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ABSTRACT

Binary pattern methods play a vital role in extracting texture features. However, most of existing methods
struggle to capture comprehensive and discriminative texture information. This paper aims to propose a
novel multi-statistic binary pattern to extract rotation invariance statistic features for texture classification.
First, this paper encodes the center pixel, mean, variance and range of local neighborhood by corresponding
multi-scale threshold, and proposes the local center pattern, local mean pattern, local variance pattern and
local range pattern. Then, based on the compact multi-pattern encoding strategy, the four sub-patterns are
jointly encoded in a 4-bit binary pattern, named as multi-scale local statistics pattern. Finally, for compre-
hensive texture representation, the multi-scale local statistics pattern is jointly combined with local sign
pattern and local magnitude pattern to generate a completed multi-scale local statistics pattern for texture
classification. Extensive experiments conducted on three representative databases demonstrate that the pro-
posed completed multi-scale local statistics pattern achieves competitive classification performance com-

pared with other state-of-the-art approaches.

Keywords: feature extraction, local binary pattern, statistics encoding pattern, texture classification.

INTRODUCTION

Texture (Manjunath et al., 2001; Wang et al., 2019;
Faust et al., 2018) is the fundamental characteristic of an
object surface, containing vital visual cues that enable
computers to understand and analyze the appearance of
an object. Texture classification plays a crucial role in
digital image processing and pattern recognition, with
diverse applications including as material classification
(Liu et al., 2015; Qi et al., 2016), fingerprint recognition
(Iloanusi and Ezema, 2017), remote sensing (Franklin,
2020; Patino and Duque, 2013; Van, 2012), and scene
understanding (Lewicki, 2014; Kwak and Han, 2020).
Due to the complex imaging environment, it is still a
fundamental and challenging task to design a highly dis-
criminative and efficient texture classification system.

Generally, texture can be defined as a property of
the local spatial arrangement of pixel intensities in a lo-
cal region. Over the past decades, numerous texture rep-
resentation methods have been proposed to extract ef-
fective and efficient texture features. These methods can
be categorized into five categories: statistical (Davis et
al., 1979), structural (Yu et al., 2016), model-based (Co-
hen et al., 1991), geometrical (Florindo and Bruno,
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2013) and signal processing methods (Unser, 1995).
Structural-based methods utilize the spatial arrangement
attributes of textons to extract discriminative infor-
mation, such as Laplacian of Gaussian (LoG) and Dif-
ference of Gaussian (DoG) methods. They are highly
suitable for dealing with artificial regular textures, rather
than complex and disordered natural textures. Model-
based methods consider texture images as generative
and stochastic models to achieve effective feature repre-
sentation, such as Gaussian Markov Random Fields
(GMFR) and multi-resolution autoregressive features.
However, the computational requirements increase in-
crementally with the growing number of model parame-
ters. Geometrical methods utilize geometric features to
describe texture images, such as fractal geometry. For
texture analysis, fractal dimension is used to measure the
fractal geometry for the study of complex patterns in ir-
regular texture images. Recently, researchers have com-
bined fractal dimension with convolutional neural net-
works and achieve quite promising results (Florindo,
2024). The signal processing methods, also known as fil-
ter-based methods or transform methods, extract more
descriptive texture information from the perspective of
signal analysis, such as wavelet transform, Gabor filter,
and filter banks. However, they are being confronted
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with redundancy and performance bottleneck. Statistical
methods (Kim and So, 2018; Cote and Albu, 2015; Ban-
dzi et al., 2007; Nguyen et al., 2016; Pothos et al., 2008;
Varma and Zisserman, 2005) are one of the primary cat-
egories in texture classification, leveraging various sta-
tistical measurements of texture content to construct tex-
ture representations. The statistical texture representa-
tion is a long-lasting approach. Earlier statistical texture
features focus on first-order, second-order, and higher-
order statistics, such as the gray level difference matrix,
gray-level co-occurrence matrix, and gray-level run-
length matrix. Local statistical methods have well-estab-
lished theoretical background and play a dominant role
in resisting local texture variations caused by uncon-
trolled imaging conditions including illumination, rota-
tion, scale and viewpoint changes. It has shown great
potential for abstract and effective texture representa-
tion. However, the single statistical method fails to ex-
ploit the complementary and highly discriminative tex-
ture representation.

