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Abstract

Center-symmetric local binary pattern (CS-LBP) is a

novel texture feature which utilizes texture to describe the

local regions. It combines the good property of local binary

pattern (LBP) and SIFT. It has been extended to a region

descriptor and achieved promising performance in many

applications. However, it is sensitive to noise and less ef-

ficient due to its high dimensional descriptor vector. Due

to these, we propose a novel descriptor based on CS-LBP

operator denoted as PCA-CS-LBP. Our proposed descrip-

tor achieves better noise robustness using the difference of

pixels instead of the rough comparing of pixels. Besides,

PCA is employed and applied to generate a more compact

representation. Comparisons between our descriptor and

standard CS-LBP descriptor are given on a standard image

matching dataset. Experimental results show that our de-

scriptor is outperforms the standard CS-LBP descriptor in

most cases.

1 Introduction

More recently, the local binary pattern (LBP) has re-

ceived considerable attentions in texture analysis ,face

recognition ,gender classification and image retrieval for its

efficiency, simple theory and computation [1, 2, 3, 4, 5, 6,

7, 8, 9]. The basic version of LBP operator only considers

the eight neighbors of a pixel[10], and later, it has been ex-

tended and yield many modifier versions[11].

In order to use LBP for region descriptor, Heikkilä

introduced CS-LBP operator in[12].The proposed CS-

LBP descriptor combines the good property of SIFT

and LBP which makes it effective for region descriptor.

In[12],Heikkailä made a comparison between SIFT and

the CS-LBP descriptor on image matching and his exper-

imental result shows the performance of CS-LBP is almost

equally promising as the popular SIFT descriptor while CS-

LBP is on average 2 to 3 times faster. Due to its effec-

tive and efficiency, CS-LBP has been widely used in many

applications[13, 14, 15, 16, 17, 18, 19]. In[13],the CS-

LBP descriptor was applied in image retrieval task. Zheng

in[17] extracted CS-LBP descriptor on blocks of a detec-

tion window for pedestrian detection application. Later,

they extended the standard CS-LBP into pyramid CS-LBP

for pedestrian detection. The CS-LBP descriptor is also ap-

plied to video related applications. In[16],Xue.G employed

CS-LBP descriptor and applied it on dynamic background

substraction application. Douze.M in[19] employed the CS-

LBP descriptor on the video copy detection task and he used

the CS-LBP descriptor to filter the false returned videos.

However, there are some shortcomings of CS-LBP descrip-

tor. The discriminative ability of CS-LBP descriptor is lim-

ited because CS-LBP only compares the pair pixel values

which ignores the exact difference of the pair pixels. Two

patches may have similar or even same CS-LBP descriptor

even though they may differ a lot in vision. Besides, the

CS-LBP descriptor is sensitive to noise especially noise on

flat images. In order to deal with this problems of CS-LBP,

we proposed a novel descriptor, denoted as PCA-CS-LBP,

based on CS-LBP. Our proposed descriptor is more discrim-

inative and robust to noise than the standard CS-LBP de-

scriptor. In addition, it is more compact than the standard

CS-LBP.

The rest of the paper is organized as follows. In section

2 we will give a brief review of LBP operator, CS-LBP op-

erator and the standard CS-LBP region descriptor proposed

in[15]. In the next section, we will give a detail descrip-

tion of our descriptor and its construction. Section 4 will

provides details of our experimental methodology.

2 Preliminary

2.1 The LBP operator

Local binary pattern (LBP) is a texture descriptor which

codifies local primitives (such as curved edges, spots, flat

areas, etc) into a feature histogram. LBP and its extensions

outperform existing texture descriptors both with respect to

performance and to computation efficiency.

The basic version of LBP feature of a pixel is assigned

by thresholding the 3×3-neighborhood of each pixel with
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the center pixel’s value. Let gc be the center pixel graylevel

and gi (i = 0, 1, ..., 7) be the graylevel of each surrounding

pixel. If gi is smaller than gc, the binary result of the pixel

is set 0, otherwise to 1. All the results are combined to an

8-bit binary value. The decimal value of the binary is the

LBP feature. See Figure.1 for an illustration of computing

the basic LBP feature.

