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Abstract: This paper proposes an adaptation of Local Binary Pattern (LBP) opera-
tor for the design of the precise face localization technique. Presented approach is
divided into three main stages: face detection, detection of eye regions and localiza-
tion of eye pupils. Introduced optimization principles and the discriminative power
of the LBP significantly reduces the number of features used to describe the classes
and simplifies the structure of the utilized classifier, namely, artificial neural network.
The combination of the reduced dimensionality of the feature space and the presented
histogram-based sliding window makes the proposed algorithm well applicable for
the task of precise face localization in high resolution images. The parameters of the
algorithms are evaluated on a color FERET database.

1 Introduction

The precise alignment of the facial region in the input image is one of the most important

aspects in many applications, such as face recognition, iris recognition, eye tracking and

others. The performance of many automatic face recognition systems depends on the

precision of the face localization stage [NG12]. Most of the existing alignment methods

rely on the position of the eyes and, hence, require the reliable eye localization approach.

A novel face detection and localization methodologies are proposed in this paper.

The proposed detectors are based on the combination of the Local Binary Pattern opera-

tor [OPH96] and artificial neural network (ANN). LBP histograms are rather insensitive to

such aspects as skin color and illumination conditions [Rod06], which reduces the negative

impact of these factors [KSY03] onto the performance of the described detectors.

The key contributions of the proposed research are the development of the effective classi-

fiers for the task of face detection and eye localization. The effectiveness of the introduced

methodology is based on the reduction of the feature space dimensionality and the selec-

tion of the robust features in order to simplify the structure of the ANN. Another positive

aspect is the independence of the feature vector length from the resolution of the input

image, which makes the algorithms well applicable for the task of face detection in high

resolution images, where straightforward methodologies dramatically increase the dimen-
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sionality of the feature space and the complexity of the classifier. Introduced detectors

utilize the histogram-based sliding window, therefore an aspect of sliding window opti-

mization is also covered. Apart from the developed face and eye detectors a novel eye

pupil detection technique is introduced in this paper.

The paper is organized as follows: preliminaries about the LBP operator are provided in

section 2; section 3 introduces the details of the LBP based face detection algorithm; sec-

tion 4 formulates the details of the LBP based face localization and eye pupil detection

algorithms; the experimental results and conclusive remarks are discussed in sections 5

and 6. The parameters of the proposed algorithms are evaluated on a color FERET

database [FER].

2 Local Binary Pattern operator

The original LBP operator was introduced in [OPH96] as a texture descriptor. In the input

image each pixel is labelled by thresholding its 3× 3 - neighborhood with the center value

and representing the result as a binary number. An example of the labeling procedure for

3 × 3 region of an input image is illustrated in Figure 1. The histogram of labels is used

as the descriptor of the image. Later extensions of the LBP operator [OPM02] use neigh-

borhoods of different sizes. The notation (P,R) is usually used for the neighborhoods

description [OPM02], where P is the number of sampling points on a circle of radius R.

A histogram of the labelled image fl(x, y) can be calculated:

Hi =
∑

x,y

I{fl(x, y) = i}, i = 0, . . . , n− 1, (1)

where n = 2P is the number of different labels and I{true} = 1, I{false} = 0. In order

to save spatial information about the object the division of LBP transformed image into

small regions R0, R1, . . . , Rm−1 is required. A spatially enhanced histogram is calculated

by the substitution of region histograms into a single feature histogram:

Hi,j =
∑

x,y

I{fl(x, y) = i}I{(x, y) ∈ Rj}, i = 0, . . . , n− 1, j = 0, . . . ,m− 1. (2)

Figure 1: Labeling example of 3× 3 neighborhood, (P = 8, R = 1)
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3 Local Binary Pattern based face detection

Face detection task is a field of extensive research, but it still remains a difficult recognition

problem because it has lots of variations of image appearance, such as pose of the head,

image orientation, facial expression and illumination conditions [KSY03].

Many face detection algorithms have been developed. Among the most popular approaches

are color-based detection [KSY03], boosting-based [Cy08], [VJ01], texture operator-

based algorithms [Rod06], [Cy08], [NG12].

