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Abstract—This paper presents an analysis of the recognition
performance of LBP at different frequency bands to exploit
their discriminative information. The work presented in this
paper is part of an investigation about which aspects of a
face contribute to automated face recognition. Multi-resolution
analysis, by means of wavelet transform, is commonly used to
explore the features of an image. The each step of wavelet
transform decomposes an image recursively into four frequency
bands: approximation, horizontal, vertical, and diagonal band.
The approximation band is a downsampled version of the original
image. Whereas, the other bands are detail bands that contain
detail information of the image in horizontal, vertical, and
diagonal directions. The noise is more dominant in these bands.
The information contained in the detail bands is more related to
high frequency-components and local structures such as edges. In
order to analyze the impact of the various bands, we performed
classification experiments on them. For the A-bands, that contain
the global information of the facial image, we used PCA/LDA
classifiers. For the detail bands, that contain local structures, we
used LBP.

Index Terms—multi-resolution analysis, face recognition,
Wavelet transform, detail bands, local binary pattern (LBP)

I. INTRODUCTION

Face recognition is an important component in the Biomet-
rics system and essential for a wide range of technologies.
Digital passport, that is one of the global examples, has
embedded chip which contains biometrics information for
facial recognition, fingerprint recognition, and iris recognition.
There are also many face recognition system embedded in
smart phones, surveillance camera, etc.

The algorithms of face recognition have evolved rapidly
in this decade. Although there are many research produced

This work was supported by Research and Innovation in Science and
Technology Project (RISET-Pro) of Ministry of Research, Technology, and
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the perfect recognition performance, the quality factors like
pose, illumination, facial expression, and resolution are still a
challenge in this area. Then, multi-resolution analysis is a way
to investigate the aspect of face that contribute to recognition
and can be used to overcome the limitation. There are also
many research that have been done in this area. But, although
extensive research has been carried out on multi-resolution
face recognition, it is still not well understood which aspect
of the face contribute to recognition and how to improve the
performance using their behavior.

The basic approach for multi-resolution analysis is to an-
alyze the face decomposition in scale space or in sub-bands.
Wavelet Transform is commonly used to extract the features at
different scales and orientations. Each wavelet transform level
splits the face image into four different sub-band frequencies,
i.e. low frequency band (approximation band) and high fre-
quency bands (horizontal, vertical, and diagonal band) at all
scales. There are some previous works which implemented
wavelet decomposition as multi-resolution analysis. Ekenel
and Sankur [1] proposed using Discrete Wavelet Transform
(DWT) to extract the features and Independent Component
Analysis (ICA)-Principal Component Analysis (PCA) to rep-
resent the features. They observed the scaling sub-bands to
raise recognition rate on faces with changes in expression.
Horizontal detail sub-bands achieved a significant performance
improvement as compared to the scaling sub-bands. They
used low frequency bands for face recognition with changes
in expression, because none of the detail bands qualified in
this recognition. The experiments on illumination showed that
the detail bands have meaningful information for recognition.
They claimed that the horizontal bands (H2, H3, HH3) have
better recognition rates than approximation bands. On the other
hand, Zhang et al. [2] proposed multiscale facial structure
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(a) Original Image (b) First Level DWT (c) 2 Levels DWT

Fig. 1: 2D Wavelet decomposition

representation for face recognition. They reduced the noise
of detail sub-bands by thresholding detail sub-bands and
keeping approximation sub-bands unaltered. Their goal was
to form a multiscale facial structure as the key facial structure
for face recognition to solve the illumination problems. The
combination with PCA showed very high recognition rates.
Still in the same area, Joshi and Kumar [3] introduced wavelet
transform and the hamming distance-binary feature classifier.
They tackled the pose, expression, and illumination variations
problem for face recognition by exploring and encoding detail
sub-bands.

This paper presents the multi-resolution analysis of face to
find out the contribution of each sub-band to recognition and
the discrimination information at high frequency bands. Five
levels Wavelet decomposition, PCA-LDA, and LBP are used
to extract the features and to analyze the behaviors of all sub-
bands. The remainder of this paper is organized as follow:
Section 2 presents the related works; Section 3 briefly explains
our method; Section 4 shows the experiments, results, and
discussion; and the last section is conclusion.

