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Abstract:   Face recognition (FR) is a practical application of pattern recognition (PR) and remains a compelling topic in the study of
computer vision. However, in real-world FR systems, interferences in images, including illumination condition, occlusion, facial expres-
sion and pose variation, make the recognition task challenging. This study explored the  impact of those  interferences on FR perform-
ance and attempted to alleviate  it by taking face symmetry  into account. A novel and robust FR method was proposed by combining
multi-mirror symmetry with local binary pattern (LBP), namely multi-mirror local binary pattern (MMLBP). To enhance FR perform-
ance with various interferences, the MMLBP can 1) adaptively compensate lighting under heterogeneous lighting conditions, and 2) gen-
erate extracted image features that are much closer to those under well-controlled conditions (i.e., frontal facial images without expres-
sion). Therefore, in contrast with the later variations of LBP, the symmetrical singular value decomposition representation (SSVDR) al-
gorithm utilizing the facial symmetry and a state-of-art non-LBP method, the MMLBP method is shown to successfully handle various
image  interferences that are common  in FR applications without preprocessing operation and a  large number of training  images. The
proposed method was validated with four public data sets. According to our analysis, the MMLBP method was demonstrated to achieve
robust performance regardless of image interferences.
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1   Introduction

Pattern recognition  (PR)  has  attracted  great  atten-

tion worldwide over recent decades, and its application in

the field of face recognition (FR) also remains a hot top-

ic due to its vital position in systems used for automatic

face analysis.  As a result, a variety of FR methods have

been proposed with promising results[1–6]. Most of the re-

search work has focused on FR under relatively well-con-

trolled  conditions,  that  is  to  say,  the  recognition  task  is

carried out with frontal expressionless images under uni-

form illumination. However, for practical applications, the

performance  of  FR  is  generally  influenced  by  objective

factors.  Varying  face  ages[7–9],  image  resolution[10–12], fa-

cial  expressions[13–15],  body  poses[16–18] and  illumination

conditions[19–21] all  cause changes to face representations,

resulting in a rapid decline in FR performance. This pa-

per focuses  on  the  illumination,  occlusion,  facial  expres-

sion and pose interference, which are common and major

challenges  in  real-world  applications  of  FR.  Researchers

have  shown  that  the  performance  of  the  FR  algorithm

can be severely affected by those interferences[14]. There-

fore,  a large number of  research studies  have focused on

these problems in order to obtain a better representation

of the original face image.

Changes  in  illumination  conditions  can  degrade  FR

performance. Methods to tackle this problem can be clas-

sified into  three  categories:  preprocessing  methods,  sub-

space  learning-based  approaches  and  illumination-invari-

ant  feature  extraction  methods.  Preprocessing  methods

such  as  histogram  equalization  (HE)[22, 23],  logarithm

transform  (LT)[24],  and  gamma  correction  (GC)[25] at-

tempt  to  take  the  holistic  normalization  of  the  original

face images so that the obtained representations are con-

sistent with those under uniform illumination conditions.

Since  the  same  face  images  under  varying  illumination

conditions can be approximated by a low dimensional lin-

ear  subspace[26, 27],  the original  face  images  with high-di-

mensional data are modeled by a small subset of features

for  classification  and  recognition.  A  series  of  subspace

learning-based approaches  like  principal  component  ana-

lysis (PCA), independent component analysis (ICA), and

linear  discriminant  analysis  (LDA)  and  some  improved

algorithms  have  been  put  forward.  In  general,  these

methods can be seen as a means of dimensionality reduc-

 
Research Article

Manuscript  received  April  18,  2018;  accepted  August  7,  2018;
published online November 19, 2018
Recommended by Associate Editor De Xu

 

©  Institute  of  Automation,  Chinese  Academy  of  Sciences and
Springer-Verlag GmbH Germany, part of Springer Nature 2018
 

International Journal of Automation and Computing 16(5), October 2019, 671-682
DOI: 10.1007/s11633-018-1153-8

 



tion and they can model the illumination variation quite

well.  Illumination-invariant  feature  extraction  methods,

such  as  Retinex,  quotient  image  (QI)[28, 29] and  gradient

face  (GF)[30], on  the  other  hand,  make  use  of  local  fea-

tures to rebuild the illumination-invariant face represent-

ations.

The illumination problems discussed above can be di-

vided into two categories: varying lighting magnitude and

varying  lighting  directions.  Varying  lighting  magnitude

can  also  be  called  homogeneous  lighting  which  assumes

that the directions of the light are the same, and this is

the  basic  hypothesis  in  most  of  the  existing  research.