Combining different categories methods is a prom-
ising idea to address the above problem. The local binary
pattern (LBP) (Ojala et al., 2002a), a combination of sta-
tistical and structural method, is renowned for its effi-
ciency and effectiveness to represent local texture. It
achieves impressive discriminative power by encoding
the sign of local difference between a center pixel and
its neighbors. There are some advantages of LBP, in-
cluding simple operation, dataset-independence, low
complexity, and invariance to monotonic illumination
changes. However, the traditional LBP only utilizes the
sign of local difference, which is not sufficient to de-
scribe the various types of local texture information and
is hard to deal with various complex imaging challenges.
The scientific community has made significant efforts to
improve and enhance the feature representation power
of binary pattern methods.

In recent years, many LBP-based methods are pro-
posed to enhance the texture representation power by ex-
ploiting diversified texture features. As one of the most
famous LBP variants, the completed-LBP (CLBP) (Guo
et al., 2010a) stands out for its novel texture representa-
tion strategy. It not only considers the signs local differ-
ences but also introduces the magnitudes of local differ-
ences and the center pixels to enhance the local texture
representation. In this way, it offers three sub-patterns
(including CLBP_Sign, CLBP_ Magnitude, and
CLBP_Center) to represent texture images. Guo et al.
(2010b) proposed the LBP variance (LBPV) by accumu-
lating the local region variance into the LBP bins. Liu et
al. (2012) proposed the extended local binary pattern
(ELBP), which comprises two intensity-based sub-
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patterns (ELBP_CI- and ELBP_NI) and two difference-
based sub-patterns (ELBP_RD and ELBP_AD). Later
on, Li et al. (2016) introduced a median filter into the
ELBP and proposed the median robust extended LBP
(MRELBP), that demonstrated strong discriminative
power and noise robustness. Recently, some works have
been introduced that exploit various types of local dif-
ferences to enhance local texture representation.
Banerjee et al. (2018) found that the neighbors of a par-
ticular pixel hold significant amount of texture infor-
mation and developed a local neighborhood intensity
pattern (LNIP) by considering the relative local intensity
difference for content-based image retrieval. Verma and
Raman (2018) proposed a local neighborhood difference
pattern (LNDP) by comparing the local neighbors mutu-
ally, and combined LNDP with the conventional LBP to
generate the final feature vectors for natural and texture
image retrieval. Pan ef al. (2017) proposed the low di-
mensional feature-based LBP (FbLBP) by combining
the sign of local difference with the mean and the vari-
ance of the magnitude. FbLBP is highly efficient to con-
struct and does not require fine-tuning parameters.
Zhang et al. (2017a) developed the normalized differ-
ence vector by taking advantage of the local difference
and utilized the bag-of words to integrate the local fea-
tures into a global image representation. To deal with
complex imaging conditions, Wang et al. (2018) pro-
posed a simple and effective jumping and refined local
pattern. This method combines the jumping local differ-
ence count pattern with refined completed LBP, achiev-
ing notable effectiveness and providing scale, rotation,
and illumination invariances. Song et al., (2020) pro-
posed the spatially weighted order binary pattern to ex-
ploit color order information for color texture classifica-
tion, which not only extracts color order information for
different channels but also represents the color order re-
lationships in the spatial domain. A local neighborhood
edge responsive binary pattern (LNERBP) (Ganesan
and Santhanam, 2021) was developed to extract discrim-
inative texture features from ocean bottom sediments.
Additionally, the authors introduced a novel GMJAY A-
ELM learning algorithms by integrating the extreme
learning machine and Gaussian mutated JAY A. Further-
more, a local triangular coded pattern (LTCP) (Arya and
Vimina, 2021) was presented by utilizing the horizontal
and vertical relationship of local neighborhoods. It
achieved satisfactory classification performance for tex-
ture and emotion classification tasks.

