if only the HL, LH and
HH sub-bands were sharpened and if histogram equalization was omitted.

3.1 Experimental Setup

As feature extraction is not the concern of this paper, principal component analysis
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(PCA) [2] is simply employed to extract global features of face images. Principal
component analysis is a statistical procedure that uses orthogonal transformation to
convert a set of observations of possibly correlated variables into a set of values of
linearly uncorrelated variables called principal components. The number of principal
components is less than or equal to the number of original variables. In this paper, this
first 50 components are chosen to form a feature vector, i.e., the feature of a given image
is a 50-dimensional vector. After all the face images are processed by the aforementioned
preprocessing methods, all their features are extracted via PCA with respective to
different preprocessing methods.

In order to measure the similarity between two feature vectors, we use the Euclidean
distance as the similarity measurement. The Euclidean distance between two feature
vectors F1 and F2 is defined as

   2

1 2 1 2
1

, 1 2
n

i
d F F F F i if f



    (21)

where F1 = (f11, f12, f13, ..., f1n) and F2 = (f21, f22, f23, ..., f2n) are two feature vectors, n
is the dimensionality of the vector. The shorter distance means the higher similarity. And
the nearest neighbor classifier is used for recognition. It classifies objects based on
closest training examples in the feature space.

As for the runtime environment, all the experiments are performed on a personal
computer of which the CPU is Pentium(R) Dual-Core E6300@2.80GHz. And all the
experiments are conducted in Matlab.

3.2 Experiments on the Yale B face database

The Yale B face database contains 10 individuals under 64 different illumination
conditions for nine poses. Since this paper focuses on the illumination problem, we only
choose the frontal face images under varying illumination conditions as samples. The
size of each image is 640×480. In this paper, all the images is manually cropped based on
the positions of the two eyes and resized to 168×192. The images are divided into five
subsets, subset 1 (0° - 12°), subset 2 (13° - 25°), subset 3 (26° - 50°), subset 4 (51° - 77°)
and subset 5 (above 78°), according to the lighting source directions. As we can see in
Fig. 9(a), the larger the illumination angle, the worse the illumination condition. Fig. 9
shows five images of each subset for one person and their corresponding normalized
images obtained by the proposed method.

To show the effectiveness of the proposed method, we conduct two groups of
experiments. In the first one, we choose one of the five subsets as the training set, and the
rest as testing sets. Tables 2-6 list the corresponding results. In the second one, a random
subset with 10 images per subject is chosen as the training set, and the rest of the images
as the testing set. To obtain stable results, we run the simulation 100 times and average
the recognition rates of each method. The average recognitions are listed in Table 7.

As shown in Table 2 and Table 3, with the subset under good illumination condition
like subset 1 being the training set, many methods can yield good results when the testing
set is also under good illumination condition, such as subset 2. But, when the testing set
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is under worse illumination condition like subset 4 or subset 5, there are great drops in
recognition rates of all methods except for the proposed method. When the illumination
condition of the training set gets worse, in Table 4, there are drops in recognition rates
with subset 1 and subset 2, and rises in those with subset 4 and subset 5 for all methods
except for the proposed method. In Table 5 and Table 6, with subset 4 and subset 5 being
the training sets, the results are almost the opposite of those in Table 2 and Table 3 for all
methods except for the proposed method. From those tables, it can be observed that the
recognition rates of the proposed method are better than other methods and that the
results are consistent in spite of the illumination conditions of the training set and the
testing set.

From the last four rows of Tables 2-6, one can draw several conclusions. Firstly,
without the unsharp filter on the high frequency sub-bands, some of the recognition rates
drop a little bit, compared with the proposed method. Secondly, if we only process the
high frequency sub-bands, the recognition rates dramatically vary and drop, which in
return proves that the LL sub-band is more sensitive to the illumination change than the
three other high frequency sub-bands. Thirdly, if the histogram equalization is omitted,
there are also drops in some recognition rate. Therefor, the processes on both the two
components are necessary.

For the second experiment, as shown in Table 7, the average recognition rate by the
proposed method reaches 99.90%, which is also higher than others.

(a) (b)

Fig. 9. (a) The original images. (b) The corresponding normalized images obtained by the
proposed method.
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Table 2. Recognition rates (%) of different methods using subset 1 as training set.