However, in  practical  applications,  the  lighting  condi-

tions  are  not  always  homogeneous.  The  recognition  task

is  normally  carried  out  under  the  condition  of  varying

lighting directions, namely heterogeneous lighting. There-

fore, there is a lot of work to be done to resolve the het-

erogeneous lighting problem.

Facial occlusion is considered one of the greatest chal-

lenges affecting the accuracy of the FR system. Common

occlusions include hats,  scarves,  sunglasses,  and exagger-

ated  facial  expressions.  These  occlusions  may  undermine

the original face image, causing loss of significant inform-

ation and  thus  leading  to  misclassification.  Much  re-

search has been done to handle the occlusion problem and

can  be  roughly  classified  into  two  categories:  traditional

holistic  feature-based  approaches[2] and  local  feature-

based approaches[31, 32].  Holistic feature-based approaches

consider the  holistic  normalization of  the  whole  face  im-

age,  while  local  feature-based  approaches  concentrate  on

only the occluded face part and match it with the non-oc-

cluded training  images.  The  local  feature-based  ap-

proaches are more robust to facial occlusions.

FR across various pose conditions allows us to recog-

nize the same person with varying poses in both training

and testing sets. A more challenging task is to recognize a

person in varying poses with only one frontal image avail-

able in  the  training  set.  This  problem  is  one  of  the  un-

solved  puzzles  in  the  FR  system,  but  some  promising

methods  have  been  put  forward  to  tackle  the  problem

and  can  be  classified  into  2D  techniques[33, 34] and  3D

techniques[35, 36]. The  3D  techniques  gather  3D  informa-

tion to establish a virtual face image that is the same as

the  image  given  at  a  given  pose.  Thus,  two  face  images

from  two  different  poses  can  match  each  other  at  the

same pose.  The  2D  techniques,  on  the  other  hand,  at-

tempt to  identify  pose-invariant  local  features  to  over-

come pose variation problems.

Compared to  FR  using  illumination  and  pose  vari-

ation,  the  study  of  the  interference  of  facial  expression

has been less investigated. Facial expressions can be seen

as muscle  deformation,  which  is  commonly  used  to  con-

vey  our  emotions.  However,  in  a  practical  FR  system,

changes in  expression  can  degrade  recognition  perform-

ance and the bigger the deformation, the worse the recog-

nition  performance.  Various  approaches  have  been  put

forward  to  overcome  facial  expression  variation

problems[15].  These  methods  have  one  thing  in  common,

i.e.,  they  all  extract  local  features  to  recognize  frontal

faces varying in expression,  since local  features are more

robust to expression changes than holistic ones.

The  local  binary  pattern  (LBP)  method,  introduced

by  Ojala  et  al.[37],  was  first  used  as  a  powerful  texture

descriptor.  In  2004,  Ahonen  et  al.[38, 39] applied  LBP  to

the field of FR and achieved great success. Since then, a

great deal of research has been done to apply the LBP al-

gorithms  for  executing  FR  tasks.  However,  the  original

LBP operator can only achieve perfect results under well-

controlled  conditions.  When  there  are  interferences  such

as heterogeneous  illumination,  occlusion,  facial  expres-

sion  and  pose  variation,  the  obtained  LBP  performance

will  be  affected.  Many researchers  have  been  devoted  to

tackling  this  problem.  Methods  like  improved  LBP  (IL-

BP)[40], multiscale block LBP (MBLBP)[41] and local tern-

ary pattern (LTP)[21] can solve the problem to a degree,

but not completely. In this study, we proposed a novel in-

terference-robust approach to  FR based on LBP and fa-

cial  symmetry,  called  multi-mirror  local  binary  patterns

(MMLBP). Compared  with  the  original  LBP,  the  meth-

od utilizing the facial  symmetry based on original  image

(SORI),  its  later  variations  (ILBP,  MBLBP  and  LTP),

the  symmetrical  singular  value  decomposition  (SSVDR)

algorithm utilizing the facial symmetry[42] and a state-of-

art  non-LBP  method  multi-directional  multi-level  dual-

cross patterns (MDML-DCPs)[43], the proposed method is

more  robust  to  FR  with  interferences  and  can  achieve

better recognition  performance.  Furthermore,  the  meth-

od is also suitable for FR systems with only few training

images or  even one frontal  expressionless  face  image un-

der  uniform  illumination  available  in  the  training  set,

which is a big challenge in FR[44].

The results of LBP codes can be collected into a histo-

gram or represented with an LBP feature image. Accord-

ing  to  the  research  provided  by  Yang  and  Chen[45],  the

LBP feature image is more suitable for FR with large in-

terferences.  As  a  result,  the  strategy  of  this  paper  is  to

calculate the LBP codes for each pixel and represent it as

an LBP feature image as a whole. The reasons are given

as follows:

1)  The  local  LBP  features  by  its  definition  shows

great robustness and high discriminative power.