However, most LBP variants (Jain ef al., 2016; Liu
etal., 2019; Liu et al., 2017) directly consider the inten-
sity information of local neighborhood and ignore the
statistical information of neighbors, such as mean, vari-
ance, and distribution. To address this limitation, some



Image Anal Stereol 2024;43: 277-293

binary pattern methods enhance the local texture de-
scription by taking advantage of statistical measures. For
example, Nguyen et al. (2016) proposed statistical bi-
nary patterns based on a set of moment texture images
to describe local contrast information and higher-order
local variations. To achieve real-world texture classifi-
cation, Cote and Albu (2015) presented a pixel-based lo-
cal binary pattern statistics aggregation mechanism,
achieving discriminative power and invariance against
complex imaging conditions. Kim and So (2018) pro-
posed directional statistical Gabor features based on dif-
ferent types of directional statistics from Gabor-filtered
images, providing excellent classification performance
on eight databases. Recently, with the assistance of sta-
tistical and combinatorial techniques, Silva and Florindo
(2019) proposed a statistical descriptor based on the box
counting fractal dimension to improve texture classifi-
cation results. Despite the impressive results achieved
by above methods, complex filtering and fractal pro-
cessing lead to high computational cost.

To deal with this issue, this paper develops a new
texture descriptor to extract informative and discrimina-
tive texture features by directly employing the statistical
measures of neighbors, rather than utilizing filtered and
fractal images. The main contributions of this paper are
as follows:

First, this paper thoroughly leverages the statistical
information of local neighborhoods and introduces three
binary patterns with strict rotation invariance, including
local mean pattern, local variance pattern, and local
range pattern.

Then, this paper utilizes the multi-pattern encoding
strategy to encode both the local center pattern and the
aforementioned three binary patterns into a single 4-bit
binary pattern, named as multi-scale local statistics pat-
tern. It not only enriches the expressiveness of the center
pattern but also provides more abstract texture infor-
mation.

Finally, to achieve comprehensive texture represen-
tation, the multi-scale local statistics pattern is jointly
combined with local sign pattern and local magnitude
pattern to generate the completed multi-scale local sta-
tistics pattern for texture classification task.

Extensive experiments on three representative data-
bases demonstrate that the propose completed multi-
scale local statistics pattern achieves competitive even
promising classification performance compared to other
state-of-the-art approaches.

The rest of the paper is structured as follows. Sec-
tion MATERIALS AND METHODS firstly reviews
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CLBP, then provides details on the proposed completed
multi-scale local statistics pattern, and finally describes
the distance measure. The experimental evaluations are
presented in Section RESULTS. Finally, the analysis of
the results and the conclusion are drawn in Section DIS-
CUSSION.

MATERIALS AND METHODS
REVIEW OF CLBP

As one of the most successful variants of LBP,
CLBP (Guo et al., 2010a) captures texture information
from three complementary components: the center pixel,
the sign and magnitude of local difference. It then jointly
encodes the corresponding sub-patterns, including
CLBP C, CLBP_S, and CLBP_M, to provide a more
comprehensive texture representation. The essential op-
eration of CLBP is as follows.

CLBP_S is equal to the original LBP, defined as:
-1

s(g,—g.)2",

]

CLBP _S; ,= €]

b
(=]

where R is the sampling radius of the local neighbor-
hood. g, is the center pixel, and g ,p=0,..,P~1 are

the corresponding neighborhood pixels. P is the num-
ber of neighbors. s(-) is the sign function, which can be

formulated as:

,Lx=0

s(x)z{o’x<o.

