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This paper addresses the challenging problem of the recognition and classiﬁcation of textured surfaces
given a single instance acquired under unknown pose, scale and illumination conditions. We propose a
novel texture descriptor, the Adaptive Median Binary Pattern (AMBP) based on an adaptive analysis
window of local patterns. The principal idea of the AMBP is to convert a small local image patch to a
binary pattern using adaptive threshold selection that switches between the central pixel value as used
in the Local Binary Pattern (LBP) and the median as in Median Binary Pattern (MBP), but within a
variable sized analysis window depending on the local microstructure of the texture. The variability of
the local adaptive window is included as joint information to increase the discriminative properties. A
new multiscale scheme is also proposed in this paper to handle the texture resolution problem. AMBP is
evaluated in relation to other recent binary pattern techniques and many other texture analysis methods
on three large texture corpora with and without noise added, CUReT, Outex_TC00012 and KTH_TIPS2.
Generally, the proposed method performs better than the best state-of-the-art techniques in the
noiseless case and signiﬁcantly outperforms all of them in the presence of impulse noise.
& 2015 Elsevier Ltd. All rights reserved.
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1. Introduction
Texture is universally present in natural objects and manufactured
materials. In computer vision and pattern recognition, it provides an
important cue as it conveys physical information about the characteristics of objects and surfaces. Although many types of texture features
have been proposed [1,2], there is still no unique mathematical
deﬁnition of texture that is consistent with the perceptual properties
of the human visual system. One recent class of powerful texture
measures that are widely applied is known as Local Binary Patterns
(LBPs) [3]. In this paper we focus on this class of binary pattern or
texton-based texture descriptors and their variations to investigate
performance across a wide variety of scene contents. The current
methods based on LBP tend to focus more on additional features to
increase the discriminative properties, employing supplementary
descriptors besides the LBP such as Gabor ﬁlters and gradient orientations [4–6]. However, few studies focus on the local pattern properties
and the noise effect. We have proposed a scheme based on LBP that
explores the order of the local pixel values using the median approach,
called Median Binary Pattern (MBP) [7]. The MBP preserves the overall
characteristics of LBP and increases robustness especially against
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impulse noise processes. The MBP was independently shown to be
one of the best performing non-parametric texture description operators [8]. We observed that the MBP can produce more diverse binary
patterns if it adapts to local context in the image. In this paper we
propose the Adaptive Median Binary Pattern (AMBP) operator that uses
local adaptive analysis in the process of extracting binary patterns or
textons. The AMBP uses the principle put forward for adaptive median
ﬁltering [9] to preserve image detail even in the presence of high levels
of noise by varying the size of the local median window. In a similar
manner, AMBP adaptively changes the analysis window size in a
spatially varying manner, to obtain a better threshold depending on
the local context. AMBP produces either the central pixel or the median
value as threshold. The ﬁrst case yields LBP whereas the second one
yields MBP. In fact, the AMBP histogram can combine both LBP and
MBP depending on the local structures and noise. The interest of such a
process is to capture signiﬁcant patterns by adapting the analysis
window to the local context. Moreover, we propose a new scheme to
incorporate the joint information with AMBP using the adaptive
window variations and global thresholding. Our contribution can be
summarized as follows:

 Adaptive selection of the type of pattern.
 Joint information with the adaptive neighborhood variation.
 Efﬁcient multiresolution descriptor that combines the circular
and pyramidal schemes.
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The paper is organized as follows: the next section presents the
related literature. Section 3 gives a brief recap of LBP and MBP,
then describes the AMBP and the scheme employed for rotation
invariants. Section 4 details the proposed joint AMBP method.
Section 5 presents the multiscale technique. The experimental
results are given in Section 6, and the conclusions in Section 7.

2. Related work
Before presenting our method, we brieﬂy discuss a number of
texture models designed to achieve texture classiﬁcation under
various geometric transformations. Early approaches tried to solve
the invariant features using statistical, structural or spectral
texture measures [10–15]. These models are good for simple
classiﬁcation tasks, but they are unable to solve the general
problems of natural material representation and recognition under
varying lighting and viewing conditions. The subsequent generation of texture classiﬁcation methods over the last decade resulted
in signiﬁcant improvements in texture analysis. These methods are
essentially based on extracting local primitives or textons and
measuring their distribution using histograms [3,16–20]. Among
the most successful techniques, we can distinguish two main ones,
both based on the local analysis of the texture elements: the Bag of
Words (BoW) and Local Binary Pattern (LBP).
The BoW employs a learning phase to build the descriptor. First
local responses to a bank of ﬁlters or neighborhood properties are
used to generate a feature vector in each location of the training
images. Then vectors are clustered to build a texton dictionary
model. This model is then used to build the descriptor for each
image. Various schemes have been developed with BoW, Leung
and Malik [17] used local geometric and photometric properties to
encode the local structures called 3D textons, obtained with a
bank of ﬁlters and k-means algorithm to build a texton vocabulary.
Cula and Dana [18] modeled the texture as a function of viewing
and illumination directions represented by a histogram that
encodes the statistical distribution of local structures. Varma and
Zisserman [19] developed a statistical model using a bank of
rotationally invariant ﬁlters (MR8) to create a texton library
encoded with histograms; in recent work the same authors [21]
argued that the bank of ﬁlters is not necessary to generate textons
and that it can be replaced by image patches of the local
neighborhood. In a similar manner, Liu and Fieguth [22] used
compressed sensing and the random projection of local patches to
increase the descriptor's ability to separate classes. These studies
are based on dense representation (i.e. computing features in each
pixel). Another approach is to use sparse representation, such as
the one developed by Lazebnik et al. [20], using afﬁne invariant
descriptors extracted from afﬁne Harris and Laplacian regions in
the image. The results of these methods are very satisfactory for
the tested databases, but the performance drops for different
applications; moreover, they are computationally expensive.
On the other hand, most Local Binary Pattern based approaches do
not use learning to build the texture descriptor, which makes them
attractive in terms of computational complexity and efﬁciency.
Despite the great success of the original LBP in many applications, it
also has several limitations, like BoW methods. Numerous methods
that fall into the LBP category have been adapted to new situations in
different applications. Zhang et al. [23] combined Gabor ﬁlters and
LBP to achieve a better performance for face recognition. Heikkilä and
Pietikäinen [24] used adaptive Local Binary Pattern histograms to
model a video scene background and demonstrated better performances compared to the state-of-the-art. Zhao and Pietikäinen [25]
extended LBP to temporal aspects, showing interesting properties for
dynamic textures. Liao et al. [4] extracted the most frequent patterns
in LBP histograms to detect the dominant patterns that form the new