II. RELATED WORKS

A. Holistic Approach

PCA/LDA is a statistical/holistic approach in face recog-
nition to extract the most relevant features to describe faces
[4] [5] [6]. In the multi-resolution analysist, PCA-LDA can
discriminate faces very well at low frequency bands, but
not at high frequency bands. The behavior of PCA-LDA on
each band is clearly explain in [6]. This method successfully
discriminate faces on approximation-bands with error rate
almost 2 % up to level 3 decomposition (25x25 pixels).
However, they can not handle well the high frequency bands,
especially the diagonal-bands.

B. Local Features Approach

While PCA-LDA is based on statistic information, Local
Binary Pattern (LBP) is a pattern recognition method based
on local features information. LBP is also widely used in
face recognition and is an effective way to represent faces
by encoding the neighboring changes around the central point
and producing a histogram as face features. The basic Local
Binary Pattern was introduced by Ojala et al. [7] in 1996 and

the extension of LBP, it is called uniform LBP, was created
in [8]. LBPs extract the local features of image for texture
classification. There are many LBPs improvement, such as
Local Ternary Pattern (LTP) [12], Optimized LTP [13], Local
Line Binary Pattern (LLBP) [15], etc.

The improvement of LBP tried to solve a specific prob-
lem, i.e. rotation invariant, gray-scale invariant, illumination,
noise, etc. They have advantages and disadvantages for texture
classification. In the context of face recognition, LBP can be
used to extract the local discriminative information. The good
suggestion about the type of LBPs to face recognition is LBPs
without rotation invariant, because this type of LBPs measure
the spatial structure of local texture perfectly, but it discards
the other important property of local texture [8]. Whereas, they
are needed for face recognition. For example, the uniform LBP
can detect the uniform appearance of local texture perfectly,
such as edges, corners, and spots by discarding the non-
uniform information that may contain the face discriminative
information. Ahonen et al. [10] presented the using of LBP for
face recognition and enhanced the method by dividing the LBP
regions to obtain the better performance. The improvement
of LBP to reach the better performance is implemented in
many ways. Lei et al. [11] proposed the combination of Gabor
filter and LBP to explore the discriminative information on
spatial domain, different frequency, and orientation properties.
They also proposed the statistical uniform pattern mechanism
to improve the effectiveness and robustness. Moreover, they
used CMI and LDA to reduce the redundancy and to make
the representation more compact. In addition, Zhou et al.
[14] proposed Huffman-LBP and Divide-and-Rule strategy to
tackle the pose in face recognition.

III. METHODS

This section presents our methods to analyze the behavior
of LBP and exploit the discriminative information. There are
four sub-sections: face registration, multi-resolution analysis,
LBP, and classification.

A. Face Registration

In order to obtain the same position of face in the image,
we registered all face images. This is an important step to
reach a perfect recognition. The Viola-Jones algorithm is used
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Fig. 2: The illustration of LBP

(a) originally LBP Image (b) LBP with 58 uniform patterns (c) LBP with 9 uniform patterns

Fig. 3: The comparison of LBPs image

to detect the face and the eyes. After the face area is detected,
the face is then divided into three areas, e.g. an area contain
left eye, an area contain right eye, and the remains area with
mouth and nose. The idea is to detect the eyes coordinate
accurately. The registration is based on these eyes coordinate.

B. Multi-Resolution Analysis

Wavelet decomposes an image into different levels of res-
olution. So, its allow us to analyze the signal in various
resolution and capture the local features. The two dimen-
sional signal, for example an image, is decomposed into four
bands with different representative of image: approximation,
horizontal, vertical, and diagonal bands (see figure 1). The
approximation band is a scaling of original image. Moreover,
the high frequency bands contain the detail face information
in horizontal, vertical, and diagonal direction, or in the other
words, the edge of face in those directions.

The appearance of face in detail frequency band has a
unique characteristic. For example, the best appearance of
face regions (eyes, eye brow, nose, mouth) is in the horizontal
bands. The other face regions (ears, hair, chin, and jaw) appear
in the vertical bands clearly. Otherwise, the diagonal bands
contain weak information of face regions and mostly noise.
In the face recognition, these detail bands are also sensitive
against face expression, illumination, pose, and hair variations.

C. LBP Based Face Recognition

LBP is one of the most popular face descriptor and has been
widely used in face recognition application. The idea of LBP
is to encode the gray level image into binary codes based on
the relationship between the center pixel and the pixels around
it in the circular direction. A feature vector is then calculated
from the histogram of LBP values.

