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Abstract. This paper presents a novel approach to face recognition, named
Multi-resolution Histograms of Local Variation Patterns (MHLVP), in which
face images are represented as the concatenation of the local spatial histogram
of local variation patterns computed from the multi-resolution Gabor features.
For a face image with abundant texture and shape information, a Gabor feature
map(GFM) is computed by convolving the image with each of the forty multi-
scale and multi-orientation Gabor filters. Each GFM is then divided into small
non-overlapping regions to enhance its shape information, and then Local
Binary Pattern (LBP) histograms are extracted for each region and concatenated
into a feature histogram to enhance the texture information in the specific GFM.
Further more, all of the feature histograms extracted from the forty GFMs are
further concatenated into a single feature histogram as the final representation
of the given face image. Eventually, the identification is achieved by histogram
intersection operation. Our experimental results on FERET face databases show
that the proposed method performs terrifically better than the performance of
some classical results including the best results in FERET’97.

1 Introduction

As one of the most successful applications of image analysis and understanding, face
recognition has received significant attention in both the wide range of potential ap-
plications [1] and scientific challenges [2][3]. Although many commercial face recog-
nition systems have emerged, it is still an active topic in computer vision community.
This is partly due to the fact that face recognition is still very challenging in uncon-
trolled environments with rich variations of pose, illumination etc. Therefore, the goal
of the on-going research is to increase the robustness of face recognition systems to
these variations. Moreover, to evaluate the effectiveness of different algorithms of
face recognition, some evaluation methodologies and face databases have been cre-
ated, such as the FERET database and protocol [4], which attract more and more re-
searchers to make the further progress on algorithm.

Most of the prevalent approaches for face recognition are based on statistic analy-
sis, such as eigenfaces [5], Fisherfaces [6][7] and Bayesian methods [8]. The methods
often need a great deal of data to train, but usually the data available for training are
very few. In addition, if the distributions of the test examples are different from that
of the training examples, the generality of the method will be weakened.
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In this paper, we propose a novel approach for face recognition based on non-
statistical model, which named Multi-resolution Histograms of Local Variation Pat-
terns (MHLVP), in which face images are represented as the concatenation of the
local feature histogram of multi-resolution Gabor features.

Histograms have been widely used to represent, analyze and characterize images
because they could be computed easily and efficiently and their robustness to noise
and local image transformations [9]. But they do not capture spatial image informa-
tion. The multi-resolution histograms [10], however, not only preserves the effi-
ciency, simplicity and robustness of the plain histogram, but also combines intensity
with spatial information. Moreover, the Gabor filters combine the spatial and fre-
quency localization [11], which are effective to face image representations [12]. In
this work, given a face image, we get forty GFMs computed by convolving the image
with each of the multi-scale and multi-orientation Gabor filters. The multi-resolution
histograms are extracted from the GFMs represented by the magnitude of the Gabor
filters” response, which can provide a measure of the image’s local properties [13].
For a face image with abundant texture and shape information, we divided the face
image into some certain regions to improve the shape information of the face image
represented by the multi-resolution histograms. Also we extracted LBP histograms
[14][15] from the GFMs to improve the texture information. Thus, the MHLVP can
be used as a texture and shape descriptor for face image.

This paper is organized as follows: In Section 2, the face description with multi-
resolution Gabor representations is briefly described firstly, then the local feature
histogram is introduced. Experimental design and results in Section 3. Finally the
discussion and the conclusion can be found in Section 4.

2 Face Description with Multi-resolution Histograms
of Local Variation Patterns

The overall framework of the proposed representation approached MHLVP-based is
illustrated in Fig.1. In this method, a face image is modeled by the following proce-
dure: (1) An input face image is normalized and transformed to obtain multiple GFMs
in frequency domain by applying multi-scale and multi-orientation Gabor filters; (2)
Each GFM is labeled with LBP operator; (3) Each transformation of the GFM is fur-
ther divided into non-overlapping rectangle regions with specific size, and histogram
is computed for each region; (4) All the histograms are concatenated to form the final
histogram sequence as the model of the face. The following sub-sections will describe

the procedure in detail.
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Fig. 1. The framework of Multi-resolution Histograms of Local Variation Patterns
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2.1 Face Description with Multi-resolution Gabor Representations

The Gabor feature is effective to face image representation. The multi-resolution
description of an image is computed with Gabor filters. The Gabor wavelets (filters,
kernels) can be defined as follows, assuming that o, =0, =0 [11][13]:
1 7(( cosO+ysind)? +(-xsinG+y c ~a)2]/2 2 [ i(@x cosO+@yysing) __—@gat 2
¥(x ,m- ,6 — e xcosf+ysin. xsin@+y cos o X el )X COS 0Y'S —e @ , 1
(v.0.@,6)=>—— ()
where x, y define the pixel position in the spatial domain, @, the radial center fre-
quency, @ the orientation of the Gabor wavelet, and o the standard deviation of the
Gaussian function along the x -and y -axes. In addition, the second term of the Gabor
wavelet, e 7"/ compensates for the DC value because the cosine component has
nonzero mean (DC response) while the sine component has zero mean.
The Gabor representation of an image can be derived by convolving the image and
the Gabor wavelets. Let f(x,y) denote the gray level distribution of an image, then

the convolution of an image f(x,y) and a Gabor kernel ¥(x, y,@,,6) is defined as
follows:

G\w(x y,afo,ﬂ) f(x y)*‘}’(x J’awme) 2)
where * denotes the convolution operator. With a set of @, and 6 , a multi-
hierarchical Gabor wavelets representation of the face image f(x,y) is composed.