descriptor, and also used Gabor ﬁlter as a second feature to enforce
the classiﬁcation task. Chen et al. [6] also improved performance by
using histograms of relative differences and of orientations using the
concept of the Weber Law. The two histograms are concatenated to
form the texture descriptor. Qian et al. [26] combined the pyramidal
and LBP multiscale schemes to increase the classiﬁcation accuracy.
While these LBP variants have improved the performances, they are
not sufﬁcient for emerging applications. Recent work attempts to use
a learning phase to build a descriptor based on the LBP approach; Guo
et al. [27] proposed to incorporate the learning phase with LBP using
dominant patterns, and achieved better results with this technique.
However, the learning phase increases the time complexity of the
descriptor which is one of the drawbacks of BoW techniques. Another
type of LBP based method uses joint information, aiming to increase
the discriminative properties of the LBP. For instance, Guo et al. [5]
extended the LBP scheme by adding the signs and magnitudes of
differences between local pixels, which were all encoded with a joint
histogram, and achieved good performances. It is clear that including
joint information is an important strategy to increase the classiﬁcation
rate, as demonstrated by Crosier and Grifﬁn [28], where the joint
information with simple features have improved drastically the
performance for texture classiﬁcation.
Despite the great success of the various approaches proposed
particularly the LBPs in the standard databases, there are several
limitations with these kinds of methods. Textures present complex
local structures in which the local patterns are not necessarily regular
in terms of size, orientation, etc. Generally the operators employ a
ﬁxed neighborhood size over the image to extract local structure. This
approach may fail to handle the variability of all the texture elements.
In this work we use the adaptive analysis of local pattern with joint
information as a new approach for the texture classiﬁcation problem,
aiming for a better representation of the local structure.

3. Texture analysis using binary patterns
3.1. Local Binary Pattern
The Local Binary Pattern (LBP) [29,3] is a widely used texture
descriptor that has an excellent performance with highly discriminative classiﬁcation behavior for a variety of applications. The computation of the LBP descriptor consists of two major steps: ﬁrst, extracting
binary patterns (i.e. textons or texels) of spatially local elementary
microstructures in the texture image; and, second, analyzing the
histogram distribution of these textons. The ﬁrst step uses the central
pixel of a small patch as the threshold value to capture the sign of the
differences with neighboring pixels and is illustrated in Fig. 1. More
formally the LBP at pixel (i,j) is deﬁned as [3]

X
1 if y Z 0
LBP P;R ði; jÞ ¼
2k Hðxk xc Þ; HðyÞ ¼
ð1Þ
0 otherwise
k A N ði;jÞ
P

where xc is the pixel value at the coordinates (i,j) and N P ði; jÞ is the set
of the neighborhood at the position (i,j). xk is the pixel gray value at

xk
R
xc

Fig. 1. The LBP circular neighborhood scheme.
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position index k which is a simpler lexicographical ordering of the
pixel locations in the circular neighborhood. Its coordinates are
estimated by ðR sin ð2π k=j N P j Þ; R cos ð2π k=j N P j ÞÞ, where j N P j is
the cardinality of N P (i.e. the number of neighbors). HðÞ is the
Heaviside (discrete) unit step function also referred to as a binary
thresholding function. The gray values of the neighbors, that are not
in the center of the square grid, are computed by interpolation. The
resulting pattern is captured as a j N P j bit binary number representing 2 j N P j distinct binary patterns. The histogram of these binary
patterns in the transformed domain is computed for the transformed
image and treated as a texture-descriptor.
3.2. Median Binary Pattern
The Median Binary Pattern (MBP) introduced by us in [30,7] is
similar to the LBP but uses the median within the image patch as
the local threshold instead of using the central pixel to provide
more sensitivity to microstructure and greater noise robustness. In
general form MBP can be deﬁned as
X
MBPP;R ði; jÞ ¼
2k Hðxk  τ ði; jÞÞ
ð2Þ
k A N P ði;jÞ
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binary pattern image patch; the median can be anywhere within the
analysis window.
The adaptive median ﬁlter incorporates signal adaptation and
adaptive window sizes or neighborhoods for ﬁltering positive and
negative impulse noise while preserving local image details. Stage A
checks if the median value in the neighborhood is an impulse: in
this case, the window size is increased until it reaches the max
window size or until the median value is not an impulse. In Stage B,
it checks if the center pixel itself is an impulse or not. If neither the
median nor the center pixel are impulses then it keeps the center
pixel. However, this assumption might be not valid to detect local
variation in non-noisy data where the extrema are not signiﬁcant.
In order to tackle this issue we use a sort of robust statistics by
introducing a range of values instead of extrema. Let Sði; jÞ be the
square analysis window for given coordinates (i,j) and xc is the pixel
value at this location:

Ψ¼

1 X
j xc  xm j ;
j Sj m A Sði;jÞ

mac

ð4Þ

The testing condition of the median value becomes
Z min þ αΨ oZ med oZ max  αΨ

where τði; jÞ is the median within the image patch that is

τði; jÞ ¼ medianðN P ði; jÞÞ

ð3Þ

means that there will be at least (j N P j ) bits in the resulting binary
pattern and only 2 j N P j  1 possible binary patterns can occur. Since
the thresholding is not necessarily against the central value (xc),
this value can be either considered or ignored in the binary
pattern. In that case, the number of bits is (j N P j þ 1) if the central
pixel is included to the pattern or (j N P j ) if it is not. Fig. 2 depicts
an example of the LBP and MBP pattern generation in a 3  3
simple scheme. It can be observed that the patterns are different
from each other, which yields different descriptors.

ð5Þ

where α is a control parameter that determines the range value for
the median, if α ¼ 0 it turns out to the standard adaptive median
ﬁltering. For α a 0, the median range is not necessarily between the
extrema values; it is related also to the magnitude of the differences
between the center pixel and its neighbors. Ψ is adaptive, as well,
since it depends on the local context. Using this concept, the AMPB
method is presented in Algorithm 1. There are two stages: the
ﬁrst one determines the optimal window size and the second one
produces the local threshold value.