2)  The  LBP  feature  image  faithfully  preserves  both

spatial structure and intrinsic appearance details of a face

image. Specifically, the obtained feature is also a face im-

age.

3) The LBP feature image dispenses with the prepro-

cessing of region division and the post-processing of histo-

gram, and thus it is computationally efficient.

4)  The  LBP  feature  image  is  more  effective  for  FR,

but it is not suitable for texture recognition. The reason

is that  the  texture  images  have  specific  statistic  proper-

ties.
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The rest of this paper is organized as follows: Section 2

details the related work. Section 3 presents the proposed

method.  The  results  of  the  experiments  are  described  in

Section 4. Section 5 provides the concluding remarks.

2   Related work

Local  binary  patterns  were  introduced  by  Ojala  in

1996  as  a  powerful  texture  descriptor.  It  is  defined  in  a

3×3 neighborhood,  and the gray value of  the adjacent 8

pixels is compared with the pixel at the center of the win-

dow as a threshold, if the value is larger than that of the

center point, then it is denoted as 1, otherwise it is 0, as

represented in (1).

s (x) = f (x) =

{
1, x > 0

0, x ≤ 0.
(1)

2p
Thus,  we  can  get  an  8-bit  binary  number,  and  then

sum  them  up  with  a  weight  of ,  obtaining  an  LBP

value.

LBP (xc, yc) =

p=7∑
p=0

s (gp − gc) 2
p (2)

· · ·
where gc represents the gray value of the center point of

the  local  region, gp(p=0,  1, ,7)  corresponds  to  the  8

points  of  neighborhood  distribution  around  the  center

point.  The illustration of the basic LBP operator can be

seen in Fig. 1(a).

LBPR
P

One major drawback of the basic LBP operator is that

it covers only a small area, which obviously cannot meet

the needs of different sizes of textures. Later the operat-

or  was  extended  to  a  neighborhood  of  different  sizes,

more  specifically,  the  3×3 square  neighborhood  is  re-

placed  by  a  circular  one  with P pixels in  the  neighbor-

hood  of  radius R,  named .  Another  extension  of

the basic  LBP  operator  is  called  "uniform  patterns",
which  aims  to  solve  the  information  explosion  problem.

An LBP can be called uniform if the binary pattern con-

tains up to two transitions from 0 to 1 or 1 to 0. For in-

stance,  the  LBP  code  in Fig. 1(a) is  not  uniform  since

there  are  four  transitions.  To  get  the  rotation  invariant

LBP operator, the idea is to constantly rotate the circu-

2p

lar  neighborhood  to  get  a  series  of  initial  LBP  values,

where  the  minimum  one  can  be  recognized  as  the  final

LBP value. Fig. 1(b) shows the process of finding the ro-

tation  invariant  LBP  operator.  By  combining  the  three

extensions above, we obtain a rotation invariant uniform

pattern, which reduces the possible pattern types from 

to p+1,  and  all  non-uniform  patterns  are  classified  as

p+1, as shown in (3).

LBP riu2
P,R =


p−1∑
p=1

s (gp − gc) , U (GP ) ≤ 2

P + 1, U (GP ) > 2

(3)

LBP riu2

where U(GP) represents the bitwise transitions from 0 to

1 or from 1 to 0,  is called the rotation invariant

uniform pattern.

The LBP operator was first applied to FR by Ahonen

et al.[38] in 2004. The specific methodology of this applica-

tion can be broken into three steps:  First  the given face

image  is  divided  into  small  local  regions,  then  the  LBP

algorithm is performed on each local region to obtain its

LBP feature.  Finally  concatenate  all  the  local  LBP  fea-

tures  to form the global  feature of  the whole  face which

can be used to carry out the FR tasks.

3   Methodology with MMLBP

3.1   LBP used for FR under varying inter-
ferences

Illumination, occlusion,  facial  expression  and pose  in-

terferences have always been major challenges in practic-

al FR systems.  It  often  leads  to  some  undesirable  prob-

lems.  Therefore,  to  verify  the  interference  robustness  of

the LBP operator used for FR, we compared its perform-

ance under varying interference conditions, which can be

classified into four  groups as  mentioned above:  illumina-

tion, occlusion, facial expression and pose. In the experi-

ment,  the  face  images  are  chosen  from the  Yale  B,  AR,

and  facial  recognition  technology  (FERET)  databases.

The visual represents are shown in Fig. 2.

In Fig. 2, the basic LBP operator can establish a good

representation  of  the  original  face  images  under  a  well-
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controlled  condition  (the  first  image  of  each  person).