The steps of LBP can be illustrated in the following (see
figure 2): Firstly, the LBP image is formed by calculating the
3x3 pixels window and sliding the window. For each window,
the pixels around the center are replaced with 1 if greater than
center pixel. Otherwise,they are replaced with 0. Second, by
clockwise direction, a binary value is obtained, i.e. 10011010,
and convert this binary value to decimal. Then, this value is
set to the center pixel. The LBP values then form an LBP
image that represent the characteristics of original image. The
last step of LBP is histogram extraction from LBP image. We
have to define the cell size to divide the image into multiple
grids. Afterwards, we concatenate the histogram of each region
to produce an image feature.

The extended method of original LBP is uniform LBP.
This method discards the non-uniform information to obtain
the most frequent uniform binary patterns that correspond to
edges, corners, and spots. The uniform refers to the limited
number of transitions or discontinuities in the circular pattern
[8]. Zhao et al [9] also introduced the rotation-invariance uni-
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Fig. 4: The comparison of LDA and LBP

form LBP that modify the 58 uniform pattern into 9 uniform
pattern. The uniform LBP has an excellent performance to
measure the spatial structure of local image texture. But, they
will give a disadvantage for face recognition. Figure 3 shows
the LBP images comparison between basic LBP, uniform LBP,
and rotation-invariance LBP. The LBP image at column (a) or
basic LBP has the strongest local features. Thus, it means basic
LBP give more discriminative information for face recognition
than uniform LBP.

D. Classification

There are some methods to classify the feature vector
of LBP, i.e. histogram intersection, Chi square (χ2), log
likelihood ratio. Ahonen et al. [10] measured the distance
of two LBP feature vector using weighted χ2 based on the
facial regions. They divided the face into 9x9 grid of cells
and measure the distance of each grid histogram. Following
is the χ2 histogram distance for recognition.

χ2(x, y) =
∑

i

(xi − yi)2
xi + yi

(1)

where x, y are the LBP feature vectors of two images
respectively.

IV. EXPERIMENTS AND RESULTS

A. Experimental Settings and Parameters

The original face images used in this paper have 200x200
pixels image size and are decomposed into 5 levels: 100x100,
50x50, 25x25, 13x13, and 7x7 pixels. The images then resize
into 154x168 pixels for LBP. The controlled images from
FRGC v2.0 is used for training and testing. We choose 4000
samples from 200 individuals for training and 1000 samples
from 50 individuals for testing. There are no overlapping
between training and testing. Furthermore, the registration
based on eye coordinate and image pre-processing is applied
to database. The experiments are in the context of verification
recognition.

Parameters of LDA:
1) p : PCA parameters to reduce the first dimension of

feature vector. We use p = 120 for image with resolution

greater than or equal to 25x25 pixels, p = 80 for 13x13
pixels, and p = 20 for 7x7 pixels (fifth level of DWT).

2) ` : LDA parameters to reduce the second dimension of
feature vector. We use ` = 80 for image with resolution
greater than or equal to 25x25 pixels, ` = 20 for 13x13
pixels, and ` = 15 for 7x7 pixels

Parameters of LBP:
1) Radius: used to build the circular local binary pattern

and represents the radius around the central pixel. We
usually set to 1.

2) Neighbors (P): the number of sample points to build the
circular local binary pattern. The more sample points
include, the higher the computational cost. P = 8 is
standard for LBP.

3) LBP Image Cell size [X Y]: the blocks size of LBP im-
age grids that be used to produce features by histogram.
We analyze the effect of two different cell size: [22 24]
and [8 8]. [22 24] divides an image into 9x9

• Grid X: the number of cells in the horizontal direc-
tion.

• Grid Y: the number of cells in the vertical direction.
The more cells in LBP image, the finer grid, but pro-
ducing the higher dimension of feature vector.

4) N bins of histogram (only for uniform LBP): The
number of bins of histogram is calculated by following
condition

• If upright is true then N = (P*(P-1))+3, else N=P+2.
• The default condition is upright = true, its mean a

non-rotation invariant.
Gaussian Filter:
The Gaussian filter is typically used to reduce the noise

on image. The visual effect of Gaussian is a smooth blur of
image, also known as Gaussian blur or smoothing. They are
useful and commonly used as preprocessing image, especially
to reduce the salt and pepper noise. In addition, this typically
noise is the most appearance noise in the high frequency band.
So, the filter gives an advantage for LBP at high frequency
bands, but not for approximation bands. For these bands, the
image blurring also removed some important information for
recognition. Based on our initial experiments, the using of
σ = 2 gave the optimum recognition on them.