Analysis window
3.3. Adaptive Median Binary Pattern
The median value associated with the center pixel depends on the
set of pixels within the local (ﬁxed size) ﬁltering window. However, a
small region may miss important information and a large one may
yield a biased median value due to the large number of pixels
involved. It is not easy to determine an optimal ﬁxed size due to the
change in the local context, in images, from one location to another.
A constant size of analysis window cannot handle all the variations in
the image. An adaptive window presents a good alternative since it
can vary its analysis region depending on some criteria at each
(central) pixel location. The Adaptive Median Binary Pattern (AMBP)
considers larger analysis windows around the central pixel to
compute the local median so as to more ﬂexibly select the threshold
gray value for converting from intensity space to binary patterns.
In this case the resulting j N P j bit binary pattern can take on the full
range of 2 j N P j values since the median gray value may occur outside
the pattern neighborhood. Fig. 3 shows an example of the 3  3
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0
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b3 b2 b1
b4 b8 b0
b5 b6 b7

Binary pattern region
Fig. 3. Adaptive Median Binary Pattern terminology is illustrated showing the
central pixel (b8), its associated image patch for creating binary patterns or textons
(which is always 3  3), and the adaptive analysis window around the central pixel
for which statistics such as the median can be computed. The analysis window
adapts to the local texture microstructure as described in Algorithm 1. The AMBP
median can come from anywhere within the larger analysis window which
includes the image patch but the median for the MBP operator always comes from
the image patch.
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Fig. 2. (a) LBP operator applied to a single (central) pixel using its associated image patch (i.e. 3  3 neighborhood). (b) The MBP operator, (n) the central pixel is optional; if
used, the pattern is encoded with 9-bit, otherwise it is encoded with 8-bit.
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Algorithm 1. Adaptive Median Binary Pattern.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

Input: Gray scale Image I ; Maximum analysis window

Wmax; α; P and R; patterns layout.
Output: Adaptive Median Binary Pattern image J
for all i; j do
w’1
repeat
S’I ½i w : i þw; j  w : jþ w
Z med ’medianðSÞ
Z min ’minðSÞ
Z max ’maxðSÞ
if Z min þ αΨ o Z med o Z max  αΨ then
break
w’w þ 1
until w r ⌊W max =2c
if Z min  αΨ o I ½i; j oZ max  αΨ then
τ ¼ I ½i; j
else
τ ¼ Z med
end if

J ½i; j’ j N P j bit binary pattern using
20: end for

pixel is used as the threshold which is equivalent to LBP thresholding.
As a matter of fact, the AMBP combines LBP and MBP, taking
advantage of each one depending on the local context. For instance,
if the central pixel is impulse noise the MBP is used, if it is not, the LBP
is more likely to be used. To study the statistics of the Median vs.
Central pixel thresholding, we computed the occurrence of the
chosen threshold in the whole CUReT [31] database. Fig. 5 presents
the mean percentage of the LBP and MBP over 5612 images. It can be
clearly seen that the AMBP is a mixed binary pattern of LBP and MBP
using the adaptive local context analysis. Note that the AMBP pattern
scheme is realized with the same LBP or MBP scheme (circular
neighborhood), whereas the analysis adaptive window has a square
neighborhood. The AMBP descriptor consists in hashing the binary
string at each pixel location into the corresponding decimal number,
then the occurrence histogram of those numbers is computed over
the entire image.

60

τ and Eq. (2)

Examples of the AMBP, MBP and LBP are illustrated in Fig. 4. The
image (b) shows a 3  3 region around the central pixel. The regular
LBP or MBP employs this neighborhood size, yielding the patterns
shown in Fig. 4(c) and (d). In that case LBP does not match the visual
pattern and provides ﬂat output considered as a spot in LBP space.
The MBP output produces a more consistent pattern but some parts
are still missing. On the other hand, the AMBP increases the analysis
region (Fig. 4(a)) to obtain better threshold since the central pixel has
maximum value. AMBP method uses two types of threshold values:
the median value provided that the central pixel does not lie in the
range of values (i.e ½Z min þ αΨ ; Z max  αΨ ), otherwise the central

50

Occurrence [%]

2612

40
30
20
10
0

LBP

MBP

Local thresholding method
Fig. 5. AMBP is a mixed MBP/LBP based descriptor (Algorithm 1). The ﬁgure
presents the statistics of (MBP) or center pixel (LBP) threshold occurrence over the
CUReT database. The percentage indicates how many times median or central pixel
values have been used.

Fig. 4. An example showing how the local threshold value is selected for simple LBP, MBP and AMBP: (a) local 5  5 image region with the 3  3 image patch outlined in red;
(b) texture descriptor or texton mapping for the central pixel in (a) uses the 3  3 image patch gray values around the central pixel; (c) LBP of the 3  3 image patch in
(b) using the central pixel as the threshold value, with τ ¼181; (d) MBP of the image patch in (b) but using the patch median giving τ ¼69; (e) AMBP for image patch in (b),
when the median from the larger 5  5 analysis window is selected giving τ ¼60. (n) For MBP and AMBP, the central pixel is optional and was not used in experiments. (For
interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)
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3.4. Equivalence pattern classes under rotation
We demonstrated that the MBP can be a rotationally invariant
descriptor [7]. We extend the MBP-histogram to obtain rotational
invariance by following the approach of Ojala et al. [3]. As the AMBP
has the same LBP or MBP pattern properties, the rotationally
invariant patterns can apply with the same concept to either the
MBP or AMBP. When the image is rotated, the set of neighbors is
geometrically altered, so the binary string pattern is modiﬁed and
its value changes since the speciﬁc order of “1”s and “0”s is
different. When an image is subject to a rigid rotation each local
neighborhood undergoes nearly the same amount of rotation. The
central pixel remains ﬁxed in a relative sense, while the neighbors
are circularly rotated. For example, the string ABCDEFGHI transforms to ACDEFGHIB, and A is the center of rotation that is
ROT :

ð“ABCDEFGHI”Þ≔“ACDEFGHIB”;

LriP;R :

“ABCDEFGHI”  “ACDEFGHIB”

where LriP;R is a circular shift function applied to the circular
neighborhood with radius R and j N P j samples, and the L operator
is some labeling mechanism. The members of equivalent classes can
be obtained by
"
LriP;R ði; jÞ ¼ min

ROT

0rbo j NP j

# !
⋃

Hðxk  xc Þ

k A N P ði;jÞ

ð6Þ
b

where ⋃ is a concatenation operator that produces a binary string
of the deﬁned neighborhood scheme. The histogram entries at
these indexes have a certain mutual impact. Likewise when the
image is rotated by 451 the AMBP, MBP or LBP histograms are
modiﬁed in a complex manner. However, the trace, deﬁned as the
sum of frequency of occurrence of all members within an equivalence group, remains invariant.

and;
3.5. Rotationally invariant uniform patterns
Each group or set of patterns gives a different conﬁdence, and
each group has independent likelihoods of occurrence. There are
some patterns that occur more frequently than others and using
only these frequently occurring or uniform patterns was observed
to improve the classiﬁcation performance of rotated textures [3].
Uniform patterns are deﬁned as those containing at most one
transition in the binary string. A uniform pattern satisﬁes the
condition

60

50

Occurrence [%]
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40

30

20

UðLP;R ði; jÞÞ ¼ j Hðx j N P j  1  xc Þ  Hðx0  xc Þj

10

þ

j NX
P j 1

j Hðxk  xc Þ  Hðxk  1  xc Þj

ð7Þ

k¼1

0

3x3

5x5

7x7

9x9

11x11

The uniform scheme can be combined with rotationally invariant
patterns as expressed by the following equation:

Size of adaptive window

Fig. 6. AMBP statistics of the adaptive window variation in the CUReT database.
The maximum size of the adaptive window W max ¼ 11, and the parameter α¼ 1.1.
The percentage indicates how many times a given window has been selected to
produce the threshold for the binary pattern.