In order to be able to deal with textures at different

Figure 1. the basic LBP operator.

Figure 2. The LBP feature of a pixel’s circular neigh-

borhoods with R=1,P=8.

scales, the original LBP has been extended to arbitrary cir-

cular neighborhoods[11]by defining the neighborhoods as a

set of sampling points evenly spaced on a circle centered

at a pixel to be labeled. It allows any radius and number

of sampling points. If a sample point does not fall at in-

teger coordinates, the pixel value is bilinearly interpolated.

Let (P,R) denote the circular neighborhood, where P is the

number of sampling points on the circle and R is the radius

of the circle. The LBP feature LBP(P,R) can be computed

as Eq(1):

LBP(P,R) =

P−1∑
i=0

S(gc − gi)2
i,S(x)=

{
1, if x > 0

0, otherwise
(1)

Here gc is the center pixel’s graylevel and gi(i =
0, 1, ..., P − 1) is the graylevel of each sampling pixel on

the circle. See Figure.2 for an illustration of computing the

LBP feature of a pixel’s circular neighborhoods with R=1

and P=8.

Further extensions to the original LBP are called uni-

Figure 3. The CS-LBP features for a neighborhood

of 8 pixels.

form patterns[11]. A LBP pattern is called uniform if the

binary pattern contains at most bitwise transitions from 0

to 1 or vice versa when the bit pattern is considered circu-

lar. For example, the bit pattern 11000011, 11110000 and

00111100 arise from different rotations of the same local

pattern and they all correspond to the normalized sequence

00001111. Uniform pattern reduces the LBP pattern num-

ber from 256 to 58 and is successfully applied to face de-

tection in[11].

2.2 The center-symmetric LBP operator

The center-symmetric LBP(CS-LBP) is another mod-

ified version of LBP[12]. It is proposed to solve the

problem LBP which has a long histogram. As shown in

Figure.3, instead of comparing each neighbor pixel with

the center pixel, the center-symmetric pairs of pixels will

be compared. The CS-LBP feature computation can be

described as Eq(2):

CS − LBP(P,R,T ) =
P/2−1∑

i=1

S(gi − g(i+P/2))2
i

S(x) =

{
1, if x > T

0, otherwise

(2)

Where gi and g(i+P/2) correspond to the graylevel of

center-symmetric pairs of pixels of N equally spaced pixels
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on a circle of radius R. It should be noticed that CS-LBP is

closely related to gradient operator, because like some gra-

dient operators it considers graylevel differences between

pairs of opposite pixels in a neighborhood. In this way, the

CS-LBP feature takes advantages of both the properties of

the LBP and the gradient based feature.

2.3 The CS-LBP descriptor

Heillikä in[15] used CS-LBP feature to describe the re-

gion around an interest point and their experiments show

that the performance is almost equally promising as the pop-

ular SIFT descriptor and it has been shown that the CS-LBP

descriptor is on average 2 to 3 times faster than SIFT which

is because the CS-LBP feature needs only simple arithmetic

operations while the SIFT requires time consuming inverse

tangent computation when computing the gradient orienta-

tion.

The CS-LBP descriptor is a 3D histogram of CS-LBP

locations and values. Location is quantized into a 4×4 lo-

cation grid and CS-LBP operator is applied on each cell of

the grid, resulting in a 256-dimensional descriptor. In[15],

the CS-LBP descriptor accepts a region detected by region

detectors.First, the input region is divided into 4×4 cells

with local grid. Then for each cell a CS-LBP histogram is

built, resulting in a 3D histogram of CS-LBP locations and

values. In order to avoid boundary effects in which the de-

scriptor abruptly changes as a feature shifts from one cell

to another, bilinear interpolation over x and y dimensions

is used to share the weight of the feature between 4 near-

est cells. The share for a cell is determined by the bilinear

interpolation weights. Last,the final descriptor is obtained

by concatenating the CS-LBP histograms computed for the

cells. To reduce the effects of large descriptor elements the

descriptor is first normalized to unit length. Then the influ-

ence of large descriptor elements is reduced by thresholding

the descriptor entries that each one is no larger than 0.2 and

renormalizing to unit length.