B. PCA/LDA versus LBP

The goal of this experiment is to compare the behavior of
LBP and LDA at different frequency band. In this experiment,
we used LBP with 8x8 cellsize to compare with LDA, because
they produced better performance than 22x24 cellsize (see next
section about the effect of LBP cellsize). On the other hand, we
used 4000 samples from 200 individuals of FRGCv2 database
as training set for LDA.

The LDA and LBP have different behaviors at all frequency
bands. Figure 4 shows the comparison of error rate (%)
between them. LDA obtains excellent performance at A-bands
up to level 3 with EER almost 2%. However, the recognition
performance is not so good for detail bands. Unlike LDA,
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Fig. 5: The facial region based on the cellsize

LBP obtained excellent performance at detail bands or high
frequency bands, especially at level 1. Because, they are
related with the main idea of LBP that work on local structures
of images and the high frequency bands contained the local
structures of original image such as edges.

The other behavior of LDA and LBP is the recognition
performance on different band at various levels. Their behavior
on A-bands are similar. They have almost stable performance
up to level 3 and become worse after that level. However,
the behavior on high frequency bands is very different. LDA
works better at level 4 or image with 13x13 pixels resolution.
Due to the LDA that is based on statistical method and the
high frequency bands that contained the mostly noise, LDA
can perform well at level 4 high frequency bands because
the smaller image, the more solid face and the lower noise.
But for the image smaller than 13x13, there are no more
information on it. Moreover, LBP has the best performance at
level 1 high frequency bands. Because, all local information
on image are important for LBP. The higher resolution, the
higher performance obtained, but also the higher cost for
computation.

C. The effect of LBP Histogram Cell Size

Moreover, we want to know the effect of histogram cellsize
to recognition. The last step of LBP is to divide the LBP image
into grid of cells and concatenate all histogram of each cell.
The number of cells, which is related with feature dimension,
depend on the cellsize. For example (see figure 5), the 22x24
cellsize for 154x168 pixels image has 49 cells and the 8x8
cellsize for 152x168 pixels image has 399 cells. Thus, the
feature dimension are 1x12544 and 1x122144 respectively.

The recognition performance of LBP is affected by this
cellsize. The smaller cellsize, the more locally feature we get,
i.e. we get a large part of eye, eye brow, and other face parts
for 22x24 cellsize and we get a small piece of eye and others
such as eye corner and eye brow edges for 8x8 cellsize. Fig 6
shows how the cellsize affect to all bands at various level. The
results showed that the 8x8 cellsize produce better recognition
on all bands at all levels.

D. The Effect of Face Expression

One of the challenge of face recognition that appear in our
database is face expression. By comparing the clean database
and the mixed database with face expression variations, we
set an experiment to exploit the effect of face expression
to recognition. In this experiment, we removed the image

Fig. 6: The effect of cellsize to recognition performance

Fig. 7: The effect of face expression on approximation bands
to recognition performance

with face expression and remained 250 samples from 50
individuals. The goal is to know how the face expression affect
to recognition. The observation was done for LDA, LBP with
8x8 cellsize, and LBP with 22x24 cellsize.

Figure 7 shows the effect of face expression to recognition
both on LBA and LDA. By removing the face expression, we
obtained a significant decreasing of error rate. In addition, LBP
22x24 cellsize had better performance than LBP 8x8 cellsize
after removing the face expression. It means LBP performs
better on 22x24 cellsize if there are no face expression. Vice
versa, LBP performs better on 8x8 cellsize if conducts on
mixed database. It’s happen because a large part of face region
is more sensitive to expression than a small piece of face such
as mouth corner and edges, in the context of local structures
of face. While a face is smiling or laughing, a small piece
of mouth corner or mouth edge will not change too much
compared with a large part of mouth. The more explanation
about this area can be found in the next section.

