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Face Recognition under Varying Illumination
with Logarithmic Fractal Analysis

Mohammad Reza Faraji and Xiaojun Qi

Abstract—Face recognition under illumination variations is a
challenging research area. This paper presents a new method
based on the log function and the fractal analysis (FA) to produce
a logarithmic fractal dimension (LFD) image which is illumina-
tion invariant. The proposed FA feature-based method is a very
effective edge enhancer technique to extract and enhance facial
features such as eyes, eyebrows, nose, and mouth. Our extensive
experiments show the proposed method achieves the best recog-
nition accuracy using one image per subject for training when
compared to six recently proposed state-of-the-art methods.

Index Terms—Face recognition, fractal analysis, illumination
variation, logarithmic fractal dimension.

I. INTRODUCTION

F ACIAL appearance varies due to illumination, pose,
expressions, age, and occlusion [1], [2]. Among them,

illumination variations such as shadows, underexposure, and
overexposure are crucial problems to be addressed in a practical
recognition system [3]. This has led researchers to introduce
various methods to deal with illumination changes in the past
decades. These methods generally can be categorized into
gray-level transformation methods, gradient or edge extraction
methods, and face reflection field estimation methods [3].
Gray-level transformation methods perform a pixel-wise in-

tensity mapping with a linear or non-linear transformation func-
tion in order to redistribute the intensities in a face image and
correct the uneven illumination to some extent [3]. Histogram
Equalization (HE) [4], Logarithmic Transform (LT) [5], and
Gamma Intensity Correction (GIC) [6] are regarded as typical
approaches in this category.
Gradient or edge extraction methods extract the gray-level

gradients or edges from a face image and use them as an illumi-
nation-insensitive representation [3]. Representative methods
include Local Binary Patterns (LBP) and its modified versions
Local Ternary Patterns (LTP) [7], [8], Local Directional Pat-
terns (LDP) [9], Enhanced LDP (EnLDP) [10], Local Direc-
tional Number Patterns (LDN) [11], and Discriminant Face De-
scriptor (DFD) [12]. LBP and LTP take members of local
neighborhood in a circle of radius around each pixel and
threshold neighborhood pixels based on the value of the cen-
tral pixel, where is usually set to be 8 and is set to be 1
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or 2. LDP, EnLDP, and LDN produce eight directional edge im-
ages using Kirsch compass masks and encode the directional in-
formation to obtain noise and illumination invariant representa-
tions. DFD is a 3-step feature extraction method that maximizes
the appearance difference from different persons and minimizes
the difference from the same person.
Reflectance field estimation methods estimate the face re-

flectance field from a 2D face image to produce illumination-in-
variant representations [3]. Gradientface [13] and Weberface
[14] are examples of these methods. Gradientface and Weber-
face compute the ratio of -gradient to -gradient and the ratio
of the local intensity variation to the background of a given
image, respectively, to produce illumination insensitive repre-
sentations.
On the other hand, fractal analysis (FA), as a type of texture

analysis, has been recently used in medical imaging and image
processing [15], [16], [17], [18]. For texture analysis of fractal
features, image intensities are transformed to the fractal dimen-
sion (FD) domain [16]. The FD transform is considered as an
edge enhancement and preprocessing algorithm that does not in-
crease noise [15], [16]. Specifically, Al-Kadi et al. [16] enhance
edges in respective images using FA to differentiate between ag-
gressive and nonaggressive malignant lung tumors. Kim et al.
[17] apply FA to detect and predict glaucomatous progression.
Zlatintsi and Maragos [18] use multiscale FA to quantify the
multiscale complexity and fragmentation of different states of
the music waveform.
In this paper, we propose to apply a novel FA feature-based