3 The PCA-CS-LBP descriptor

In the previous section, we briefly describe the CS-LBP

operator and CS-LBP region descriptor. The CS-LBP de-

scriptor only compares the center-symmetric pairs of pixels

while ignores the exact difference of the pairs of pixels. As

a result, two pixels may have same CS-LBP value while the

two neighbor regions around two pixels differ a lot in vi-

sual content. Besides, the CS-LBP value of a pixel can be

easily affected by noise. In order to deal with these prob-

lems, we modifier the standard CS-LBP operator and use

the difference value of the center-symmetric pairs of pix-

els to describe a pixel. The modified CS-LBP denoted as

D-CS-LBP can be described as Eq(3):

D − CS − LBP(P,R) =
[
S0, S1, ..., SP

2
−1

]

Si = gi − gi+ P

2

(i = 0, 1, ..., P
2 − 1)

(3)

Here the meaning of P and R is same with CS-LBP. As we

can see from Eq(3), the D-CS-LBP of a pixel is a vector

containing the difference of the center-symmetric pairs of

pixels and the length of D-CS-LBP is N/2. For P=8 and

R=1, the length of D-CS-LBP vector will be 8/2=4. Then

the D-CS-LBP descriptor of a patch can be obtained by con-

catenating the D-CS-LBP vector of each pixel for the patch.

The D-CS-LBP descriptor reduces the effect of noise while

maintains the good property of CS-LBP that CS-LBP is ro-

bust to monotonic intensity change. But this D-CS-LBP de-

scriptor is too long and low compact and is not convenient

to use in practical applications. So we apply Principal Com-

ponent Analysis to obtain a compact descriptor denoted as

PCA-CS-LBP.

Principal Component Analysis[20] is a standard tech-

nique for dimensionality reduction and has been applied to

a broad class of computer vision problems, including object

recognition[21] and face recognition[22]. Though, PCA

suffers from a number of shortcomings[23], such as its im-

plicit assumption of Gaussian distributions and its restric-

tion to orthogonal linear combinations, it remains popular

due to its simplicity. The idea of applying PCA to image is

not novel. Ke.Y in[24]applied PCA to the SIFT descriptor

and proposed PCA-SIFT descriptor. In this paper, we apply

PCA in a similar way with Ke.Y[24].

Our proposed descriptor accepts the same input as the

standard CS-LBP descriptor: regions that extracted by re-

gion detector. Our PCA-CS-LBP algorithm can be summa-

rized as the following steps:(1) pre-computed an eigenspace

to express the D-CS-LBP of local patches; (2) given a patch,

compute its local image D-CS-LBP values; (3) project the

CS-LBP image vector using the eigenspace to derive a com-

pact feature vector. This feature vector is significantly

smaller than the standard CS-LBP feature vector, and can

be used with the same matching algorithms.

3.1 Offline computation of patch eigenspace

PCA enables us to linearly project high-dimensional

samples onto a low-dimensional feature space. For our

application (encoded by the patch eigenspace) can be pre-

computed once and stored.

As discussed above, the input vector is obtained by com-

puting D-CS-LBP descriptor for a input patch. We then nor-

malize this vector to unit magnitude to minimize the impact

of variations in illumination.

In this paper, we use Hessian-Affine region detector for
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detecting interest points. The detected regions are first

affine normalized to a size 41×41 before computing the de-

scriptors. This size is as per the standards of the detector

literature.

To build our eigenspace, we adopt a similar approach

that stated in PCA-SIFT[24]. We run Hessian-Affine

detector[25][26]algorithm on a diverse collection of images

and collected 10,000 patches. Each patch is processed as

described above to create a 4×39×39=6084 element vec-

tor, and PCA is applied to the covariance matrix for PCA-

CS-LBP. The images used in building the eigenspace are

discarded and not used in any of the matching experiments.

3.2 Feature representation

To find the feature vector for a given image patch, we

simply create its 6084-element normalized D-CS-LBP de-

scriptor vector and project it into our feature space using the

stored eigenspace. We empirically determined good values

for the dimensionality of the feature space, n, in this pa-

per, we use n=36 which is similar to PCA-SIFT[24]. The

standard CS-LBP descriptor representation employs 256-

element vectors; using PCA-CS-LBP results in significantly

space benefits.