Proposed face detection methodology combines the principles of texture operator namely

Local Binary Pattern and artificial neural network. The key contributions of our research

are the following: the reduction of the feature space dimensionality; the independence

of feature vector length from the resolution of the input image; selection of the robust

features in order to simplify the structure of the neural network; development of the effi-

cient histogram-based sliding window. These aspects makes the proposed algorithm well

applicable in the parallel computing systems and effective for the task of face detection

in high resolution images, where straightforward methodologies dramatically increase the

dimensionality of the feature space and the complexity of the classifier.

3.1 Robust LBP features for face detection

The proposed face detection algorithm is based on a classical sliding window approach.

First the LBP transformation of the input image is performed. At each position of the

window the spatially enhanced LBP histogram is calculated, Equation 2. This histogram

is next classified by the previously trained neural network as a face or non-face pattern.

The output of the detector is the position of the scanning window with highest probability

of being a face. In this realization the number of faces in the input image is one, however

this idea could easily be enhanced for the detection of multiple faces. The main issues

to be resolved in such approach are the reduction of LBP histogram dimensionality, the

simplification of the classifier structure and the effectiveness of histogram-based sliding

window. All of these aspects affects the overall speed of the detection process.

The spatially enhanced histogram from the Equation 2 effectively represents both global

and regional features of the object. An intuitive example of the LBP face feature histogram

calculation process is displayed in Figure 2, where the number of regions is equal to k2 =
6 · 6 = 36. The idea of LBP-based face detection is not novel [Rod06], [Cy08], [NG12],

however the original LBP operator with the number of sampling points P = 8 is utilized in

these publications. The length of the feature vector is equal to: N = k2 · 2P , so the length

of the original spatially enhanced histogram is equal to N = 256 · k2. In order to reduce

the dimensionality of the feature space the LBP operator with parameters (P = 4, R) is

selected. Two structures of LBP labels are evaluated: ”x”-shaped and ”+”-shaped, see

Figure 3 for details. The resulting dimensionality of the feature space is N = 16 · k2.

The number of parameters to be optimized for the development of the robust neural net-

work based face detector is large. The next aspects to be evaluated are the structure and
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Figure 2: The process of LBP face feature histogram forming with the regioning of LBP image 6×6

Figure 3: ”x”-shaped and ”+”-shaped LBP labels with variable radius R

the radius R of the LBP operator. The introduced methodology for the adjustment of R is

based on the following equation:

F (R) =
(m− 1)/m

∑m
i=1

∑m
j=1 d(H(R)fi , H(R)nfj )

∑m

i=1

∑m

j=1 d(H(R)fi , H(R)fj ) +
∑m

i=1

∑m

j=1 d(H(R)ni f,H(R)nfj )
(3)

The notation d(H(R)fi , H(R)nfj ) stands for the Euclidean distance between face his-

togram H(R)fi and non-face histogram H(R)nfj , where i = 1, . . . ,m, and j = 1, . . . ,m,

m - number of face / non-face examples. In this case face and non-face histograms are cal-

culated without regioning, according to the Equation 1. An intuitive idea of the Equation 3

is to select the R value, which maximizes the ratio F (R) between average inter class and

intra class Euclidean distances.

Once the parameters P and R of the LBP-operator are selected the evaluation of the re-

gioning factor k is needed. This stage is performed in conjunction with the selection of the

structure of the neural network, because these aspects are strictly related. Small value of k
and simple neural network structure results in high bias problem due to low dimensionality

of the feature space and insufficient complexity of the hypothesis of the classifier. The op-

posite assumption leads to the high variance of the classifier and increases the computation

time. The purpose is to find the compromise between the performance and the complexity

of the system.

The neural network with one hidden layer is selected. The dimensionality of the input

layer is (N + 1), including bias unit. The number of neurons in the hidden layer is equal

to sl and the dimensionality of the output is sL = 1 (binary classification). The sigmoid

activation function is selected for all neurons. Other details are discussed in Section 5.
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3.2 Histogram-based sliding window

An issue for the proposed face detection methodology is the development of the effective

histogram-based sliding window for the calculation of spatially enhanced histograms

at each scanning position. Similar approaches are discussed in [WT10], however our

methodology is optimized for the computation of spatially enhanced histograms, see Fig-

ure 2.