67



Fig. 8: The EER maps of 22x24 histogram cells on mixed
dataset

E. The Contribution of Histogram Cells for Recognition

In the previous section, the cellsize divided a face into grid
of cells with local facial region. The smaller cellsize, the more
locally region we get. In order to know which part contribute
to recognition, we calculate the EER of each cell and visualize
them on an image. So, we can define the part of face that has
high contribution and low contribution. We can also analyze
which part of face affected by face expression.

This experiment consist of two parts: the observation on
mixed dataset and clean dataset without face expression. The
22x24 and 8x8 cellsize were applied to compare the local area
contribute to recognition.

Figure 8 and figure 9 show the visualization of EER map
of histogram cells on mixed dataset, with 22x24 cellsize and
8x8 cellsize respectively. Moreover, figure 10 and figure 11
show the visualization of EER map of histogram cells on
clean dataset without face expression. Each figure consists of
two columns, EER map at first column and the facial region
dividing based on threshold at second column to separate the

Fig. 9: The EER maps of 8x8 histogram cells on mixed dataset

less important area. The less important area means the cells
that have higher error rate than threshold and may still contain
important information for recognition.

For the dataset with face expression variations, the area
around mouth, i.e. mouth, chin, cheek, lower eyes lid, center
of eyes, give higher error rate than other parts. It means that
some facial region are not affected by expression, i.e. eyes
corner, nose, eye brow, and area between nose and upper lip.
For the D1-band, the jaw still contains the most important
information for recognition.

The clean dataset without facial expression produce excel-
lent recognition performance. Unlike the mixed dataset, the
area around the mouth become the important region in the
clean dataset. For 22x24 cellsize, the less important regions
are the center of mouth, cheek, and forehead. The forehead
is related with hair variations in dataset. On the other hand,
for 8x8 cellsize, the outer face edges have less important
information.
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Fig. 10: The EER maps of 22x24 histogram cells on clean
dataset

F. Discussion

Overall, both of holistic approach and local feature approach
have some advantages and disadvantages for multiresolution
face recognition. The holistic approach such as LDA performs
better at low frequency bands up to level 3. In contrast,
the local feature approach such as LBP performs well at
high frequency bands, especially at first level decomposition.
Moreover, due to the LBP cellsize and how they work on
database with face expression, the smaller cellsize, i.e. 8x8,
can handle the expression variations better than larger cellsize,
because its work more locally at a small piece of face parts.
For example, some parts of mouth, eyes and edges, especially
in the corner part, still give an important information because
they are not affected by expression too much. For the data, we
only discuss on FRGC v2.0 database and need more database
to proof the robustness of our methods. The using of other
database may result a different performance. However, our
approach is useful to obtain the knowledge of LBP behaviors
and face parts contribution.

Fig. 11: The EER maps of 8x8 histogram cells on clean dataset

V. CONCLUSIONS

The behavior of LBP for face recognition on various fre-
quency bands and decomposition levels have been presented
to exploit the local feature of face image. Based on the LDA
and LBP comparison, LDA is better than LBP on A-bands
with error rates almost 2%. But LBP produces lower error
rate than LDA on high frequency bands, especially at level 1
and 2, because LBP works on local structures of images such
edge. For the high frequency band, the best perfomance of
LBP is at level 1 and LDA is at level 4.

Moreover, regarding to the effect of histogram cellsize and
face expression variations, they affect the performance of LBP,
i.e. 8x8 cellsize produce lower error rate than 22x24 cellsize
on mixed dataset. But for the clean dataset, the 22x24 cellsize
is better then 8x8 cellsize. It’s happen because a large part
of face region is more sensitive to expression than a small
piece of face such as mouth corner and edges. Overall, the
face expression gives an disadvantages to recognition on all
methods.

Related to the contribution of facial region, the area around
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mouth, i.e. mouth, chin, cheek, lower eyes lid, center of eyes,
are less important than other parts on mixed dataset, because
these areas are affected by facial expression variations. For
the clean dataset, the areas around the mouth become the
important region. For the 22x24 cellsize, the less important
regions are in the center of mouth, cheek, and forehead. The
forehead is related with hair variations. For 8x8 cellsize, the
less important information is only at the outer face edges.
Almost all parts of face in this case contain important infor-
mation.

Finally, after the knowledge about the behaviors of LBP at
different band and the part of face contribute to recognition
are obtained, the future works are to improve the recognition
performance using these knowledge and extend the works to
other state of the art of face recognition, i.e. deep learning.
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