4 Evaluation

The proposed descriptors are evaluated on the stan-

dard dataset using the standard matching protocol provided

by[27]. The underlying performance measure for this proto-

col is the recall versus false positive ratio. The performance

of the designed method was compared with native CS-LBP

descriptor. The CS-LBP and used is our own implementa-

tion of the algorithm based on the LBP programs provided

by[28]. The CS-LBP implementing is with the following

parameters Radius=2, Number of nearest neighbors=8,and

Threshold=0.01. These parameters were also reported to

be performing well in[12]. Our implementation of PCA-

CS-LBP is based on the CS-LBP operator with following

parameters Radius=1, Number of nearest neighbors=8. The

Threshold used in CS-LBP descriptor is not needed in PCA-

CS-LBP algorithm. The region detector employed for both

the CS-LBP descriptor and our proposed PCA-CS-LBP is

Hessian-Affine detector provided in[23].

The standard dataset contains different image sets with

different geometric and photometric transformations. It

covers six different types of changes for having both pairs

of structured and textured scenes. The transformations pro-

vided are: viewpoint change, scale change, image rotation,

image blur, illumination change and JPEG compression.

For each category there are a set of six images with estab-

lished ground truth homographes. For a given detector and

descriptor pair, the performance of the descriptor is mea-

sured using the following steps:

1. Accurate number of correspondence is measured by

projecting the regions detected on one image on to other and

if the overlap error is below a threshold, then the patches are

said to corresponding. The overlap threshold is set to 0.5 in

this paper.

2. The ground truth number of correspondences also de-

pends on the matching strategy used. Here, we test the de-

scriptor using Nearest Neighbor method. In Nearest Neigh-

bor method, two points are said to be corresponding if the

distance between their descriptors is the minimum and is

below a threshold. This implies there is one to one match-

ing.

3. Finally, for performance evaluation, the threshold

parameter is varied to obtain a plot of recall versus (1-

precision).

recall =
No.of correct matches

No.of correspondences
(4)

1-precision =
No.of false matches

Total.no of matches
(5)

(a) Graf (b) Wall (c) Boat (d) Bark

(e) Bikes (f) Trees (g) Leuven (h) Ubc

Figure 4. Image pairs used for evaluation
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(a) Graf (b) Wall

(c) Boat (d) Bark

(e) Bikes (f) Trees

(g) Leuven (h) Ubc

Figure 5. Performance of PCACSLBP and CS-LBP

descriptors on Hessian Affine Regions. The green line

is for PCA-CS-LBP while blue one for CS-LBP.

We have evaluated the descriptors based on nearest

neighbor based matching. The performance results for

matching images pairs shown in Figure.4 are shown in the

Figure.5.

From Figure.5, we can see that our descriptor outper-

forms the standard CS-LBP descriptor at most cases. The

only case that the CS-LBP descriptor is better than our de-

scriptor is the pair of Leuven images. The Leuven images

suffer the light changes. Under the light change conditions,

it results in a shift of the gray value of a pixel. The new

pixel value may beyond gray level and it will be set as 0

or 255(for gray level of 256). In this situation, the differ-

ence of two pixels after light changing transform is different

from the original. Well, as for the CS-LBP descriptor, the

magnitude relation of two pixels can remain the same even

when the new value of a pixel is beyond gray level. For

the CS-LBP descriptor, the magnitude relation of two pix-

els may change when the new value of this two pixels are

both beyond gray level after light changing transform. But

for slight light change, our descriptor still performs well.

Actually, situations of images suffering great light changes

are not common. So our descriptor can achieve good per-

formance at most situations.

5 Conclusion

In this paper, we propose a novel descriptor based

on CS-LBP operator. Our descriptor achieves better

performance than the standard CS-LBP at most cases.

Experimental results also show the improvement of our

descriptor. In the future, we will apply our descriptor to

actual applications. The work to advanced our descriptor is

also under our consideration.
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[11] T. Ojala, M. Pietikäinen, and T. Maenpaa. Multiresolution

gray-scale and rotation invariant texture classification with

local binary patterns. IEEE Transactions on Pattern Analysis

and Machine Interlligence, 24(7):971–987, 2002.
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