CLBP_M is obtained by encoding the local differ-
ence magnitude, with the threshold set as the mean of
difference magnitudes for the whole image. Formally,
CLBP_M is defined as:

P-1
CLBP _M,,=Y t(m,.c,)2’,

p=0

2

3)

where m , represents the magnitude of local difference,

described as:

mPZ‘gp—gU ; “)
t(*) is the threshold function of binary encoding that is
calculated as:
Lx=c
t(x,c)=<" , Q)
( ) {0, x<c

C, is the encoding threshold of 71,.
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To achieve the rotation invariance, both CLBP_S
and CLBP_M also utilize the rotation invariant uniform
pattern (riu2) to construct the lookup table in histogram,
which can be described as CLBP_S;% and

CLBP_M;.

As an important complement of local difference,
CLBP introduces CLBP_C to represent the texture in-
formation of center pixels. It is obtained using

CLBP _C,,=t(g..c;) (6)

where ¢, represents the encoding threshold of the cen-

ter pixel, which is set as the average image intensity.
t(-)1s defined in formula (5).

To achieve the completed representation of local
neighborhood, Guo et al. (2010a) jointly combined the
three sub-patterns (including CLBP_S, CLBP_M and
CLBP_C), described as CLBP_S/M/C.

CLBP entails some inherent issues. On one hand, it
extracts the texture feature based on the original pixel
gray value, which may overlook abstract and potential
information in the neighborhood. Specifically, the three
sub-patterns of CLBP are obtained by directly encoding
the original pixel values. Intuitively, it would be more
beneficial for feature representation to encode the binary
pattern based on statistical measurements of pixels ra-
ther than original pixels. On the other hand, CLBP_C is
only 1-bit, which could not effectively represent the tex-
ture image as an independent sub-pattern. Therefore,
there are two issues that need to be resolved.

(1) How to effectively exploit potential texture in-
formation from local neighborhood.

(2) How to enhance CLBP_C to provide sufficient
discriminative information for texture representation.

COMPLETED MULTI-SCALE LOCAL
STATISTICS PATTERN

Multi-scale Local Statistics Pattern

To deal with the two issues concerning CLBP, this
section develops a multi-scale local statistics pattern
based on the statistical measures of the neighbors.

Given a center pixel g and its corresponding
multi-scale threshold #re,;, according to literature (Xu
et al., 2020a), then the local center pattern (LCP) is de-
fined as:

LCP, , =t(g,.threy, ), (7
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N
thre,, = % >im,(g.)- ®)
k=1

The threshold function (") is defined in formula
(5). Im, (g.) is the local grid partitioning mean of g, in
scale k. ke [1,N] is hierarchical scale partitioning pa-
rameter and N is the number of scales.

The local mean pattern (LMP) measures the average
level of neighbors, that can be calculated by:

),

where m, , , is the mean of P circular neighbors with

thre ©

Nmg, g p

radius R at g, defined as:

1 P-1

mg(,,R,P:_ng’ (10)
P p=0
threN’m, ., is the multi-scale threshold, computed as
follows:

1 N
threNm&M :NZlmk (mg(_,R,P). (11
k=1

Im, (mgw“,) is the local grid partitioning mean of
m, p p inscale k.

The local variance reflects the intensity fluctuation
of local neighborhood. Along this line, the local variance

pattern (LVP) is proposed to exploit the intensity con-
trast information, which is defined as:

LVP, = t(vgw R P,threNvgc,R,P ) , (12)

where v, , is the variance of P circular neighbors

with radius R at g , that is defined as:

P-1

:Z(gp — My rp )2 p(gp )’

p=0

(13)

vg(.,R,P

»(g,) is the probability of g, in the local neighborhood.