preprocessing method to generate an illumination invariant rep-
resentation for a given face image. To the best of our knowledge,
this is the first attempt to apply FA in the face recognition task to
achieve illumination insensitive representation. To this end, we
first perform a log-based transformation to partially reduce the
illumination effect and make the image brighter. This log func-
tion expands the values of dark pixels and compresses brighter
pixels in the image. As a result, pixel values are spreadmore uni-
formly. We then transfer the scaled image to a Logarithmic FD
(LFD) image using the Differential Box-Counting (DBC) algo-
rithm [16], [19], [20]. Finally, we evaluate the performance of
our method using the one nearest neighborhood (1NN) with
norm (1NN- ) as the classifier. This paper makes four contribu-
tions: 1) Using a necessary and efficient log function to expand
dark pixels and compress bright pixels for partial illumination
reduction. 2) Transforming face images to the FD domain to
produce the illumination invariant representation. 3) Enhancing
facial features such as eyes, eyebrows, nose, and mouth while
keeping noise at a low level. 4) Achieving a high face recog-
nition accuracy using a simple classifier compared with several
recently proposed state-of-the-art methods.
The rest of this paper is organized as follows: Section II

presents our proposed FA feature-based method to produce
LFD images. Section III shows experimental results and evalu-
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ates the performance of the proposed method. Section IV draws
the conclusion and presents the directions of future work.

II. METHODOLOGY

A. FA Feature-Based Method

The FD transform is an effective edge enhancer technique that
keeps the noise level low [15], [16]. Since edge magnitudes are
largely insensitive to illumination variations [11], we apply FA
to produce corresponding FD images of given face images to
achieve illumination insensitive representation.
Fractals are defined as a geometrical set whose Hausdorff-

Besicovitch dimension strictly exceeds the topological dimen-
sion. They describe non-Euclidean structures that show self-
similarity at different scales [16]. Most of biological and nat-
ural features tend to have a FD [16]. We use the DBC algorithm,
a popular method performing fast in the FD calculations when
dealing with large images, to quickly transfer face images to FD
images [16], [19], [20], [21].
In order to transfer the face image of size to the

image in the FD domain, we first compute the 3D matrix
that represents the number of boxes necessary to overlay

the image at each pixel ( ) as follows:

(1)
where is the dimension of , is the scaling factor with
a maximum value of that represents how much a specific
structure of pixels is self-similar to its surrounding, and

. is a varying size nonlinear kernel of size ,
and , , , and are four nonnegative integers computed to
center the kernel on each pixel . Here, and

. The kernel , functioning as a moving window, is
calculated as the following:

(2)

where and are the highest and lowest intensity
values of neighboring pixels in the processing block. Finally,
we generate the fractal slope by the linear regression line of

and to represent the FD value at ( ) (i.e.,
). To this end, we first apply the log function on all

the elements of and the respective scaling factor to
compress the dynamic range of images [16]. Next, we convert

to a two dimensional matrix of size .
That is, , where each element
( ) is a vector of size with
and each element in is related to the pixel at location ( )
across scales from 1 to (i.e., ). The FD value at
( ) is computed as the fractal slope of the least square linear
regression line by:

(3)

where and are the sums of squares as follows:

(4)

Fig. 1. Illustration of the LFD process: 1) The face image is scaled by the log
function. 2) The 3Dmatrix is computed using the DBC algorithm. 3)
is converted to and the LFD image is obtained using Eq. (3).

Fig. 2. Results of the proposed FA feature-based method. (a) original face im-
ages; (b) scaled images after the log operation; and (c) LFD images.

(5)

The transformation process to convert face images to FD im-
ages is illustrated in steps 2 and 3 of Fig. 1.

B. Implementation

This subsection illustrates how to implement the proposed
method. First, we perform a log-based transformation to
partially reduce the illumination effect and make the image
brighter. This log function expands the values of dark pixels
and compresses the values of bright pixels. Next, we transfer
the scaled image to the FD domain using the FA feature-based
method introduced in the previous subsection. The final image
is called LFD image. The entire process to compute the LFD
image is illustrated in Fig. 1 and the algorithmic view of the
proposed method is summarized in Algorithm 1.
Fig. 2 shows two face images along with their corresponding