R

R=1, P= 8

R

R=1, P=8

(
Lriu2
P;R ði; jÞ ¼

R

R=2, P=16

LriP;R ði; jÞ

if UðLriP;R ði; jÞÞ r 2

Be

otherwise

R

R=3, P= 24

R

R=2, P=8

ð8Þ

R

R=4, P=8

Fig. 7. (a) The circular neighborhood layout, for R 4 1 the interpolation is required to compute the intensity of the pixels that do not lie in the regular grid. (b) The
subsampling scheme for multiresolution does not require interpolation, the highlighted pixels are neighbors, while the other ones are ignored.
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where μ is the global mean of the original image Iði; jÞ, that is
P PN
μ ¼ ð1=MNÞ M
i
j Iði; jÞ. Here, Γ generates two bins that indicate
at each pixel if it belongs to one of the two segmented regions.
This information can also be encoded with the AMBP/W as a 3D
joint histogram. Algorithm 2 summarizes the different steps to
compute the joint AMBP/W/Γ. Note that the calculation of the
joint 2D histogram AMBP/W is straightforward, by removing the
variable z from Algorithm 2, which discards the Γ information.

R’=2

R=2
R=1

Algorithm 2. Joint AMBP/W/Γ.
Input: Gray scale Image I ; Maximum analysis window
Wmax; α; P and R; patterns layout; Γ.
2: Output: Joint Histogram H
3: initialize: H’0
4: for all i; j do
5:
x’ AMBP(i,j)
6:
y’Wði; jÞ
7: z’Γ ði; jÞ
8: Hðx; y; zÞ’Hðx; y; zÞ þ1
9: end for
10: H’ J HHJ
1
1:

Fig. 8. An example of the proposed combined multiresolution scheme. The black
center pixel represents the ﬁrst resolution (original image), circular multiscale is
used at that location (several rings, R ¼ 1 and R ¼ 2). The highlighted points (green)
are obtained through subsampling, where only the last largest ring, from the
previous scale, is used at these points to produce the binary pattern (R0 ¼ 2). For the
ﬁrst pyramidal level the scheme is ð8; 1Þ [ ð16; 2Þ, for the second one it is (16,2).
(For interpretation of the references to color in this ﬁgure caption, the reader is
referred to the web version of this paper.)

where Be is an extra “non-uniform” pattern. Note that for AMBP or
MBP it is possible to use the central pixel information for the Lriu2
P;R
operator, which doubles the number of patterns.

5. Multiscale Binary Pattern

4. Joint AMBP
The Local Binary Pattern conveys valuable information about
the nature of texture since it captures local structures. However, as
the texture cue is very complex, the binary patterns cannot handle
all the discriminative information. To achieve high performances
the binary pattern is in general combined with different types of
information such as the variance, using a joint distribution [3].
As described previously, the adaptive window changes size according to the local gray level distribution to select the appropriate
threshold. One can examine the statistics of the window sizes over
the whole database. Fig. 6 depicts the frequency of each window size
on the CUReT database (i.e. the parameter α ¼1.1). From these
statistics it can be concluded that the window size changes can
provide additional useful information about the local neighborhood.
At each pixel we can consider which adaptive window has been
selected. It can be encoded as joint information of the AMBP pattern.
In other words, at each pixel we get a binary pattern and the window
size Sði; jÞ used to obtain this pattern (AMBP/W). The number of bins of
W is computed as an index of the window size; W ¼ ⌊Sði; jÞ=2c, where
Sði; jÞ ¼ 3; 5; …; W max . For instance, if the maximum window size is set
to 9  9, this results in four possible bins: W¼1, 2, 3 and 4. The
parameter Wmax determines the number of bins which impact the size
of the joint histogram. However, increasing this number does not
necessarily provide the best performance. In the experimental part we
show the inﬂuence of the variation of the Wmax on the classiﬁcation
accuracy.
The joint histogram of the selected window helps us to enrich
the descriptor with more discriminative features. Yet, the global
information is also important for that purpose. In recent work,
Guo et al. [5] combined LBP with the magnitude of the local
differences encoded with binary pattern and global thresholding.
The joint histogram of these three components showed nice
properties demonstrating better performances than the LBP combined with local variances (i.e. LBP/VAR). To capture global
information we also used global thresholding:

Γ ði; jÞ ¼



1

if Iði; jÞ Z μ

0

otherwise

ð9Þ

Multiscale information is important for texture classiﬁcation, since
the patterns can vary in different image resolutions. To capture this
information LBP uses a circular scheme that combines patterns from
different rings around the center pixel [3]. Fig. 7(a) depicts the LBP
multiresolution layout. Then, it concatenates histograms of different
values of (P, R), typically ðLBP8;1 [ LBP16;2 [ LBP24;3 Þ for three scales.
In [7], the multiscale MBP is utilized with a pyramidal subsampling
scheme (see Fig 7(b)). Recently, the two approaches have been
combined, showing better performances than the use of a standalone
scheme [26]. It computes the LBP circular multiresolution at each
pyramidal level. This can lead, however, to redundant information and
scale sensitivity of the descriptor. To tackle this problem, we combine
the circular and pyramidal schemes in a partial manner.
Let MP;R;Ln be a Multiscale Binary Pattern for n pyramidal levels
of resolution and I n the image at the level n. I 0 is the original
image, then, the subsampling process can be described as follows:
I n1 ði; jÞ ¼ I n  1 ð2i; 2jÞ;
I n3 ði; jÞ ¼

I

n1

I n2 ði; jÞ ¼ I n  1 ð2iþ 1; 2jÞ

ð2i; 2j þ 1Þ;