However, when there are various interferences, the repres-

entations are not intact and perfect.  If  the following FR

task  is  carried  out  with  only  one  frontal  expressionless

face  image  under  uniform  illumination  available  in  the

training set, recognition performance will be affected. To

solve  this  problem,  we  made  further  efforts  to  find  the

cause of this phenomenon.

One of  the  common characteristics  of  human faces  is

that  they  are  approximately  bilaterally  symmetrical.

Based on this principle, Passalis et al.[17] used facial sym-

metry  to  handle  pose  variations  in  real-world  3D  FR.

Similarly, Chen et al.[42] put forward a symmetrical singu-

lar value decomposition (SSVDR) algorithm utilizing the

facial symmetry for pattern recognition. Unlike these pre-

vious methods which simply mirror the half face, we com-

bine  the  famous  local  binary  pattern  (LBP)  with  facial

symmetry prior by dividing the face into multi-mirror re-

gions and  averaging  the  LBP  representation  of  each  re-

gion  with  the  vertical  flip  matrix  of  its  symmetric  one

without any preprocessing operation needed, which allevi-

ate the interference and achieves higher recognition rate.

Although the  proposed  method  utilizes  facial  sym-

metry, it is not always true that the human faces are per-

fectly symmetrical[17]. The method is based on the hypo-

thesis that the difference between the right and left side

of the same face image is  less than that of two different

face images. And the facial symmetry of the two sides of

a face image can be measured by the index structure sim-

ilarity (SSIM)[46]:

SSIM (x, y) = [l (x, y)]α × [c (x, y)]β × [s (x, y)]γ (4)

y

·
· ·

where x represents  the  left  side  of  a  face  image,  and 

denotes the flip horizontal right side of a face image. l ( ),

c ( ), and s ( ) are the luminance comparison function, the

contrast  comparison  function  and  the  structure

comparison function, respectively.

Here, we calculated the mean SSIM of each LBP face

image shown in Fig. 2, the results are presented in Table 1.

Seen  from Table  1,  the  face  images  under  well-con-

trolled conditions have considerably higher SSIM values.

Those under  varying  interferences,  however,  have  relat-

ively  low  SSIM values.  Therefore,  we  can  conclude  that

image interferences like heterogeneous illumination, occlu-

sion,  facial  expression  and  pose  variation  may  lead  to

asymmetry of  pixel  values  of  the face image matrix,  un-

dermining the representations of the original face images.

Hence, a  natural  idea  to  remove  this  obstacle  is  to  re-

duce  the  asymmetry  of  pixel  values  of  the  face  image

when there are image interferences. According to this dis-

covery,  we  extended  the  LBP  operator  and  proposed  a

novel MMLBP method based on the symmetry of human

face, which can greatly alleviate the influence of  the im-

age interferences.

3.2   Multi-mirror local binary patterns

As described above, we eliminated the effects of asym-

metry  caused  by  the  interferences  through  the  fact  that

humans  are  born  with  approximately  symmetrical  faces.

We  proposed  a  method  called  multi-mirror  local  binary

patterns and before introducing our method, we first gave

the definition of a vertical flip matrix as follows:

Definition (Vertical flip matrix). Suppose matrix

A=(aij)m*n, if

B =

 a1n · · · a11

...
. . .

...
amn · · · am1



B = Ap

then the matrix B is called the vertical flip matrix of A,

denoted as .

According to the definition of vertical flip matrix, we

can introduce one of its properties. If In represents the n-

order unit matrix and its vertical flip matrix is Jn, which

is  also  called  the  sub-unit  matrix,  then  the  vertical  flip

matrix of A can be rewritten as

Ap = AJn. (5)

The MMLBP method is broken down into the follow-

 

Table 1    Mean SSIM of each face images in Fig. 2

The image number 1 2 3 4 5 6 7 8 9 10 11

Mean SSIM values 0.906 0.092 0.126 0.735 0.496 0.419 0.561 0.653 0.681 0.217 0.317
 

 

Fig. 2     LBP used for FR under varying interference
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ing steps:

· · ·

· · ·

First the given face image Am×n is divided into multi-

mirror regions along the direction parallel to the symmet-

ric axis of the face. We use M to represent the number of

mirrors,  so  we  have  2M regions in  total.  To  better  de-

scribe our method, each region in the left half face is de-

noted as ALk (k=1, 2, , M), where k represents the po-

sition  of  each  region  in  half  face  image  and  it  increases

from the face  center  to  its  border.  Similarly,  the regions

in the right half face is denoted as ARk (k=1, 2,  , M).

After obtaining these pre-defined regions, LBP is per-

formed  on  each  of  them  to  extract  local  facial  features.