The first step of the proposed sliding window methodology is to calculate two banks of

histograms: Hy and Hx, see Figure 4 for details. Each row of Hy is the histogram of

the corresponding row in the LBP transformed region Ry . Similarly rows in Hx are the

histograms of corresponding columns of Rx region. The dimensionality of the matrices:

Hy ∈ R
m×2P , Hx ∈ R

n×2P , Ry ∈ R
m×a and Rx ∈ R

a×n, where m and n are re-

spectively the number of rows and columns in the LBP image, a - the size of square LBP

region, see Figure 2 for details.

Banks Hy and Hx are next utilized in the process of histogram calculation of the region

R (Figure 4, white square) for all possible positions of that region. The histogram at the

starting position, row number i = 1 and column number j = 1, is equal:

Hstart = H1,1 =
a∑

l=1

h
y
l ,

where h
y and h

x are respectively the rows of the Hy and Hx: Hy = {hy
1;h

y
2; . . . ;h

y
m}

and Hx = {hx
1 ;h

x
2 ; . . . ;h

x
n}.

The sliding window R is first shifted vertically. For the recalculation of the histogram

Hi+1,j of the region R at the position (i+ 1, j) the following operations are performed:

Hi+1,j = Hi,j − h
y
i + h

y
i+a,

at the same time the bank Hy is updated: h
y

i,(ILBP
i,j

+1)
← h

y

i,(ILBP
i,j

+1)
− 1 and

h
y

i,(ILBP
i,j+a

+1)
← h

y

i,(ILBP
i,j+a

+1)
+1, where the notation ILBP

i,j stands for the value of LBP im-

age at the position (i, j). The Hstart value is updated when horizontal shift is performed:

H1,j+1 = Hstart ← Hstart − h
x
j + h

x
j+a

The result of the proposed scanning methodology is a three dimensional array with his-

tograms Hi,j : H ∈ R
(m−a)×(n−a)×2P . These histograms are used to calculate the spa-

tially enhanced histogram at any position of the sliding widow. For the position of the slid-

ing window in the Figure 4 the spatially enhanced histogram is Hs
i,j = {HA, HB , HC , HD},

where the vectors HA, HB , HC , HD are corresponding entries of the H array. The his-

togram Hs
i,j is analyzed by the neural network in order to classify it as a face or non-face

pattern.
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Figure 4: The process of calculation of the spatially enhanced LBP histogram

4 Local Binary Pattern based face localization

The term face localization in literature is treated differently. In our context face localiza-

tion - determination of precise face position in the input image based on the coordinates of

the reference points of the face. The most popular localization technique is based on the

detection of eyes centers/pupils. The same principle is implemented in our approach, so

the face localization term is equal to the detection of eye pupils.

The knowledge of the precise position of the face in the image is a key knowledge for many

applications, such as face recognition, iris recognition, eye-tracking and others. The per-

formance of many face recognition algorithms depends on the precision of the localization

stage [NG12].

The proposed face localization methodology combines many aspects in order to develop

high performance face localization algorithms: the discriminative power of LBP, artificial

neural network (ANN) classifier, empirical information about possible eye positions in the

face, quantitative data about the color of eye pupils.

The first stage of the localization algorithm is very similar to the proposed face detection

approach. The LBP transformation of the face image with the size sface is scanned with

the sliding window of the size equal to the expected eye dimensions seye = 0.4·sface. The

spatially enhanced histogram is calculated at each position of the window. This histogram

is classified by the previously trained neural network as the eye or non-eye pattern. An

example of the proposed scanning methodology for eye detection is displayed in Figure 5,

where white spots in the ANN output image correspond to the maximum similarity of the

region to the eye class. Further processing of the result is still a challenging task, because

mouth region is often misclassified as eye region. The output matrix D of the ANN

network is divided into left and right halves: D = {DL, DR}. The maximum in each

matrix DL and DR is next detected. The coordinates of maximums refer to the most likely

positions of the eyes {xL, yL} and {xR, yR}:

{xL, yL} = find(DL = max(DL)), {xR, yR} = find(DR = max(DR)).
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Figure 5: An example of the result of the proposed scanning methodology for eye detection

Figure 6: An example of the result of the proposed scanning methodology for eye detection

To avoid possible localization mistakes two empirical verifications are performed next: the

slope of the interocular line must be less then predetermined threshold: αeye < αt; the

detected eye regions should not overlap. These principles are schematically displayed in

Figure 6.