I n4 ði; jÞ ¼ I n  1 ð2i þ1; 2j þ1Þ

ð10Þ

I n1 ; I n2 ; I n3 ; I n4

where
are a set of four subimages each at halfresolution covering all four-phases. The four-phase images at each
resolution help us to capture microstructure relationships between
pixels that are not immediate neighbors in a scale independent
fashion. In order to reduce the computation complexity only one
phase (I n1 ) was considered for the multi-scale scheme. Using the
subsampling procedure, we can observe from Fig. 7, that further
neighbors can be captured than with the circular scheme. As
subsampling keeps the number of pixels involved at each level
constant, the descriptor size remains constant over different scales.
The goal is to take advantage of both mutliresolution schemes. One
can use the circular multiscale layout at each subsampled points, but
this introduces a great deal of redundancy, as some pixel locations are
included in both schemes many times. For that reason, we propose to
use only the last circular scale for the upper levels. This helps us to
capture further pixels and reduces the number of those that are
already included. That is,
MP;R;Ln ¼ fLP1 ;R1 ðI 0 Þg [ fLP 2 ;R2 ðI 0 Þg [ ⋯
[ fLP max ;Rmax ðI 0 Þg [ fLPmax ;Rmax ðI 1 Þgn 4 0 [
⋯ [ fLP max ;Rmax ðI n Þg

ð11Þ
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where LP;R fI i g can be the AMBP, MBP, LBP or joint AMBP operator
applied to an image at scale i. Fig. 8(a) illustrates an example of the
use of two levels of pyramidal multiresolution; P max ¼ 16; Rmax ¼ 2 so,
MP;R;L1 ¼ fL8;1 ðI 0 Þg [ fL16;2 ðI 0 Þg [ fL16;2 ðI 1 Þg. Note that, for n¼ 0,
MP;R;Ln is equivalent to the LP;R operator.
Algorithm 3. Multiscale Binary Pattern.
1: Input: Gray scale Image I ; LP;R operator's parameter;
number of levels (n).
2: Output: Histogram of Multiscale Binary Pattern
3: Compute for level 0
H 0 ’fLP 1 ;R1 ðI 0 Þg [ ⋯ [ fLP max ;Rmax ðI 0 Þg
4: for each level 1 o io n do
5:
Compute subsampling I i
6:
7:

i

Compute Hi ’LP max ;Rmax ðI Þ

Hi ’ J HHi iJ 1

8: end for
9: H’ðH0 ; ⋯; Hn  1 Þ

The multiscale histogram computation is shown in Algorithm 3.
Fig. 9 presents the general scheme for the multiresolution descriptor. The optimal number of pyramid levels is application dependent,
and can be seen as based on a trade-off between complexity and
performance. Increasing the number of levels or frequency subbands does not necessarily lead to improved texture classiﬁcation
performance. In the experimental part we show that for standard
texture databases classiﬁcation n¼ 1 is the optimal value and for
noisy textures n¼2 showed better results.
6. Results and discussion
The experiments were conducted mainly on three databases:
Outex_TC_00012 [32], CUReT [31] and KTH_TIPS2-(a,b) [33]. The k
nearest neighbors classiﬁer was trained with a subset of textures
from each class, and its ability to recognize textures of the same
class at different alterations was then evaluated. The k-NN is used
with χ2 distance deﬁned as
1Xðxi  yi Þ2
ð12Þ
2 i xi þ yi
where x and y are feature vectors. The number of k-NN was ﬁxed
to one for all experiments.
The experiments and evaluation are divided into four main
parts. The ﬁrst part deals with the Outex database, using well
deﬁned testing and training samples. The second one tests the
CUReT database, with random selection of the training and testing

χ 2 ðx; yÞ ¼
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samples. The third measures the performances of the proposed
method under the noise condition, where the testing samples are
the noisy data and the training are the noiseless ones. The fourth
part addresses the KTH_TIPS2-(a,b) database, using the already
separate sets, which leads to a sort of K-folds cross validation
procedure. Note that in all experiments, the color information is
not used. Abbreviations and symbols used in the ﬁgures and tables
are deﬁned in Table 1. For all experiments, unless otherwise
speciﬁed, the parameter α ¼1.1 and W max ¼ 5 which results in
2 bins. The central pixel is not encoded in AMBP and MBP, in order
to use lower dimensional descriptors. The symbols ✓ and  mean
used and not used respectively.
6.1. Experiments on Outex_TC_00012
The Outex database includes different test suites of material
classiﬁcation. Among these test suites, Outex_TC_00012 provides a
popular benchmark for illumination and rotation invariance, particularly for LBP based methods. It consists of 24 texture materials and 20
images for each texture. Materials are imaged under nine different
physical rotations (01, 51, 101, 151, 301, 451, 601, 751, and 901). Three
simulated illuminations were used for each texture, namely 2300 K
horizon sunlight, 2856 K incandescent and 4000 K ﬂuorescent tl84.
The challenge is to train the classiﬁer under 01 rotation and
incandescent illumination, then classify correctly the other images.
It is divided into two problems, ‘000’ refers to nine rotations with tl84
and ‘001’ refers to nine rotations with horizon light illumination.
The results of the proposed algorithm with different multiresolution schemes are listed in Table 2. We can observe that, in
general, the AMBP alone improves the classiﬁcation accuracy
compared to the same LBP scheme. This proves that the combined
thresholding (Central/Median pixel value) through the adaptive
neighborhood is better than using either LBP or MBP. As we can
observe, the proposed multiresolution scheme increases the scores
of all the methods, where we can notice the difference between
the resolution levels n ¼0 and n ¼1. The variation of the adaptive
window is also important. It provides the information of the
neighborhood statistics by analyzing the median and the range
gray values. As a result, the joint histogram of AMBP and the
selected neighborhood size (AMBP/W) signiﬁcantly improves the
performances compared to AMBP alone. Moreover, the 3D joint
histogram with global thresholding (AMBP/W/Γ) further increases
the classiﬁcation rate. Finally, the best results were obtained with
two levels of pyramidal resolution n ¼1 and the 3D AMBP joint
histogram. Compared to the different state-of-the-art techniques
including the joint histogram and learning based techniques, the
proposed method yields the best results with a smaller number of
features as shown in Table 3. Note that all the results referenced in
Table 3 are reproduced from the cited papers.

