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Abstract

DD-DTCWT is a recent enhancement over the shiftvariance and poor directionality of the DWT in general.
Basically, DD-DTCWT is designed based on the use
of two scaling functions and four wavelets at the same
time and combines the desired properties of the DDDWT and DT-CWT [6]. Selection of the DD-DTCWT
in this paper is related to the fact that illumination is assumed as the low-frequency component of the input image. As the transformation offers more high-frequency
subbands, it is reasonable to accurately suppress highfrequency subbands to keep the low-frequency information. The latter, which can be interpreted as illumination, is to be subtracted from the original image to reduce unwanted illumination effects.

This paper describes a multiresolution based method
for face recognition under illumination variation. The
idea of using the double-density dual-tree complex
wavelet transform (DD-DTCWT) for illumination invariant face recognition is motivated by the structure of
the DD-DTCWT; in addition to the shift-invariance and
directionality, the transformation contains more number of wavelets in each level. Assuming that an input
image can be considered as a combination of illumination and reﬂectance, we use a tunable logarithmic
function to obtain a representative image. The image
is then decomposed into several frequency subbands via
DD-DTCWT. Because the illumination mostly lies in the
low-frequency part of the images, the high-frequency
subbands are thresholded to construct a mask. Principal component analysis (PCA) and the extreme learning machine (ELM) are used for dimensionality reduction and classiﬁcation, respectively. Experimental results are presented to illustrate the effectiveness of the
proposed method.

2. Illumination Suppression
2.1. Image Representation
Assuming that the surface orientation does not play a
role and faces to be Lambertian surfaces, scene radiance
is proportional to the product of the illumination and
reﬂectance [3]. In other words
I(x, y) ∝ R(x, y).L(x, y)

1. Introduction

where R(x, y) and L(x, y) represent the reﬂectance and
illumination at (x, y), respectively. A common assumption, based on the relation in (1), has been used in several papers as an approximate equality

Recently, several interesting approaches have been
shown to be effective to the problem of illumination invariant human face recognition. For example, Zhang et
al. [12] proposed a discrete wavelet transform based algorithm to reduce the effect of redundant illumination.
In [5], Nabatchian et al. have shown that the combination of a lowpass ﬁltering and weighted voting scheme
(WVS) can lead to better recognition rates.
It is evident that in the last few years multiresolution analysis has become one of the important and popular tools in pattern recognition and image processing
thanks to the development of the discrete wavelet transform (DWT), dual-tree complex wavelet transform (DTCWT), curvelets, double-density discrete wavelet transform (DD-DWT) and double-density dual-tree complex
wavelet transform (DD-DTCWT).
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(1)


(x, y)
Ilog

= log(I(x, y)) = log(R) + log(L)

= Rlog
(x, y) + Llog (x, y)
(2)



, Rlog
and Llog denote the logarithm of the
where Ilog
image, reﬂectance and illumination, respectively.
It should be noted that the logarithm of the luminance is a crude approximation, and therefore, it may
partly reduce the illumination effects. In fact, it is difﬁcult to separate R and L under the common assumption,
as solving (2) is an ill-posed problem [12]. In order to
enhance the recognition rates we have used the following expression that can expand the range of dark pixel
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Figure 1. Block diagram of the proposed method.
values and, at the same time, can be controlled by a tuning parameter ξ, that is,
log(I(x, y))

Ipro
.
(x, y) = ξ 
log(I(x, y))

(3)

In the next section, it is shown that an efﬁcient multiscale transformation, DD-DTCWT, can facilitate the
redundant illumination suppression task.

2.2. DD-DTCWT Subband Filtering
As mentioned above, DD-DTCWT consists of more
wavelets than the regular DWT, that is, 32 wavelets in
contrast to 3 wavelets in a traditional DWT. Furthermore, the wavelets associated with the DD-DTCWT
are directionally-selective and nearly shift-invariant;
features can be localized in several directions [6].
Additionally, it ﬁts the problem of extracting lowfrequency information by suppressing more number of
high-frequency subbands due to the existence of more
wavelets.
The idea of using DD-DTCWT is mainly based on
preserving the illumination invariant information and at
the same time suppressing the redundant data in view
of the remarkable properties of the DD-DTCWT. The
block diagram of the proposed algorithm is shown in
Fig. 1 and the approach can be summarized as follows.

For a given image I, we apply (3) to obtain Ipro
. The

is decomposed into frequency subbands
new image Ipro
using the DD-DTCWT. Note that unlike the traditional
DWT with only three wavelets, DD-DTCWT contains
32 real wavelets. On the other hand, the transformation contains 16 complex wavelets. The high-frequency
subbands are thresholded where the value of threshold
is ﬁxed to the mean of the minimal coefﬁcients of each
row of a subband. The coefﬁcients that are less than
threshold remain unchanged and the rest of coefﬁcients
are set to zero. The low-frequency subbands and the
thresholded high-frequency subbands are sent to the in
. The obtained
verse DD-DTCWT to reconstruct IDD
image is shifted down by  rows, where  is an integer

to obtain
and 1 ≤  ≤ 3, and then subtracted from Ipro
a mask. The lifting step can simply amplify the role

Figure 2. Sample images and the corresponding masks for the Yale B database.

to improve the quality of the mask.
of edges in Rpro

is decomposed
In order to form a feature vector, Rpro
into frequency subbands via DD-DTCWT to construct
the vector. We use PCA and ELM [4] for feature space
dimension reduction and classiﬁcation, respectively. In
the next section the effectiveness and performance of
the proposed method is shown via experimental results.