The corresponding multi-scale threshold thre,, is

R

calculated by

1 N
ZLh’/'eN'vg(‘,R,P zﬁzlmk (ng,R,P ) (14)
k=1

Im, (vg ® P) is the local grid partitioning mean of

v

o kP N scale k.
R,
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Fig. 1. lllustration of the multi-scale local statistics pattern.
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The local range pattern (LRP) is computed by com-
paring the range of neighborhood pixels to the multi-
scale threshold, which represents distribution of neigh-
borhood intensity and can expressed as:

LRP, , = t(rgc, R th’”eN,rng,p ) ) (15)

where , is the range of P circular neighbors with

..R,P
radius R at g, defined as the difference between the

maximum and minimum of the local neighborhood. The
multi-scale threshold is represented as

1 N
threN’M’P = NZlmk (rgw r. P), (16)
k=1

Im, (rg“R’P) is the local grid partitioning mean of

I"gR

C o

p inscale k.

As shown in Fig. 1, there are four 1-bit sub-patterns
derived from the local neighborhood statistics, including
LCP, LMP, LVP, and LRP. However, an open question
remains regarding how to combine these 1-bit sub-pat-
terns to generate a compact and discriminative feature
vector. Xu et al. (2021) proposed an MMC pattern that
uses a compact multi-pattern encoding strategy to effi-
ciently combine multiple 1-bit binary patterns.

In this paper, we employ the same strategy to fuse
the proposed four sub-patterns to generate the multi-
scale local statistics pattern (MLSP) for representing lo-
cal texture statistical information. Formally, the local
multi-scale statistics pattern is computed as

MLSPR’P = 20 X LRPR,P + 21 X LVPR,P

+22 X LMPg p + 23 X LCPg p. an

The multi-scale local statistics pattern compactly
captures local statistical information, which can be ad-
vantageous, especially for handling complex intra-class
variations. Moreover, the proposed multi-scale local sta-
tistics pattern exhibits three impressive properties:

(1) It is discriminative because it effectively en-
codes local texture statistical information.

(2) It provides satisfactory invariance to rotation, as
the center pixel, mean, variance, and range of the local
neighborhood remain unchanged regardless of image ro-
tation.

(3) It has a compact form and high feature represen-
tation efficiency. Its feature dimensionality does not ex-
ponentially grow with the number of neighbors.
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A Completed Multi-scale Local Statistics
Pattern

In order to characterize the local texture information
as comprehensively as possible, this paper divides the
local texture region into three sub-features: the local sta-
tistical features, the sign feature of local difference, and
the magnitude features of local difference. Then the
three sub-features are encoded as three sub-patterns, the
implementation is as follows.

Firstly, we design LCP, LMP, LVP, and LRP and
propose MLSP based on the compact multi-pattern en-
coding strategy that effectively captures the statistics of
the local texture region. Secondly, the local sign pattern
(LSP) is designed to represent the sign of local differ-
ence, which is equal to the traditional LBP or CLBP_S.
Thirdly, the local magnitude pattern (LMP) is encoded
by the multi-scale threshold to capture the magnitude of
local difference. Finally, we jointly combine MLSP,
LSP, and LMP to generate the completed multi-scale lo-
cal statistics pattern (CMLSP) for comprehensive local
texture representation.

Fig. 2 illustrates the CMLSP descriptor. Specifi-
cally, the three sub-patterns of CMLSP are abbreviated
as CMLSP_MS, CMLSP LS, and CMLSP_MM, re-
spectively. Now, we formulate the proposed completed
multi-scale statistics pattern as follows.

CMLSP_MS is equal to MLSP described in Section
Multi-scale Local Statistics Pattern that is represented as
CMLSPMSR,p = 20 X LRPR‘P + 21 X LVPR‘P +

2% X LMPgp + 23 X LCPyg p. (13)

CMLSP_LS is equal to CLBP_S, which is de-
scribed as

CMLSP _LS, , = Piis (g,-8.)2"

p=0

(19)

CMLSP_MM characterizes the magnitude infor-
mation of local difference. To achieve efficient multi-
scale representation, CMLSP_MM is designed based on
the multi-scale threshold of magnitude components that

can be calculated as
P-1
CMLSP_MM, =Y t(m,,threy, }2", (20)
p=0
where threNm is the multi-scale threshold of m, that

is represented as

1 N
Zlmk (mp )
k=1

; 21

threy,,
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Im, (mp) is the local grid partitioning mean of m , in
scale k.