Level n
AMBP

U

Level 1
AMBP

Concatenated
Histograms

Level 0
AMBP

Fig. 9. The multiresolution scheme for the binary pattern. The ﬁgure shows an example where at each level an AMBP histogram is generated, then concatenated to form one
descriptor. The sizes of descriptors in the upper levels are smaller than in the bottom level.
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Table 1
Description of abbreviations of methods used in the comparison of performances and their descriptor sizes for n levels of pyramidal resolution. The case of n¼ 0 the M
riu2
riu2
riu2
riu2
operator is applied to the original image. Ti is the neighborhood size, for instance Mriu2
þ T riu2
¼ 10 and T riu2
¼ 18. As a result,
2 , where T 1
2
ð8;1Þ [ ð16;2Þ;L0 ¼ L8;1 [ L16;2 , gives T 1

for n levels, the descriptor size is 28 þ n  18.
Method

Description

Descriptor size

MP;R;Ln

Operator AMBP, MBP or LBP applied to 3  3 neighborhood
MP;R;Ln with rotationally invariant scheme ‘ri’

ðn þ 1Þ  256

MriP;R;Ln

riu2
þ ⋯ þ T riu2
T riu2
1
M þn  TM

MriP;R;Ln
Mriu2
P;R;Ln
AMBPriu2
P;R;Ln =W
AMBPriu2
P;R;Ln /W/Γ

T ri1 þ ⋯þ T riM þ n  T riM

and uniform patterns scheme ‘riu2’

2D Joint histogram of AMBPriu2
P;R with W

riu2
ðT riu2
þ ⋯ þ T riu2
1
M þn  TM Þ  W

3D Joint histogram of AMBPriu2
P;R with W and Γ

riu2
ðT riu2
þ ⋯ þ T riu2
1
M þ n  T M Þ  2W

Table 2
The classiﬁcation accuracy in % of Joint AMBP, AMBP, MBP and LBP with different circular resolution schemes and 2 levels of pyramidal resolution (i.e. n¼ 1). Descriptors were
applied to Outex_TC_00012 texture suite, ‘000’ corresponds to the tl84 and ‘001’ to horizon light illumination. The bold values represent the best score of each category of
result.
Method

(8,1)

(16,2)
000

ð8; 1Þ [ ð16; 2Þ

(24,3)
001

000

001

000

ð8; 1Þ [ ð16; 2Þ [ ð24; 3)

000

001

001

000

001

LBPriu2
P;R;L0

67.5

64.2

81.7

74.7

83.9

79.1

84.2

79.7

88.8

84.0

MBPriu2
P;R;L0

53.8

55.8

82.7

76.6

85.8

83.3

83.2

79.1

89.7

84.1

AMBPriu2
P;R;L0

64.4

63.2

84.2

78.6

87.0

84.6

87.5

82.7

91.6

86.9

AMBPriu2
P;R;L0 =W

74.7

75.5

88.3

86.8

92.1

90.0

91.1

90.1

94.9

91.6

AMBPriu2
P;R;L0 =W=Γ

87.3

91.0

94.3

93.0

95.6

94.0

95.3

94.7

96.9

95.3

LBPriu2
P;R;L1
MBPriu2
P;R;L1
AMBPriu2
P;R;L1
AMBPriu2
P;R;L1 =W
AMBPriu2
P;R;L1 /W/Γ

81.9

76.0

88.8

85.9

89.0

86.0

92.2

87.5

93.4

88.8

69.4

69.9

89.6

85.6

91.8

90.1

91.5

89.1

94.3

90.9

81.0

77.5

89.1

86.5

91.5

90.1

92.0

89.4

93.0

91.3

86.0

83.6

92.7

90.6

94.0

93.0

93.9

93.0

96.4

94.6

92.2

92.2

95.8

93.7

97.2

95.4

97.1

95.1

98.0

96.7

6.1.1. The effect of the adaptive window maximum size
In this section we study the inﬂuence of the Wmax parameter (see
Algorithm 1). This parameter determines how many window sizes
can be used in the local neighborhood and, therefore, the number of
bins in the joint histogram. Fig. 10 shows the classiﬁcation scores in
the Outex_TC_00012 database for different values of Wmax, and for
n¼0,1. As can be seen, the performance increases with different
adaptive neighborhood sizes. From the size of 3  3 to 5  5 the
improvement is 4% and the best performances were obtained with
W max ¼ 5  5. This means that the optimal thresholds for producing a
reliable binary patterns lie between two patches 3  3 and 5  5, and
that it is not necessarily the central pixel; it could be the median or
the central pixel as described in Section 3.3. The optimal value of
Wmax is, actually, computationally interesting since it makes the
algorithm run faster and it reduces the descriptor size.

Table 3
Comparison of the proposed method with the state-of-the-art methods on the
Outex_TC_00012 test suite.
Method

Descriptor size

Learning phase

000

LBPriu2
P;R =VAR [3]
VZ_MR8 [19]
VZ_Joint [21]
PLBP [26]

001

864



87.3

86.4

DLBPriP;R [4]

610
610
162
K 80%

✓
✓



92.6
91.4
88.9
93.2

92.8
92.1
86.6
90.4
94.5

CLBPriu2
P;R =M=C [5]

1352



95.3

DisðS þ MÞriP;R [27]

1211

✓

97.0

96.5

AMBPriu2
P;R;L1 =W=Γ

320



98.0

96.7

6.1.2. The effect of scale change
In this section we study the inﬂuence of using the multiscale to
represent the texture at different levels of resolution. Images are
down-sampled, then the descriptors are computed at each resolution
as described in Section 5. In this experiment we evaluate the
classiﬁcation performance as a function of the number of resolution
levels with the pyramidal scheme. Fig. 11 presents the results
obtained from one to four scales. For instance, two scales means
the combination of the ﬁrst and the second down-sampled images
with histogram concatenation as described in Section 5. The best
performance was obtained with two scales (i.e. n¼ 1). Increasing the
multiresolution levels after the optimal level dramatically decreases
the performance. Two scales are appropriate for this type of relatively
small images. However, the multiresolution optimal value may
change for different types of images. For instance in the noise case,

Classification accuracy [%]

98
97
96
95
94
AMBP,P,R,L0/W/Γ
AMBP,P,R,L1/W/Γ

93
92
3x3

5x5

7x7

9x9

11x11 13x13 15x15 17x17 19x19

Maximum adaptive window size
Fig. 10. The classiﬁcation accuracy versus the maximum size of the adaptive
window (Wmax on Outex_TC_00012, using the tl84 (000) dataset for two levels of
resolution.
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98

Classification accuracy [%]

97
96
95
94
93
92
91
90

’tl84’

89

’horizon’

88
1

2

3

4

Number of levels
Fig. 11. Evaluation of the effect of the multiresolution levels n for testing the ‘tl84’
(000) and horizon (001) datasets from Outex_TC_00012 database. Training used
480 images under incandescent illumination.