Here,  the  rotation  invariant  uniform  LBP  is  employed,

namely LBP8,  1
riu2 (P=8, R=1).  Detailed  calculation  is

shown  in  the  following  formulas  (here,  we  only  give  the

calculation of the left half face, the right half face is the

same):

LBP riu2
8,1 (ALk (i, j)) =

7∑
p=0

s (gp − g (i, j))× 2p, U (Gp) ≤ 2

9, U (Gp) > 2, k = 1, 2, · · · ,M

(6)

U (Gp) = |s (g7 − g(i, j)− s (g0 − g (i, j))|+
7∑

p=1

|s (g7 − g (i, j))− s (g7 − g (i, j))| (7)

s (x) =

{
1, x > 0

0, x ≤ 0
(8)

p = 0, · · ·, 7where gp ( )  corresponds  to  the  8  points  of

equidistant distribution around the center  point, g (i, j)

represents the gray value of the center point of the local

region.

In the second step, the vertical flip matrices of all the

LBP representations  above  are  calculated  by  right  mul-

tiplying the sub-unit matrix Jn.

[
LBPu2

8,1 (ALk)
]p

= LBP riu2
8,1 (ALk)× Jn, k = 1, 2, · · · ,M

(9)

[
LBPu2

8,1 (ARk)
]p

= LBP riu2
8,1 (ARk)×Jn, k = 1, 2, · · · ,M.

(10)

Then the MMLBP can be generated by averaging the

LBP  representation  of  each  region  with  the  vertical  flip

matrix  of  its  symmetric  one  to  alleviate  the  influence  of

interference. Therefore, the final representation of the ori-

ginal face image is reestablished by the following formula:

LBPu2
8,1 (ALk) =

[
LBPu2

8,1 (ARk)
]p

+ [LBPu2
8,1 (ALk)]

2
,

k = 1, 2, · · · ,M (11)

LBPu2
8,1 (ARk) =

[
LBPu2

8,1 (ALk)
]p

+ [LBPu2
8,1 (ARk)]

2
,

k = 1, 2, · · · ,M. (12)

Finally, the reconstructed image is normalized to per-

form the FR tasks. The overall flowchart of the MMLBP

method is given in Fig. 3 for better understanding of the

procedure.  To  make  comparisons  with  the  original  LBP

operator  described  in  Section  3.1,  some  visual  results

achieved  by  MMLBP  are  shown  in Fig. 4,  here  we  set

M=2. The face images chosen here are the same as those

in Fig. 2.  The  comparison  results  show  that  the  original

LBP operator is not effective at removing interference ef-

fects like heterogeneous illumination, occlusion, facial ex-

pression and pose variation. In contrast, the MMLBP al-

gorithm  can  alleviate  the  influence  of  interference  and

thus provide better  visual  representations  of  the original

faces.  More  specifically,  it  removes  much  of  the  smooth

shading information  and  hence  emphasize  local  appear-

ance.  We can see the obtained representations are much

closer  to  those  under  well-controlled  conditions  (frontal

expressionless  face  image  under  uniform  illumination),

making  it  advantageous  for  FR  with  only  a  few  images

available in the training set.

4   Experiment

In  our  experiment,  the  performance  of  the  proposed

MMLBP method  was  evaluated  on  four  famous  data-

bases: Yale B, CMU-PIE, AR and FERET, as these four

databases contain face images with large illumination, oc-

clusion, facial expression and pose interferences. The im-

ages  from  the  same  database  were  cropped  to  the  same
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size. And  the  nearest  neighbor  classifier  based  on  Euc-

lidean distance was employed for the final recognition and

classification. To evaluate the performance of MMLBP al-

gorithm,  it  was  compared  to  the  original  LBP operator,

the method utilizing the facial symmetry based on origin-

al  image  (SORI),  as  well  as  some  improved  versions  of

LBP  proposed  in  previous  papers:  ILBP,  MBLBP  and

LTP.  These  methods  as  well  as  the  proposed  MMLBP

method  are  all  LBP-based  operators,  but  their  specific

strategies and performances are quite different. ILBP con-

siders both local shape and texture information instead of

raw grayscale information and it is only robust to illumin-

ation  variation[40].  In  MBLBP,  the  computation  is  done

based  on  average  values  of  block  sub  regions,  instead  of

individual  pixels[41].  Instead  of  LBP  which  thresholds  at

exactly the value of the central pixel, LTP extends to 3-

valued  codes,  in  which  gray-levels  in  a  zone  of  width

around are quantized to zero, ones above this are quant-

ized to +1 and ones below it to –1[21]. Moreover, face re-

cognition utilizing facial  symmetry based on original  im-

ages SORI and the SSVDR algorithm utilizing the facial

symmetry were also employed to make comparisons with

the  proposed  method[42]. Lastly,  the  method  was  com-

pared  to  a  state-of-art  non-LBP method,  called  MDML-

DCPs, which uses the first derivative of the Gaussian op-

erator to conduct multi-directional filtering to reduce the

impact of interferences.