The first stage is angle check (Figure 6): suppose, that the first pair of detected points

is (1, 3), then the condition α1,2 > αt is satisfied. The point with highest probability is

selected next from the detected set (1, 3), if this point is 1, then all values in region A
are set to zero. The optional maximum is determined in DR - point 2. If the condition

α1,2 < αt is satisfied, then the coordinates of the eyes correspond to points (1, 2).

The second stage called overlap check is performed if the angle check is passed without

mistakes (Figure 6): if the detected eye regions are very close to each other, points (3, 4),
then these points are considered as a mistake and all values in region A are set to zero.

The next pair of points is detected in regions DL and DR - (1, 2) and the coordinates of

the eyes correspond to this set.

4.1 Detection of eye pupils

Previously described face localization technique is quite insensitive to small detection off-

sets, a few more steps are needed to achieve the desired localization performance. These

steps are based on the detection of eye pupils in the segmented eye images and are schemat-

ically displayed in Figure 7. First, bright spots in the eye image are set to black, which
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Figure 7: The process of eye pupil detection in the eye image

is needed to reduce the effect of light - striking, Figure 7, image 2. The resulting image

is blurred with Gaussian low-pass filter. Next, the disc shaped region of interest (ROI) is

selected. The radius of the ROI RROI is selected according to the localization precision of

the proposed eye detector. The optimal value of the RROI will be evaluated in Section 5.

Coordinates of the minimum (Figure 7, image 4) define the position of the eye pupil center,

which is the final step of face localization procedure.

5 Simulation results

Evaluation of both face detection and face localization stages is performed on a color

FERET database [FER]. The modified images from the color FERET database are also

utilized in the process of the ANN training and optimization of the parameters of the

algorithms. Only frontal face images are selected from the database (fa and fb sets), which

results in the total of nf = 2722 face images.

5.1 Face detection stage

The first aspect to be resolved is the selection of optimal parameters of the LBP operator.

The known argument is P = 4. The unknown parameters are the radius R and the struc-

ture of the LBP label: ”x”-shaped or ”+”-shaped (Figure 3). For evaluation purposes face

and random non-face regions are extracted from all frontal images of the FERET database.

Next, LBP parameters are evaluated according to the criteria in the Equation 3. The result-

ing dependencies F (R) are displayed in Figure 8. An explicit maximum is observed for

the parameters: R = 4 with ”+”-shaped structure. These values are later used in all stages

of the algorithm (P = 4, R = 4, ”+”-shaped LBP label).

The next issue is the development of the face / non-face classifier, which is based on the

neural network. For this purpose the synthetic training data is generated from the color

FERET database. First, all frontal face images images (nf = 2722) are horizontally mir-

rored. This stage is needed for the clear separation of the training and test data, because all

results of the algorithms performance will be reported for non-modified FERET database
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Figure 9: An example of learning curves for N = 64 and sl = 5

in order to make the results accessible to the research community. Next, 15 variations of

the mirrored images are produced by rotating them by the angles α = {−10,−5, 0, 5, 10}
degrees and scaling them by the factor s = {0.8, 1, 1.2}. The initial set is now augmented

to a set of 40830 images. From these images face regions and random non-face regions are

extracted. The LBP transformation with previously determined parameters is applied to

the images in the resulting database of face and non-face images. The spatially enhanced

histograms are calculated for LBP patterns, Equation 2 and Figure 2. The dimensionality

of the feature space is N = 16 · k2, where k is the regioning factor. The resulting number

of face and non-face histograms is 81660 and they are split into 3 sets: Training, Cross

Validation (CV) and Test sets with proportions 60%, 20% and 20%.

The first sequence of experiments is performed with k = 2 (sliding window is divided into

4 regions), then the length of the feature vector is N = 64. The number of neurons in the

hidden layer sl of the ANN is varied from 1 to 500. The learning curves are utilized for

the optimization of the classifier. Learning curves show the dependencies of the value of

the ANN cost function for the train Jtrain and CV JCV sets from the number of training

examples mtrain utilized in the learning process. The gap between Jtrain and JCV curves

is stabilized for the values mtrain > 2000 and the value of Jtrain(mtrain > 2000) is

relatively high, Figure 9. This observation indicates the high bias problem in the classifier

and the augment of sl does not improve the performance significantly. One of possible

solutions to avoid high bias problem is to increase the dimensionality of the feature space,

or in the case of the proposed face detector the regioning factor k. For k = 3 the length of

the feature vector is N = 144. The learning curves for N = 144 and sl = 5 neurons in the

hidden layer are displayed in Figure 10. The value of Jtrain is decreased significantly and

the gap between Jtrain and JCV curves decreases when mtrain is increased. These clas-

sifier parameters ensures high classification precision and computational efficiency. The
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Figure 10: An example of learning curves for N = 144 and sl = 5