The visualizations of the magnitudes of the GFMs in this paper are shown in Figure 2.
We select five scales and eight orientations in the Gabor filters.

2.2 Local Variation Patterns

To improve the local feature information, we divided the image into small non-
overlapping regions from which LBP histograms are extracted.

6=0 x/8 2x/8 3z/8 4zn/8 5xz/8 67/8 Tx/8

(a) Face image (b) The GFMs

Fig. 2. The visualizations of the magnitudes of the GFMs
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The original LBP operator, introduced in [14], labels the pixels of an image by
thresholding the 3x3 -nieghborhood of each pixel f p(pzo, 1,...,7) with the center

value f, and considering the result as a binary number (3).

Lo f,2/

0, f,<f.. @)

s, -fc>={

Then, by assigning a binomial factor 2” for each S( o= fc), the LBP number is

achieved as
7
LBP=Ys(f, - f. 2", 4)
p=0
which characterizes the spatial structure of the local image texture. Figure 3 shows an

example of the basic LBP operator, and the transform result of an image is shown in
Figure 4. The LBP images of the GFMs are shown in Figure 5.
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Fig. 5. The LBP images of the GFMs
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2.3 Multi-resolution Histograms of Local Variation Patterns Description

The histogram %, of the image f(x,y) could be defined by (5) which provides the

frequency of different values in the image.

hi’f=§I{f’(x,y)=i},i=0,1,...,n—1, )
n is the number of different values of the image and
1, Ais true
A=
{ } {O, Ais false. ©)

From the description above, we can get the multi-resolution histograms of local
variation patterns description, and each of the Gabor filter image G, (x,y.@,,0)is

divided into m regions of R,,R,,...,R,_, from which the LBP histograms are ex-
tracted (7).
b, =S 16, (x,3,8,,6)=i{i{(x,y)e R, }i=0,1,...n=1; j=0,1,...,m—1. o
X,y

Many dissimilarity measures have been proposed for histogram. In this paper, His-
togram intersection D(Sh,,Sh,) is used as the similarity matching between two histo-

grams [17].

k
D(Sh,, Shy)=" min(Sh!, Shi), (8)

i=1

where Sk, and Sh, are two histograms, and & is the number of bins in the histogram.

3 Experimental Design and Results

To achieve a fair comparison, we test our face recognition algorithm on the FERET
face database and protocol, which have been used widely to evaluate face recognition
algorithms and are a de faceto standard in face recognition research field [20].

FERET provided a training set containing 1002 images, and a gallery consisted of
images of 1,196 people with one image per person. Four probe sets, fb, fc, Dup.I, and
Dup.II are provided for testing. In the fb probe set, there are 1195 images with differ-
ent facial expressions from the gallery set. In the fc probe set, there are 194 images
taken under different lighting condition from that of fa. In the probe categories Dup.I
and Dup.II, there are 722 and 234 images taken respectively a month and a year later
than the gallery.

To test the robustness of the method against different facial expression, lighting
and aging, we do the experiments on all the four probe sets. In addition, to demon-
strate the validity of our method, we compared the performance of our method with
Correlation [18], LDA [19] and LBP. The similarity measure used in LDA and Corre-
lation algorithms in our experiments to compare feature vectors is the normalized
correlation, which is defined as (9).

TX

Sx,x, )= —1 X2 9
x)= LR ©
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In the LBP method, we use the basic LBP operator and the same divided region form
as that of the MHLVP in Figure 5. The nearest neighbor rule is then used to classify
the face images. The recognition results of our proposed method are shown in Table 1
and the Cumulative Match Score (CMS) curves are plotted in Figures 6 (a)-(d). The
MHLVP-based method outperforms clearly the other methods on all of the test sets.
In the three test sets of fc, duplicate I and duplicate II, the results are even better than
the best results reported in the FERET 97 evaluation [20] and that of [21]. It should
be noted that the results of the basic LBP method might be different from the results
mentioned in [21] due to the different forms of image division and LBP operators.

Table 1. The rank-1 recognition rates of different algorithms for the FERET probe sets

Method b fc duplicate [ duplicate 11
MHLVP 0.942 0.959 | 0.676 0.594

LBP 0.947 0.294 | 0.536 0.269

LDA 0.934 0.727 0.551 0.312
Correlation 0.700 0.268 | 0.276 0.094

Best Results of FERET’97[20] 0.96 0.82 0.59 0.52
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Fig. 6. Comparison of several methods on the FERET fb, fc, Dup.l, and Dup.II probe sets. Note

that the FERET line just illustrated the best rank-1 recognition rate in the FERET 97 results
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4 Discussion and Conclusion

This paper proposes a novel face representation, MHLVP, which is impressively
insentative to appearance variations due to lighting, expression and aging. Moreover,
the modeling procedure of MHLVP does not involve in any learning process, that is,
it is non-statistical learning based. The effectiveness of the MHLVP comes from
several aspects including the multi-resolution and multi-orientation Gabor
decomposition, the LBP and the local spatial histogram modeling. The experimental
results on FERET face database have evidently shown that the MHLVP method
performs terrifically better than other approaches for all four standard probe sets. In
the three test sets of fc, duplicate I and duplicate II, the results are even better than
that of the best reported on the FERET evaluation.

Some improvements may further be made by optimizing the bins of the histogram
to reduce the dimension the feature vector, and/or selecting the different scales and
orientations Gabor filters to represent the shape and texture information of the face
image. In addition, we could divide images into different amount of regions according
to the variations of different scales.
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