Method Subset 2 Subset 3 Subset 4 Subset 5

Original 95.00 58.33 21.43 11.05
LT 96.67 56.67 31.43 20.00
MSR 99.17 76.67 53.57 71.05
LTV 98.33 95.00 82.86 84.74
GB 96.67 91.67 62.14 49.47
WIIP 100.00 100.00 96.43 94.21
WIN 100.00 94.17 40.71 50.00
INPC 99.17 99.17 95.71 96.32

Proposed 100.00 100.00 100.00 100.00
only-Low 100.00 100.00 99.29 99.47
only-High 100.00 92.50 40.71 16.84
no-HE 100.00 100.00 95.71 89.47

Table 3. Recognition rates (%) of different methods using subset 2 as training set.

Method Subset 1 Subset 3 Subset 4 Subset 5

Original 100.00 85.83 33.57 17.37
LT 100.00 79.17 25.00 18.95
MSR 100.00 72.50 46.43 72.11
LTV 98.57 90.83 91.43 81.58
GB 97.14 94.17 73.57 50.00
WIIP 100.00 100.00 98.57 98.42
WIN 100.00 99.17 62.86 63.16
INPC 100.00 90.00 91.43 75.79

Proposed 100.00 100.00 100.00 100.00
only-Low 100.00 100.00 100.00 99.47
only-High 100.00 95.83 47.14 20.00
no-HE 100.00 100.00 100.00 98.42

Table 4. Recognition rates (%) of different methods using subset 3 as training set.

Method Subset 1 Subset 2 Subset 4 Subset 5

Original 60.00 95.83 61.43 24.74
LT 48.57 77.50 46.43 21.05
MSR 94.29 87.50 53.57 47.89
LTV 98.57 85.00 94.29 89.47
GB 98.57 94.17 90.00 60.53
WIIP 100.00 98.33 99.29 96.84
WIN 98.57 100.00 95.00 82.11
INPC 100.00 95.83 98.57 100.00

Proposed 100.00 100.00 100.00 100.00
only-Low 100.00 100.00 100.00 100.00
only-High 94.29 100.00 82.14 32.62
no-HE 100.00 100.00 100.00 100.00
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Table 5. Recognition rates (%) of different methods using subset 4 as training set.

Method Subset 1 Subset 2 Subset 3 Subset 5

Original 24.29 55.83 90.00 38.95
LT 18.57 18.33 50.83 56.32
MSR 71.43 66.67 68.33 94.21
LTV 72.86 90.00 95.83 95.26
GB 94.29 97.50 97.50 87.89
WIIP 95.71 99.17 100.00 98.42
WIN 70.00 77.50 92.50 93.68
INPC 100.00 98.33 99.17 100.00

Proposed 100.00 100.00 100.00 100.00
only-Low 98.75 100.00 100.00 99.47
only-High 34.29 61.67 90.83 52.63
no-HE 100.00 100.00 100.00 100.00

Table 6. Recognition rates (%) of different methods using subset 5 as training set.

Method Subset 1 Subset 2 Subset 3 Subset 4

Original 11.43 30.00 56.67 85.71
LT 10.00 10.83 15.83 80.71
MSR 78.57 71.67 50.00 88.57
LTV 60.00 57.50 89.17 94.29
GB 71.43 65.00 85.83 93.57
WIIP 78.57 79.17 92.50 100.00
WIN 55.71 70.83 85.00 98.57
INPC 95.71 78.33 98.33 95.71

Proposed 100.00 100.00 100.00 100.00
only-Low 100.00 100.00 100.00 100.00
only-High 21.43 22.50 50.00 87.14
no-HE 100.00 99.17 99.17 100.00

Table 7. Average recognition rates (%) of different methods when randomly
choosing ten images per person.