Log and LFD images. It clearly demonstrates that the log func-
tion reduces the illuminance to some extent. Furthermore, LFD
images enhance the important features of faces such as eyes,
eyebrows, nose, mouth, and the shape of the face in general.
Comparing LFD images with their original images verifies that
the proposed method produces illumination insensitive features.
Fig. 3 presents LFD images of six Yale B face images for one
subject and the other six illumination invariant images produced
by Gradienface, Weberface, LBP, LDP, EnLDP, and LDN, re-
spectively. It clearly shows that LFD images contain better or
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Fig. 3. Illustration of original face images and their preprocessed images.
(a) Sample illumination face images from Yale B and illumination invariant
images produced by (b) Gradientface, (c) Weberface, (d) LBP, (e) LDP,
(f) EnLDP, (g) LDN, and (h) LFD.

comparable illumination insensitive features than the other pre-
processed images.

Algorithm 1 The algorithmic view of the proposed method.

Input: Original face image .

Output: The logarithmic fractal dimension image .

1) Perform the log transformation on the original image

2) For

a) Update the kernel using Eq. (2).

b) Compute where using
Eq. (1).

3) Convert the three dimensional matrix of
size to the two dimensional matrix of size

.

4) Perform the log operation on both the vector
and the matrix .

5) Initialize the logarithmic fractal dimension image
with the size of the original image , as all 0’s.

6) For each pixel ( ) of the image

a) Compute and using Eq. (4) and Eq. (5).

b) Set the value of using Eq. (3).

III. EXPERIMENTAL RESULTS

A. Experimental Settings

We evaluate the proposed FA feature-based method, i.e.,
LFD, by conducting experiments on publicly available
CMU-PIE and Yale B face databases with large illumina-
tion variations [22], [23]. Both databases are manually cropped
and resized to pixels. is the only parameter
of the LFD method and the scaling factor is in the range
between 2 and . In these experiments, we set to be

Fig. 4. Illustration of sample images and their LFD images. (a) 21 samples
from CMU-PIE (b) Corresponding LFD images.

Fig. 5. Comparison of recognition accuracy for PIE face images.

10 for both databases. However, we investigate the influence
of different values in the subsection III-D to show the
insensitivity of big values. The LFD method is compared
with several recently proposed state-of-the-art methods such
as Gradientface, Weberface, LBP, LDP, EnLDP, and LDN. We
implement each method in MATLAB and set its applicable
parameters as recommended by its researchers. For LBP, we
use the uniform operator with 8 members in a circle of radius
2 [7].
We use 1NN- as the classifier, which is also used in the

Weberface method [14]. It assigns a probe image to its nearest
neighbor reference image in the database. Therefore, results
only show the influence of preprocessing methods in handling
illumination.

B. Results on PIE Face Database

The CMU-PIE database contains 41,368 grayscale images
( pixels) of 68 individuals under various poses, illu-
minations, and expressions. The illumination subset (C27) con-
taining 21 frontal images per subject is used in our experiment.
Fig. 4(a) shows all 21 images for a subject from this database
and Fig. 4(b) shows their corresponding LFD images. For each
individual, we use one image as the reference and the other 20
images as the probe. Fig. 5 shows the face recognition accuracy
of different methods under each reference set using the 1NN-
measure.
Table I summarizes the average recognition accuracy and its

standard deviation (SD) of eight methods ( is a variant of
our system without applying the log operation) for all reference



1460 IEEE SIGNAL PROCESSING LETTERS, VOL. 21, NO. 12, DECEMBER 2014

TABLE I
AVERAGE RECOGNITION ACCURACY (%) AND CORRESPONDING STANDARD DEVIATION IN PARANTHESES FOR YALE B FACE IMAGES

TABLE II
AVERAGE RECOGNITION ACCURACY (%) AND CORRESPONDING STANDARD

DEVIATION IN PARANTHESES FOR YALE B FACE IMAGES

images. LFD achieves the highest average recognition rate of
97.86% with the smallest SD of 0.02, while the second highest
rate obtained by the Gradientface method is 96.63%. Compared
with six state-of-the-art methods, LFD improves the accuracy
of Gradientface, Weberface, LBP, LDP, EnLDP, and LDN by
1.27%, 3.50%, 2.61%, 17.31%, 4.32% and 8.20%, respectively.
It clearly shows the effectiveness of the LFD method. We also
show the influence of the log operation on top of each of the
seven compared methods in the last row. The result verifies that
the log-based operation is necessary in our LFD method while
none of the other compared methods has significant accuracy
improvement using the log function.