It needs to be noted that CMLSP_LS adopts the cen-
ter pixel to encode the sign information instead of using
multiscale thresholding. In the texture analysis commu-
nity, the general consensus is that microstructural tex-
ture information holds greater significance than macro-
structural details. For a more comprehensive representa-
tion, CMLSP LS utilizes pixel-level thresholds to

capture micro-texture, whereas CMLSP MS and
CMLSP MM employ multi-scale thresholds to represent
macro-texture.

Finally, the three sub-patterns (including
CMLSP_MS, CMLSP LS, and CMLSP MM) are
jointly fused to generate the completed local texture rep-
resentation, denoted as CMLSP LS/MM/MS. For sim-
plicity, the fusion feature CMLSP_LS/MM/MS is ab-
breviated as CMLSP in the subsequent descriptions.
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Fig. 2. lllustration of the completed multi-scale local statistics pattern.
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DISTANCE MEASURE

For a fair comparison, the proposed texture de-
scriptor and competitors adopt the same classifier for ex-
perimental evaluation. More especially, this paper uses
the nonparametric nearest neighbor classifier with ;{2
distance to measure the dissimilarities between training
images and sample images.

The histograms of the sample image and the training
image are described as H ° and H ' , respectively.
Then the ,1'2 distance is defined as

D(HS,HT)Zi(H"S_HiT)Z

H+H

i=1 i

(22)

where M is the total number of bins. And i refers to
the i —th bin in the corresponding histogram.

RESULTS

To wvalidate the superiority of the proposed
CMLSP_LS/MM/MS descriptor for the texture classifi-
cation task, we conduct a series of comprehensive ex-
perimental evaluations, including comparisons with
state-of-the-art descriptors, on several well-known tex-
ture classification databases such as Outex (Ojala et al.,
2002b), UMD (Xu et al., 2006), and UTUC (Dana et al.,
1999).

CLASSIFICATION BENCHMARK AND
IMPLEMENTATION DETAILS

The Outex database (Ojala et al., 2002b) is a popu-
lar texture benchmark captured under various imaging
conditions, including nine rotation angles and three illu-
minations. We evaluate rotation invariance using
Outex_TC10 and analyze illumination and rotation in-
variance using Outex TC12 (including
Outex TC12 000 and Outex_TC12 001). More espe-
cially, Outex_TC10 contains 24 texture classes, each
containing 180 texture images with dimensions of
128*128. There are 480 (24*20) images for training, and

Table 1. Details of three texture classification databases.

the rest 3840 (24*160) images are used for testing.
Outex_TCI12 contains 24 texture classes with a total of
9120 images captured under nine rotation angles (00, 50,
100, 150, 300, 450, 600, 750, and 900) and three illumi-
nations (inca, t184, and horizon). The training set con-
tains texture images with the rotation angle of 0o and
inca illumination condition, while the test set comprises
images with varying rotation angles and illumination
conditions.

The UMD database (Xu ef al., 2006) contains 1000
real-world texture images with dimensions of 1280%960,
collected under various viewing angles, illuminations,
and spatial resolutions. It consists of 25 texture classes,
with each class containing 40 texture images. Following
the standard evaluation protocol, we randomly select 20
samples for the training set, with the remainder used for
testing. This random partitioning is independently im-
plemented 50 times, and the mean of the results is re-
garded as the final classification outcome.

The UIUC database (Dana et al., 1999) is a publicly
available and challenging texture database consisting of
25 texture classes. Each class contains 40 samples with
dimensions of 640*480, captured under various rota-
tions, scales, viewpoints, and resolutions. For the exper-
imental evaluation, half of the texture images are ran-
domly selected for training, and the remaining half is
considered as the testing set. Similar to UMD, we use
the average accuracy over 50 independent partitions as
the final classification result.