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
0

0.2

0.4

0.6

0.8

1

η
face

− relative displacement of face region center

D
e

te
c
ti
o

n
ra

te

Proposed face detection

LBP+NNC−based face detection

Figure 11: ECDF for relative displacement of face regions

following criteria are employed to measure the performance of the proposed face detection

methodology: ηface = δface/(2deye), where ηface is the relative displacement of face re-

gion center; δface stands for the value of an absolute displacement of detected face center

from the actual position; (2deye) - the size of the face is equal to the doubled value of the

interocular distance deye. The detection results are evaluated on a color FERET database

(fa and fb sets) and are presented in the form of empirical cumulative distribution func-

tion (ECDF) of the vector ηface, Figure 11. For comparison the results from [NG12] are

added in Figure 11, where the combination of LBP and nearest neighbor classifier (NNC)

is utilized for the task of face detection. The eyes may not be located in the detected face

region if the value ηface > 0.25. The probability of correct detection for ηface = 0.25 is

Pface = 99.1%.

5.2 Face localization stage

For the face localization stage the same parameters of the LBP operator are used in order to

provide a good compatibility with a face detection stage. Similar process of synthetic eye

/ non-eye data generation is employed, however in this case two eye regions are extracted

from each input image and non-eye patterns are extracted from the face regions only. The

resulting number of the histograms in the database is 163320 and they are split into 3 sets:

Training, Cross Validation (CV) and Test sets with proportions 60%, 20% and 20%. The

optimization of the ANN for the task of eye detection is similar to the process described in

the Subsection 5.1. The selected value of the regioning factor is k = 2 and the number of

neurons in the hidden layer is sl = 5. The following criteria are selected for performance

evaluation of the face localization / eye detection stage: ηeye = δeye/(deye), where ηeye
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and δeye are corresponding relative and absolute displacements of detected eye pupil center

from the actual position. Assume that the acceptable value of the error ηeye ≤ 0.1. First,

the value of RROI (Figure 7) is evaluated in order to achieve highest localization rate of

both eyes for ηeye ≤ 0.1: P̄eye(ηeye = 0.1) = (P left
eye +P right

eye )/2, where P left
eye and P right

eye

are the probability of correct detection of the left and right eyes with the error ηeye ≤ 0.1.

The dependency P̄eye(R
relative
ROI ) is displayed in Figure 13, where Rrelative

ROI = RROI/seye
is the value of the radius of the ROI relative to the size of the eye seye.

An explicit maximum is observed in Figure 13 for the Rrelative
ROI = 0.25, which is the

best choice in further evaluations. The localization statistics are displayed in the form of

ECDF of the vector ηeye for both eyes, Figure 12. The parameters of the face localization

algorithm are k = 2, sl = 5, P = 4, R = 4, ”+”-shaped LBP label, Rrelative
ROI = 0.25.

The probabilities of correct localization of the left and right eyes for ηeye = 0.1 in Fig-

ure 12 are P left
eye = 94.8% and P right

eye = 96.6%. For proper operation of the face lo-

calization algorithm the detection rate for both eyes should not exceed the fixed value of

relative eye displacement. The comparison of correct face localization rates PL (condi-

tion: ηlefteye ≤ 0.1 and ηrighteye ≤ 0.1) with methods from [NG12], [VSP11] is given in the

table:

Method: Haar ASEF NNC+LBP PSEF OUR

PL, Both eyes 44.7 66.1 74.3 83.0 92.8
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6 Conclusion

This paper proposes an extension of the LBP operator scope to the tasks of the face de-

tection and localization. The key contributions of the research are the development of the

robust class features in order to reduce the dimensionality of the feature space and the

design of the effective ANN-based classifiers. Additionally an aspect of the optimized

histogram-based sliding window is also covered in the paper. We have presented that the

proposed face localization technique outperforms other popular localization methods. All

stages of the algorithm are tested on the color FERET database.
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