C. Results on Yale B Face Database

The Yale B database contains grayscale face images of 10 in-
dividuals under nine poses and 64 illumination conditions. The
first pose containing frontal face images is used in our exper-
iment. These images are categorized into six subsets based on
the angle between light source directions and the central camera
axis: S0 (0 , 60 images), S1 (1 to 12 , 80 images), S2 (13 to
25 , 100 images), S3 (26 to 50 , 120 images), S4 (51 to 77 ,
100 images), and S5 (above 78 , 180 images). In total, there are
640 images.
S0 contains 6 images with different elevations of light source

for each subject. The six images corresponding to one of the
subjects are shown in the first column of Fig. 3. The degrees of
their elevations are -35, -20, 0, 20, 45, and 90, respectively. Posi-
tive and negative elevations imply the light source is above and
below the horizon, respectively. We conduct six experiments
for each compared method. In each experiment, we use one of
the six face images per subject in S0 as reference, and the re-
maining five images (50 images in total) and all the images in
each of the other five subsets as probes. We then compute the
average face recognition accuracy of each subset across all six
experiments. Table II summarizes the average accuracy of each
subset for six state-of-the-art compared methods and our pro-
posed method. S0’ for each experiment contains images in S0
excluding the reference image. We also include the average ac-
curacy of subsets 0’, 1, 2, 3, 4, and 5 (i.e., 630 probes in total)
in the eighth column of Table II. The LFD method outperforms
six state-of-the-art methods with the best face recognition ac-
curacy of 95.13% and the comparable SD value of 0.08. The
second best method, the Weberface method, achieves the face
recognition rate of 92.51%. It should be noted that the second

Fig. 6. Comparison of the recognition accuracy of the proposed method with
different values ranging from 2 to 20 for PIE and Yale B images.

best method for the PIE database ranks the 4th for the Yale B
database. The proposed method improves the face recognition
accuracy of Gradientface, Weberface, LBP, LDP, EnLDP, and
LDN by 6.73%, 2.83%, 6.08%, 10.64%, 10.68%, and 15.45%,
respectively. Similar to PIE database, the result for shows
the log function has to be applied before the FD transformation.

D. Parameter

The proposed FA feature-based method has only one param-
eter . It is the maximum value for the scaling factor which
represents how much a specific structure of pixels is self-sim-
ilar to its surrounding. Different values for can lead to dif-
ferent accuracy. Fig. 6 lists the recognition accuracy for PIE
and Yale B databases using values ranging from 2 to 20 for

. It clearly shows both databases have similar trends to-
wards . Specifically, accuracy for both databases increases
gradually until value is almost 9 and then accuracy does
not significantly change for values more than 9. This ob-
servation indicates different face databases would have similar
behavior regarding since PIE and Yale B databases con-
tain different illumination conditions. Therefore, for the image
size of pixels, we recommend to use a value
between 9 and 12 for the face recognition task to achieve decent
compromise between computational time and good face recog-
nition accuracy. We set to be 10 for both face databases in
our experiment.

IV. CONCLUSIONS

We propose a FA feature-based method to produce illumi-
nation invariant features from face images with illumination
variations. Our experiments on two face databases (PIE and
Yale B) illustrate the effectiveness of the proposed method and
demonstrate it achieves the best face recognition accuracy when
compared to six recently proposed state-of-the-art methods. Our
contributions are: 1) Applying an effective and necessary log
transformation to produce partially illumination reduced face
images. 2) Applying FA feature-based method to produce the
illumination invariant face representations (i.e., LFD images)
while enhancing facial features such as eyes, eyebrows, nose,
and mouth and keeping noise at a low level.
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