Details of the three texture databases are presented
in Table 1. Fig. 3 shows some texture samples from the
Outex, UMD, and UIUC database.

EXPERIMENTAL EVALUATION IN
OUTEX DATABASE

To visualize the performance improvements of the
proposed CMLSP compared to the baseline CLBP, Fig.
4 shows the classification accuracies on the
Outex TC10 dataset with different sampling resolu-
tions.

Database Num. of images Num. of classes Size Experimental Evaluation

Outex TCI10 4830 24 128*128  Rotation invariance

Outex TC12 9120 24 128*128  Illumination and rotation invariance

UMD 1000 25 1280*%960 Robustness of complex imaging condi-
tions

UIUC 1000 25 640%480  Robustness of complex imaging condi-

tions
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It is observed that the introduction of local statistical
features (represented as CMLSP_MS) significantly and
consistently boosts the classification performance. For
example, with (R, P) = (3, 24), the CMLSP_LS/MS
achieves an accuracy of 99.84%, which is higher than
that of CLBP_S/C (97.97%). With the same sampling
resolution, CMLSP MM/MS also produces a perfor-
mance improvement of 1.07 percentage points (p.p.)
compared with CLBP_M/C. The fusion feature
CMLSP_LS/MM/MS achieves the highest classification
accuracy of 99.95%, surpassing the baseline
CLBP_S/M/C. This highlights the superior discrimina-
bility of CMLSP_MS compared to traditional CLBP_C.
Similar conclusions can be drawn for other sampling
resolutions. Besides, Table 2 reports the feature dimen-
sion of the proposed CMLSP and CLBP. As we can see,

the excellent classification performance of our CMLSP
comes at the cost of some computational overhead.
However, its feature dimension does not experience ex-
ponential growth. Hence, the proposed CMLSP pro-
vides valuable insights into achieving a balance between
performance and feature dimension.

To further verify the effectiveness of the proposed
CMLSP, we compare it with some state-of-the-art meth-
ods on Outex TC10 and Outex_TC12. As shown in Ta-
ble 3, the proposed CMLSP descriptor demonstrates re-
markable discriminative power for the texture classifi-
cation task. For instance, on TC10, CMLSP reaches the
highest accuracy of 99.95% with (R, P) = (3, 24). With
the same sampling resolution, it also achieves the best
classification rate of 98.66% and 98.63% on TC12_000
and TC12_001, respectively.

Fig. 3 Some texture samples of (a) Outex database, (b) UMD database, and (c) UIUC database.
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Fig. 4 Classification accuracy on Outex_TC10 of the proposed CMLSP and CLBP.
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Table 2 Feature dimension of the proposed CMLSP and CLBP.

(R, P) 1, 8) (2, 16) 3,24)
CLBP_S/C 20 36 52
CLBP M/C 20 36 52
CLBP_S/M/C 200 648 1352
CLBP_LS/MS 160 288 416
CLBP_MM/MS 100 324 676
CMLSP_LS/MM/MS 1600 5184 10816

Table 3. Classification accuracy (%) of CMLSP and state-of-the-art descriptors on the Outex database.

(R, P) (1,8) (2,16) (3,24)