Method Original LT MSR LTV GB WIIP WIN INPC Proposed

Average
recognition rate 51.63 55.53 81.39 91.88 88.45 95.39 71.64 97.17 99.90

Besides the above comparison between recognition rates of different methods, here
we also compare the illumination invariants produced by the proposed method and other
methods. Five example images under different illumination conditions are chosen to test
each method. The normalized images produced by the proposed method, MSR, LTV, LT,
INPC, GB, WIIP and WIN are shown in Fig. 10. As we can see, the proposed method
produces better results than others. The differences between the five normalized images
produced by the proposed method are much less than the differences between those
normalized images produced by other methods. The comparison shows that the proposed
method is more robust to different illumination conditions than other methods.
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(a) (d)(b) (c) (h)(g)(e) (f) (i)

Fig. 10. The original images and the corresponding normalized images. (a) originals. (b)
MSR. (c) LTV. (d) LT. (e) INPC. (f) GB. (g)WIIP. (h) WIN. (i) the proposed method.

3.3 Experiments on the extended Yale B face database

The extended Yale B face database consists of 38 individuals under 9 poses and 64
illumination conditions. The format of images in this database is the same as that of
images in the Yale B. Only the frontal images under varying illumination conditions are
used in this experiment. The images are cropped in the same way as those in the Yale B
are cropped in Section 3.2. A random subset with 10 images per person is chosen as the
training set, and the rest of the images for testing. In order to obtain stable results, we
average the results over 100 random tests. The average recognition rates corresponding
to each method are listed in Table 8 which shows that our recognition rate is still higher
than others.

Table 8. Average recognition rates (%) of different methods when randomly
choosing ten images per person.

Method Original LT MSR LTV GB WIIP WIN INPC Proposed

Average
recognition rate 35.88 41.52 73.74 93.24 78.73 90.59 58.76 97.35 99.19

3.4 Experiments on the CMU PIE face database

The CMU PIE face database contains 68 subjects with different poses, illuminations
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and expressions [28]. In this paper, only the frontal face images under different
illumination conditions (without pose or expression variations) are used. More
specifically, we choose the images captured by camera 27 (the frontal camera) under 21
different illuminations with the background lights off, in which the subject is not wearing
glasses. Thus, we used 68 subjects with 1428 images in the CMU PIE database in this
experiment. And those images are all cropped and resized to 168×192. Fig. 11 shows 21
images of one subject under different conditions, and the corresponding normalized
images obtained by the proposed method.

In our experiment, 3 images per subject are randomly chosen as training images,
and the remaining 18 images as testing images. To obtain a stable result, we run
simulation 100 times and average the recognition rates for each method. The results
yielded by different methods are shown in Table 9. As shown in Table 9, the proposed
method yields a higher average recognition rate than other methods, which proves the
effectiveness of the proposed method in illumination normalization again.

Table 9. Average recognition rates (%)of different methods using three randomly
chosen images as training set.

Method Original LT MSR LTV GB WIIP WIN INPC Proposed

Average
recognition rate 49.76 53.52 84.03 93.06 86.43 98.57 82.75 98.85 99.48

Table 10. Average computation time per image.

Method Original LT MSR LTV GB WIIP WIN INPC Proposed

Average time (ms) 0 310.4 607.0 359.5 31.3 31.3 21.9 29.2 37.8

3.5 Computation Time
Computation time is a critical factor in many face recognition applications. The

proposed method utilizes only several simple image processing techniques. So it is more
efficient than some other methods that require time-consuming iterative optimizations
such as MSR [17], LTV [21] and GB [23]. And the proposed method is implemented in
un-optimized Matlab code. To evaluate the efficiency of each method quantitatively,
each method is used to process a 168×192 image for 60 times. Then the average elapsed
time is obtained. Table 10 shows the result. The proposed method only takes about 38 ms
to process an image. Thus, preprocessing can be performed in real time.

4. CONCLUSIONS

In this paper, we propose a wavelet-based approach to extract illumination invariant
as a preprocessing technique for face recognition under varying illumination conditions.
Compared with other methods, the proposed method can better extract illumination
invariant without any prior information on 3D face shape and light sources. And it can be
applied to a single face image. Experimental results on the Yale B, the extended Yale B
and the CMU PIE face databases show that the high recognition rates are achieved by
PCA with the proposed method. In the future, we will work on the improvement of each
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step in the proposed method, especially for the parameter selection of DoG filtering.
Further more, the proposed method may be applied on mobile devices for its low
computation time.
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Fig. 11. (a) The original images on CMU PIE. (b) The corresponding normalized
images obtained by the proposed method.
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