3. Experimental Results
3.1. The Yale B Database
This database contains 5760 images with 9 poses and
64 illumination conditions for each of the 10 subjects in
the database [11]. Depending on the angle between the
light source and camera axis (α), the database is divided
into ﬁve subsets. Subset 1 contains 70 images with
α < 12◦ . Subsets 2 – 5 contain 120 {20◦ < α < 25◦ },
120 {35◦ < α < 50◦ }, 140 {60◦ < α < 77◦ }, and
190 {α > 78◦ } images, respectively. All the images
of size 192×168 are ﬁrst eye-aligned, cropped and then
resized into 128×128 pixels. In all experiments in this
paper, with the Yale B and the CMU-PIE databases, a
single-stage DD-DTCWT decomposition is used and
the value of  is set to three. The proposed method is
applied on images to obtain the masks required for the
rest of procedure. Similar to previous approaches, Sub-
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(a) Subsets 2 and 3

(b) Subsets 4 and 5

Figure 3. Recognition rate versus ξ for the Yale B database.
Table 1. Yale B: Recognition Rate for Different Techniques (%).
Method

Subset 2

Subset 3

Subset 4

99.30

61.90

34.10

23.30

QIR [8]

100

100

90.60

78.80

Hist. Equz. [7]

100

89.00

55.10

44.40

GIC [7]

100

88.10

39.90

27.50

SQI [10]

100

100

96.40

97.90

LTV+PCA [2]

100

99.17

96.43

92.12

MQI [13]

100

100

100

98.40

Wavelet+PCA [12]

100

100

100

100

II+PCA [5]

100

100

98.60

98.90

II+PCA+WVS [5]

100

100

100

99.47

Our Proposed

100

100

100

100

QI [8]

Subset 5

Figure 4. Sample images and the corresponding masks for the CMU-PIE
database.

Table 2. CMU-PIE: Recognition Rate for
Different Lighting Conditions (%).
Setting

train images

test images

Total

[5]

Proposed

off

3

18

21

94.85

99.26

on

4

20

24

100

100

3.2. The CMU-PIE Database
The CMU-PIE database consists of 41,368 images
from 68 individuals with 13 different poses and 43 illumination conditions [1]. Similar to [5], only frontal
images have been used in our experiments. All images
in this database are eye-aligned and resized into 96×96
pixels and the proposed algorithm is applied to the images to extract the corresponding masks. For the two
lighting conditions, lights-off and lights-on [9], the images {i08, i11, i20} and {I06, I08, I11 I20} of each individual are used for training, respectively. The remaining images are considered for testing. Fig. 4 presents
some randomly selected individuals from the lights-off
and lights-on settings, respectively. Recognition rates
versus ξ have been shown in Fig. 5 for the two lighting
conditions. The result are given in Table 2 and it is seen
that the proposed method can signiﬁcantly improve the
recognition accuracy compared to one of the recent approaches [5] in the literature.

set 1 is used for training and the remaining subsets are
employed in testing phase. Fig. 2 shows two individuals from the Yale B database. In this figure, column one
and three show the two subjects under different illumination conditions, respectively. The obtained masks for
each individual are presented in columns two and four,
respectively. The average of 50 separate execution of
the simulations are given in Table 1 and Fig. 3, and it is
seen that the proposed method can reach perfect recognition accuracy and performs reasonably well compared
to the approaches in the literature. Recognition rate versus ξ has been shown in Fig. 3 for Subsets 2–5 for the
Yale B database, respectively.
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Figure 5. Recognition rate versus ξ for the
CMU-PIE database.

3.3. Conclusions
This paper proposes an efﬁcient multiresolution
based method, for the problem of illumination invariant
face recognition, that relies on illumination suppression
via frequency subband ﬁltering. It is assumed that an
image can be represented as a combination of illumination and reﬂectance. Using a parameter to control the
representation, illumination is initially enhanced. The
method utilizes the double-density dual-tree complex
wavelet transform that possesses three main advantages;
directional-selectivity, shift-invariance, and extra number of wavelets. The transformation facilitates redundant illumination effects removal task by thresholding
high-frequency subbands to preserve low-frequency information. For dimensionality reduction and classiﬁcation, the principal component analysis (PCA) and the
extreme learning machine (ELM) have been used, respectively. Several experiments haven been carried out
to evaluate the effectiveness of the approach and the
comparison suggests that the results obtained by employing the proposed method are competitive with the
recent results in the literature. Further investigation may
include sensitivity analysis and robustness in presence
of noise, resolutions changes of facial image, and reduction in the number of training images.
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