4.1   Experiment on the Yale B database

The Yale B database contains 10 individuals under 64

different illumination conditions and it has been a stand-

ard for studies of recognition under variable lighting over

the  past  decade.  These  images  are  roughly  divided  into

five  subsets  according  to  the  direction  of  the  lighting

source. Subset  1  contains  70  images  of  10  different  ob-

jects and the lighting source direction is between 0 to 12°.
Subsets  2  and 3 both contain 120 images  of  10 different

objects and the lighting source directions are between 13° and

25°,  26° and 50°, respectively. Subset 4 contains 140 im-

ages of 10 different objects and the lighting source direc-

tion  is  between  51° and  77°. Subset  5  contains  190  im-

ages of 10 different objects and the lighting source direc-

tion is larger than 77°. An example of one object divided

into five subsets is shown in Fig. 5.

In order to verify the advantage of the proposed meth-

od quantitatively,  the images processed by all  the meth-

ods  mentioned  above  were  labelled  and  classified  by  the

nearest  neighbor  classifier  based  on  Euclidean  distance.

Since the performance of the MMLBP method may be in-

fluenced  by  the  number  of  regions,  so  MMLBP  method

with M=1, M=2 and M=3 were used in the experiment.

Here, we used subset 1 as the training set and all the oth-

er subsets were used for testing (shown in Fig. 5). The re-

cognition rates of different methods with the correspond-

ing testing subsets number on the Yale B database were

summarized in Table 2,  from which we can see that the

MMLBP  method  achieves  best  recognition  accuracy  on

the whole and defeats all the other approaches when the

illumination condition  becomes  severe.  The  other  meth-

ods can also achieve relatively good recognition accuracy

when the lighting is tilted slightly, however, when it be-

comes severe, the recognition rates drop significantly. For

example, the recognition rates of LTP are all 100% when

testing Subsets 2 and 3. However, when the illumination

condition changes, the recognition performance drops dra-

matically.  The  worst  performance  occurs  when  testing

subset 5, the recognition rate is only 56.3%. Similarly, the

recognition accuracy of the MBLBP method ranges from

53.6%  to  100.0%  and  that  of  MDML-DCPs  method

ranges from 40.5% to 100% with the change of illumina-

tion  conditions.  But  the  MMLBP  methods  can  still  get

recognition rates higher than 85% under the worst light-

ing  conditions.  The  average  recognition  rates  of  the

MMLBP methods  for  all M=1,  2  and  3  outperform  the

other methods.

To further verify our method, we also used subsets 2–5

as  the  training  set  respectively,  the  remaining  subsets

were used as testing sets, the average recognition rates of

all the mentioned methods for the corresponding training

subsets were shown in Table 3. According to the results,

the MMLBP method shows the best recognition perform-

ance regardless of the training subset.

Additionally,  the  results  show  that  the  recognition

rate  of  MMLBP  changes  with  different M values  and

thus setting a proper M for MMLBP is of great import-

ance.  Therefore,  we  carry  out  an  experiment  by  testing

subset 4 with varying M from 1 to 10. Subsets 1– 3 and 5

are  used  as  training  sets,  respectively.  The  recognition

rates with varying M are shown in Fig. 6. It can be seen

that  the  recognition  rate  varies  with  different  training

sets,  but  the  overall  trend  seems  to  rise  first  and  then

 

Fig. 4     MMLBP (M=2) used for FR under varying interference
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drop and rise  again with the increase of M. M=3 seems

to  be  a  perfect  partition  structure  for  carrying  out  the

proposed  MMLBP  method.  The  possible  reason  for  this

phenomenon might be that the factor M affects the edge

of each region, which may happen to be the symmetrical

line  of  the  important  structure  in  the  face,  such  as  the

eyes and nose. Fig.7 shows example images of the mirror

partition  with M=3.  It  can  be  seen  that  the  important

structure  eyes  and  nose  happen  to  be  divided  into  two

parts which are almost symmetrical.

4.2   Experiment on the CMU PIE database

In the CMU PIE database, there are 68 subjects with

varying  poses,  illumination  conditions  and  expressions

(PIE). We chose the images with large illumination vari-

ations under five different poses in our experiment. An il-

lustration of the sample images for one person is shown in

Fig. 8. All the face images are cropped to the same size.