Table 4
Comparison with the state-of-the-art methods. The AMBP ‘riu2’ and ‘ri’ layouts are
used with ð8; 1Þ [ ð16; 2Þ [ ð24; 3Þ and ð8; 1Þ [ ð8; 3Þ [ ð8; 5Þ neighborhood schemes
respectively. Each classiﬁcation rate is the average of 100 trials of randomly
selected samples.
Method

Descriptor size
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directions, but in general only 92 samples per class are selected
for the classiﬁcation task [19]. The samples are cropped from the
original images with a ﬁxed size 200  200 pixels.
Table 4 depicts the classiﬁcation scores for different AMBP
conﬁgurations. The AMBP joint histogram of rotationally invariant
and uniform patterns (AMBPriu2
P;R =W=Γ ) shows good scores reaching 96% of correct classiﬁcation for two levels of resolution with a
histogram of 320 bins. The use of the joint histogram with only
rotational invariant patterns (AMBPriP;R =W=Γ ) increases the classiﬁcation accuracy by 1% with 576 bins (i.e. 97%). Compared to
several methods in the literature, the proposed method features
are competitive with the most successful techniques (see Table 5).
Essentially, learning techniques such as VZ_MR8, VZ_Joint and CS
are more successful in the CUReT database. This is due to the
compensation of the biased features during the learning phase.
Nevertheless, the BIF feature does not use the learning phase, but
it uses multiscale histogram matching which helps us to reduce
the matching errors. We expect that using such matching with the
proposed method would increase the classiﬁcation rate. However,
it is beyond the scope of the present study to test different
matching techniques. Note that the results in Table 5 are reported
directly from the cited reference, except for DLBP which is our
implementation.

Number of training images

6.3. Experiments on noisy textures
46

23

12

6

54

92.8

86.8

78.3

65.3

AMBPriu2
P;R;L0 =W

108

94.3

88.7

80.1

66.4

AMBPriu2
P;R;L0 =W=Γ

216

95.7

90.6

82.1

68.3

AMBPriP;R;L0 =W=Γ

432

96.7

92.2

84.3

71.0

AMBPriu2
P;R;L1
AMBPriu2
P;R;L1 =W
AMBPriu2
P;R;L1 =W=Γ
AMBPriP;R;L1 =W=Γ

80

94.7

89.5

81.7

69.2

AMBPriu2
P;R;L0

160

95.5

90.4

82.3

68.9

320

96.0

91.0

82.7

69.0

576

97.0

92.4

84.6

71.1

Table 5
Comparison with state-of-the-art methods with different percentages of the
training samples on the CUReT database. The AMBP ‘ri’ scheme is ð8; 1Þ
[ð8; 3Þ [ ð8; 5Þ.
Method

Descriptor size Learning phase Number of training images
46

VZ_MR8 [19]
VZ_Joint [21]

2440
2440
K 80%

✓
✓


97.8
97.7
84.1

2200
CLBPriu2
P;R /M/C [5]
Dis(S þ M)riP;R [27] 1211



97.4

✓

98.3

✓



98.5
98.6
97.0

DLBPriP;R [4]

CS [22]
BIF [28]
AMBPriP;R;L1 =W=Γ

2440
1296
576

it is found that n¼2 is better as shown in Section 6.3. Generally, a
good value of the number of scales results in a tradeoff between
computation complexity and classiﬁcation accuracy.
6.2. Experiments on CUReT
The Columbia-Utrecht (CUReT) database [31] deals with 3D
view of texture. The appearance of 3D texture depends on the
viewing direction and the illumination. These conditions make
some textures of the same class appear completely different. The
CUReT database covers 61 different material surfaces, each one is
observed with 205 combinations of viewing and illumination

In many applications including surface imaging, noise is inherent to the output images due to many factors such as the
acquisition devices and the lighting conditions. Consequently,
the texture recognition and classiﬁcation tasks become tougher.
In general, images are corrupted by three types of noises: additive
noise, multiplicative noise or impulse noise (salt and pepper
noise). Such types of noise affect both the local structures and
the global visual properties. They can introduce considerable
confusion in the separation of texture classes, particularly the
ﬁne-textured surfaces. In this work, we focus on impulse noise
because it is especially related to the median ﬁlter. To measure its
effect we carried out a series of experiments on synthetically
added noise to the CUReT dataset. Thus, noisy pixels can have only
the maximum or the minimum value in the dynamic range. The
corrupted pixel location is random. If the probability of a noisy
pixel is p then
(
Nði; jÞ with probability p
Gði; jÞ ¼
ð13Þ
I ði; jÞ with probability 1 p
where Nði; jÞ is a noisy pixel, Iði; jÞ is the pixel value of the original
image at the location i; j and Gði; jÞ is the output image of the same
pixel location. An example of impulse noise added to a texture is
presented in Fig. 12 which shows the impact of noise density on
the visual aspect of the texture.
In order to study the effect of noise, we gradually varied the
noise ratio from 2% to 20% with step of 2%. Then, the performance
of texture classiﬁcation was evaluated for each noise density. The
training set includes the original CUReT images and the test set
contains the same images, but with noise. Therefore, each set
incorporates 5612 samples with 92 images per class.
Fig. 13 shows the classiﬁcation performance of AMBP, MBP,
VZ_MR8 (Varma and Zisserman MR8 descriptor), LBP, CLBP (Completed LBP), DLBP (Dominant LBP) and GABOR (Gabor ﬁlter) versus
the density of impulse noise. The well known state-of-the-art
methods failed to provide a good classiﬁcation rate even for a low
noise intensity. Despite the ﬁltering process utilized by VZ_MR8 or
GABOR, it is not efﬁcient to handle impulse noise. The LBP, CLBP
and DLBP methods cannot handle as well noisy textures either,
because they use thresholding on central pixel. As these methods
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Fig. 12. Example of impulse noise in a CUReT sample. (a) presents the original image, (b) shows the same image as in (a) corrupted with noise density ratio of 10%. (c) The
noise density is higher set to 20%.
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Fig. 14. Classiﬁcation performance after preprocessing the CUReT dataset (impulse
noise) using 3  3 median pre-ﬁltering.