To begin, we chose some frontally lighted face images

of each pose set for training, the rest were used for test-

ing. The specific training and testing set numbers are giv-

en in Table 4. All of the methods mentioned above (LBP,

ILBP,  MBLBP  and  LTP),  together  with  the  proposed

MMLBP method with M=1, 2, 3 were applied. The final

recognition  results  were  summarized  in Table  5.  The

MMLBP method achieves the best results in all the pose

sets, 95.8%, 97.2%, 95.6%, 98.4% and 94.4%, respectively,

with M=2 or 3.

In  the  second  experiment,  we  tested  all  images  as  a

whole instead of classifying them into groups.  Therefore,

the FR task was carried out under both illumination and

pose interferences. For training the classifier, we used two

different  sets  called  training  set  1  and  training  set  2.

 

Table 2    Recognition rate (%) with training subset 1 under
varying lighting conditions on the Yale B database

Methods Subset 2 Subset 3 Subset 4 Subset 5 Average

ORI 33.3 12.5 11.4 9.0 16.5

LBP 80.8 77.5 42.1 52.1 63.1

ILBP 98.3 99.2 85.7 88.4 92.9

MBLBP 100.0 90.8 53.6 71.5 79.0

LTP 100.0 100.0 68.6 56.3 81.2

SORI 53.3 21.7 12.9 6.8 23.7

SSVDR 75.0 33.3 13.6 7.9 32.5

MDML-DCPs 100.0 85.8 70.0 40.5 74.1

MMLBP(M=1) 99.2 99.2 86.4 87.9 93.2

MMLBP(M=2) 99.2 99.2 87.1 88.9 93.8

MMLBP(M=3) 99.2 99.2 87.1 88.4 93.5
 

 

Table 3    Average recognition rate (%) with different training
subsets on the Yale B database

Methods Subset 1 Subset 2 Subset 3 Subset 4 Subset 5

ORI 16.5 24.1 20.2 12.5 11.2

LBP 63.1 47.0 61.4 35.3 19.6

ILBP 92.9 82.9 80.2 47.0 74.4

MBLBP 79.0 82.3 90.5 56.7 60.3

LTP 81.2 84.7 92.1 37.8 76.3

SORI 23.7 33.4 36.0 12.4 12.25

SSVDR 32.5 36.8 44.1 25.9 35.6

MDML-DCPs 74.1 78.5 76.1 57.2 77.5

MMLBP(M=1) 93.2 92.2 91.5 64.0 78.8

MMLBP(M=2) 93.6 93.1 91.9 58.2 79.2

MMLBP(M=3) 93.5 92.5 92.4 58.6 79.3
 

 

Subset 1 (Lighting source direction: 0°−12°)

Subset 2 (Lighting source direction: 13°−25°)

Subset 3 (Lighting source direction: 26°−50°)

Subset 4 (Lighting source direction: 51°−77°)

Subset 5 (Lighting source direction: > 77°)
 
Fig. 5     Sample images of an object from the Yale B divided into
five subspaces
 

S. G. Tong et al. / A Robust Face Recognition Method Combining LBP with Multi-mirror Symmetry for ··· 677 

 



Training set 1 contains images with varying illumination

conditions but with the same pose, the same as Pose 2 in

Fig. 8. Training set 2, on the contrary, contains frontally

lighted face images with the five different poses. The re-

cognition  results  of  all  the  methods  were  also  given  in

Table 5 and it can be seen that the MMLBP method still

achieves  the  highest  recognition  accuracy  in  testing  all

the  images  as  a  whole  no  matter  what  training  set  is

used.

4.3   Experiment on the AR database

The  AR  database  classified  into  two  sessions  with

varying  illumination,  expression  and  occlusions,  contains

120 people in total.  Each session has 13 images per per-

son numbered from 1 to 13 and 14 to 26, respectively. We

used  one  session  for  training,  and  the  other  for  testing.

The  specific  description  of  the  database  is  tabulated  in

Table 6. We also displayed the sample images of an indi-

vidual in one session of the AR database in Fig. 9.

To evaluate  the  performance  of  the  proposed  MML-

BP method,  several  experiments  were  conducted  on  dif-

ferent  subsets  in  AR database,  and  the  results  obtained

were tabulated in Table  7.  According to  the results,  the

MMLBP  method  defeats  all  the  other  approaches  in  all

the subsets, i.e., the proposed method shows great robust-

ness in  illumination,  occlusion  and  expression  interfer-

ences.

4.4   Experiment on the FERET database

The FERET is a result of the FERET program, which

was sponsored by the US Department of Defense through

the DARPA program. It contains 1 400 images of 200 in-

dividuals  with  seven  different  images  of  each  individual

varying in  illumination,  expression  and  pose.  In  our  ex-

periments, all face images were aligned, cropped and res-

ized  to  80 × 80  pixel  based on the  location of  the  eyes.