Salt & Pepper noise density [%]
Fig. 13. Effects of impulse noise (salt-and-pepper) on the classiﬁcation accuracy, for
the CUReT database. The training set are noise free and the test set represents the
same images, but with impulse noise at a speciﬁc noise ratio. AMBP and MBP were
used with P ¼ 8; R ¼ 1, L0 and L2 schemes.

are based on LBP scheme, in the event of noise, the central pixel
has a minimum or a maximum value, so, the LBP output will be
quite different from the original one. Patterns that occur in noisy
pixel inﬂuence the bins frequency in the histogram. Moreover,
from one image to another the noise alters different pixel locations
because it is randomly distributed and independent from each
image. This modiﬁes the histograms, inducing distortion in the
similarity measure, which makes LBP fail to ﬁnd the correct class.
However, the Median Binary Pattern based methods show good
robustness in such a situation. They start at a high level with less
noise, then the performances of these methods decrease at each
additional ratio of 2%. From 2% to 8% of noise AMBP8;1;L2 and
MBP8;1;L2 with three scales show perfect results (100%). AMBP8;1;L2
keeps very high performances until 14%, then the classiﬁcation
rate decreases signiﬁcantly at the ratio of 20%. At this ratio the
noise is denser in the local neighborhood. Furthermore, the use
of three scales seems to be more consistent and robust against
noise.
These experiments demonstrate the capabilities of MBP and
AMBP to remove impulse noise without any pre-ﬁltering. We
compared this to a more traditional approach of adding a noise
reduction pre-ﬁltering step prior to binary pattern extraction.
A 3  3 median ﬁlter was applied to the whole CUReT database

(noisy and non-noisy images). We then computed LBP, MBP and
AMBP. As in previous experiments the training set is the noise free
images and the testing set is the noisy ones. The results shown in
Fig. 14 indicate an overall improvement in performance, particularly for LBP, compared to the results in Fig. 13. But the AMBP and
MBP still outperform LBP, demonstrating the same tendency as the
previous results.
6.4. Experiments on KTH_TIPS2
The major drawback of the CUReT database is that materials are
imaged at a constant scale. In contrast, the KTH_TIPS2-b database
[33] uses several distances from the camera. It includes four
physical samples of 11 different materials similar to those used
in CUReT database. These samples were imaged with variations in
scale as well as variations in pose and illumination. Images were
taken in combination of three poses, four illuminations and nine
scales yielding 108 images per each physical sample. The images
are cropped at size of 200  200 pixels and the four physical
samples are categorized into one texture class. In result the
database contains 4752 images (11  108  4). Samples of one
material category can have different surface coarseness or roughness which makes them look different even if they are imaged
with the same resolution. This is an additional difﬁculty combined
with scale change for sample imaging. Fig. 15 shows the nine
resolutions of one sample. The resolution was varied gradually
from the second scale till the tenth scale. The visual aspect of the
texture also changes gradually with the resolution, which impacts
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Fig. 15. Example of sample with 9 scales in the KTH_TIPS2-b database. (a) Scale 2, (b) Scale 3, (c) Scale 4, (d) Scale 5, (e) Scale 6, (f) Scale 7, (g) Scale 8, (h) Scale 9, and
(i) Scale 10.

Table 6
Classiﬁcation accuracy of the proposed method and the state-of-the-art on the
KTH_TIPS2-b database. The LBP, CLBP and AMBP ‘riu2’ are used with ð8; 1Þ [
ð16; 2Þ [ ð24; 3Þ scheme.
Method

Descriptor size

LBPriu2
P;R

54

VZ_MR8 [19]
VZ_Joint [21]

610
610
K 80%

DLBPriP;R [4]
CLBPriu2
P;R =M=C

Learning phase

Number of training sets
1

2

3



52.0

56.5

60.2

✓
✓


46.1
53.5
49.3

52.0
60.0
55.1

55.3
61.0
58.0

2200



55.0

61.1

67.7

24
54




45.0
57.2

48.5
60.2

50.1
66.4

1296
108




50.9
59.3

60.0
61.2

61.8
66.7

AMBPriu2
P;R;L0 =W=Γ

216



60.1

64.0

70.3

AMBPriu2
P;R;L1

80



58.3

63.1

67.7

AMBPriu2
P;R;L1 =W

160



59.3

63.4

68.7

AMBPriu2
P;R;L1 =W=Γ

320



60.2

64.2

70.3

[5]

Gabor
AMBPriu2
P;R;L0
BIF [28]
AMBPriu2
P;R;L0 =W

the local structures. The aim is to study the descriptors' robustness
in such conditions.
In this experiment, each class is associated with one material,
which contains four physical samples (a set of 108 images per
sample). The goal is to learn a given physical sample of each class,
then recognize the remaining ones. For that purpose we used
three conﬁgurations, with one, two and three training sets per
class. The sets 1, 2, 3 and 4 were combined as (training, testing)
couples with all possible combinations; for one training set we
have the couples: ð1; 2 [ 3 [ 4Þ, ð2; 1 [ 3 [ 4Þ, ð3; 1 [ 2 [ 4Þ and
ð4; 1 [ 2 [ 3Þ. For two training sets: ð1 [ 2; 3 [ 4Þ, ð1 [ 3; 2 [ 4Þ,
ð1 [ 4; 2 [ 3Þ, ð2 [ 3; 1 [ 4Þ, ð2 [ 4; 1 [ 3Þ and ð3 [ 4; 1 [ 2Þ.
Finally, three training sets yield ð2 [ 3 [ 4; 1Þ, ð1 [ 3 [ 4; 2Þ, ð1 [
2 [ 4; 3Þ and ð1 [ 2 [ 3; 4Þ. The classiﬁcation score is the average
of all combinations scores of each conﬁguration.
In this section we also study the performance of the proposed
algorithm and compared it with recent and well known methods
from the literature. From Table 6 it can be seen that the highest
scores are obtained by the AMBP 3D joint histogram as in
Outex_TC_00012, whereas the simple AMBPriu2
P;R;L1 shows better
scores than the other techniques including VZ_MR8, VZ_Joint
and CLBP/M/C (joint histogram). All the presented methods are
our implementation, except for the CLBP [5] and BIF [28] where we
used the original codes provided.

7. Conclusions
We have presented a novel method based on local adaptive analysis
for texture description. The proposed approach uses either the median
or the central pixel to generate local patterns, taking into account the
variation in the local context in images, and associates the joint
information based on adaptive local analysis. It is computationally

efﬁcient, which enables real time tasks. We have evaluated the
proposed descriptor over a wide range of textures, using Outex, CUReT
and KTH TIPS2. Different classiﬁers may lead to different classiﬁcation
accuracies; our focus is feature extraction. To allow a fair evaluation,
only k-NN classiﬁer is used to measure the classiﬁcation accuracy. We
have studied different problems related to texture recognition such as
the inﬂuence of number of the training samples, the effect of noise, and
the effect of scale change and illumination changes. Extensive experiments demonstrate that the AMBP approach consistently outperforms
numerous state-of-the-art methods. In the presence of impulse noise
our algorithm is noticeably better than the most successful ones. The
proposed AMBP method shows a new kind of properties for texture
descriptors, for instance adaptation of the window size and handling
noise suppression without preﬁltering the images. AMBP introduces a
new type of operator that automatically selects between using the
Local Binary Pattern or the Median Binary Pattern . This type of
approach can be generalized and extended to other classes of texture
operators in a similar fashion, opening up a new direction for
combining texture measures. In future work we will extend the
proposed approach to handle more types of noise and will focus also
on additional information to improve performances even further.
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