The sample images of an individual in FERET database

are shown in Fig. 10.

In our experiment, we used the full-faced and strictly

centered images for training, which were the same as the

first  images  in Fig. 10.  The  remaining  images  varying  in

pose,  expression  and  illumination  are  used  for  testing.

The  final  recognition  results  are  shown  in Table  8.  As

seen from the results, the MMLBP method again obtains

better recognition results compared with the other state-

of-the-art approaches.

5   Conclusions

In this study, a novel and robust descriptor MMLBP

was proposed  to  deal  with  the  image  interference  prob-

lem in  FR.  To  alleviate  the  impact  of  various  interfer-

ences and  improve  FR performance,  the  proposed  meth-

od here  combines  LBP  with  multi-mirror  facial  sym-

metry  (MMLBP) by  dividing  the  face  image  into  multi-

mirror  regions.  MMLBP offers  the  following  advantages:

1) It  is  capable  of  adaptively  compensating  lighting  un-

der heterogeneous lighting conditions; 2) It generates ex-

 

Table 4    Specific training and testing set number of each pose
group on the CMU PIE database

Pose 1 Pose 2 Pose 3 Pose 4 Pose 5

Training number per
subject

5 3 3 5 3

Testing number per subject 38 18 18 38 18
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Fig. 8     An illustration of one person in CMU PIE
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tracted image features that are much closer to those un-

der  well-controlled  conditions  (i.e.,  frontal  facial  images

without  expression),  and  therefore  successfully  handles

various image  interferences  that  are  common  in  FR  ap-

plications  without  preprocessing  operation  and  a  large

number  of  training  images.  The  proposed  method  was

validated  with  four  public  data  sets  (i.e.,  Yale  B,  CMU

PIE,  AR  and  FERET).  In  contrast  with  the  original

LBP, the method utilizing the facial  symmetry based on

original image  (SORI),  its  later  variations  (ILBP,  MBL-

BP and LTP),  the  SSVDR algorithm utilizing  the  facial

symmetry  and  a  state-of-art  non-LBP  method  MDML-

DCPs, it  is  shown  with  greater  FR  robustness  and  per-

formance for images with interferences including illumina-

tion, occlusion, facial expression and pose variations. The

MMLBP  method,  however,  has  minor  drawbacks.  Since

the method relies on the symmetry of human faces, it will

likely  be  less  effective  for  face  images  that  reveal  facial

defects. For future research, we would like to explore the

influence of varying face ages and image resolution using

the MMLBP  method,  while  further  improving  recogni-

tion performance.
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Table 5    Recognition rate (%) of different subset on the CMU PIE database

Methods ORI LBP ILBP MBLBP LTP SORI SSVDR MDML-DCPs MMLBP(M=1) MMLBP(M=2) MMLBP(M=3)
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Table 6    Distribution of AR database in different sets

Session 1 images
(Training set)

Session 2 images
(Test set)

Change in expressions 1, 5–7 14, 18–20

Varying illumination 1–4 14–17

Sunglass with
illumination changes

8–10 21–23

Scarf with illumination
changes

11–13 24–26
 

 

Table 7    Recognition rate (%) of different subset on the AR database

Image variations ORI LBP ILBP MBLBP LTP SORI SSVDR MDML-DCPs MMLBP(M=1) MMLBP(M=2) MMLBP(M=3)

Change in expressions 27.5 60.0 92.5 92.5 92.5 27.5 77.5 87.5 90.0 92.5 95.0

Varying illumination 45.0 90.0 90.0 92.5 95.0 60.0 60.0 95.0 92.5 97.5 92.5

Sunglass with illumination
changes

30.0 73.3 80.0 90.0 93.3 56.7 50.0 86.7 93.3 83.3 83.3

Scarf with illumination
changes

46.7 56.7 70.0 70.0 76.7 50.0 36.7 46.7 66.7 76.7 73.7

Total images 37.2 70.7 84.3 87.1 90.0 48.6 56.1 68.5 86.4 88.6 87.2
 

 

Table 8    Recognition rate (%) on the FERET database

Methods ORI LBP ILBP MBLBP LTP SORI SSVDR MDML-DCPs MMLBP(M=1) MMLBP(M=2) MMLBP(M=3)

Recognition rates 15.0 40.0 46.7 48.3 31.7 25.0 20.0 55.0 56.7 55.0 58.3
 

 

 
Fig. 9     Sample images of an individual in one session in the AR
database
 

 

 
Fig. 10     Sample images of one session in the AR database
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