Outex TC10 Outex TCI12 Outex TC10 Outex TCI12 Outex TC10 Outex TC12
Method 000 001 000 001 000 001
LBP (Ojala eral,20022) 8481 6546 63.68  89.40 8226 7520 9507  85.04 80.78
CLBP_S/M/C (Guo et 96.56 9030 9229 9872 9354 9391 9893 9532 94.53
al., 2010a)
CLBC (Zhao etal,2012)  97.16 8979 9292 9854 9326 9407 9878 9400 9324
ggﬁ)?a“and“‘ggs’ 9456 7225 7183 9609 8826 8626  97.83 9338 89.26
CRLBP (. -+ )(Zhao et 9755 9194 9245 9859 9588 9641 9935 9683 96.16
al., 2013)
CRLBP (, - \)(Zhao et 9654  91.16 92.06 9885  96.67 9697 9948 9757 97.34
al., 2013)
BRINT (Liueral,2014) 9187 8646 88.50 9643 9338 9398 9604 9424 9435
SCLBPTC (t=3)(Ngu-  ge9s 9245 0425 9936 9505 9647 9945  96.68 9825
yen et al., 2014)
CZ%?%D—Z (Wang et al., 97.03  92.69 9481 9833 9641 9495 9852 9546 9144
AECLBP_S/M/C (Song 9758 9183 91.81 9880 9542 9470 9919 9683 95.05
etal.,2015)
DRLBP; (Mehta and 88.54 8425 83.19 99.19 97.15 95.37 - - -
Egiazarian, 2016)
CDLF_S/M/C (Zhang et 9729  91.06 9331 9948 9424 9502 9911 9565 9525
al., 2017b)
CDLF_S/M/C_AHA
(Zhang ot . 30175) 9745  91.62 9403  99.64 9440 9544 9922  96.02 95.67
FbLBP (Pan eral,2017) 9885  92.66 9382  99.64 9542 9569 9958  96.00 94.75
g&%CLBP(L‘““"’ 98.05 9271 9433  99.04 9688 9755 9932  97.89 97.89
CLEBP (Xu et al., 99.58 9479 9493 9974 9817 97.62  99.87  98.03 97.92
2020a)
CLSP (Xu et al., 2020b) 98.93 9491 9481 9958 9810 9690 9940 9831 97.31
CMLSP_LS/MM/MS 9940 9479 9546  99.84  97.15 98.10  99.95  98.66 98.63

286



Image Anal Stereol 2024;43: 277-293

On TC10, compared with the baseline CLBP, the
proposed CMLSP descriptor achieves improvements of
2.84 p.p., 1.12 p.p., and 1.02 p.p. in the case of (R, P) =
(1, 8), (2,16), and (3, 24), respectively. It also outper-
forms other CLBP variants in classification perfor-
mance. For instance, CMLSP reaches the best accuracy
of 99.95% with (R, P) = (3, 24), surpassing CLBC,
CRLBP, SCLBP_TC, and AECLBP by 1.17 p.p., 0.47
p.p., 0.50 p.p., and 0.76 p.p., respectively. In addition,
CMLSP performs slightly better than some recent tex-
ture descriptors. More precisely, it demonstrates im-
provements of 0.37 p.p., 0.63 p.p., 0.08 p.p., and 0.55
p.p. over FbLBP, CRMCLBP, CLEBP, and CLSP, re-
spectively. Its superior performance on TC10 validates
the powerful rotation invariance of CMLSP_MS. The
main reason is that regardless of rotation changes, the
local statistics remain consistent.

On TC12 000 and TC12 001, CMLSP also exhib-
its impressive classification performance. For instance,
on TC12_000, the proposed CMLSP descriptor outper-
forms the baseline CLBP by a significant margin, with a
3.34 p.p. improvement. Additionally, it maintains supe-
riority over CRLBP by 1.09 p.p., AECLBP by 1.83 p.p.,
and CDLF by 2.64 p.p., respectively. Compared with re-
cent texture classification methods, CMLSP outper-
forms FbLBP, CRMCLBP, CLEBP, and CLSP by 2.66
p.p., 0.77 p.p., 0.63 p.p., and 0.35 p.p., respectively. To
further verify its effectiveness in handling illumination
variance, we conduct experimental evaluations on
TC12_001. Similar to TC12_000, the proposed CMLSP
still gains significant performance improvements com-
pared to its competitors. The superior performance im-
provement is mainly attributed to the powerful comple-
mentary and highly discriminative information extracted
by the proposed CMLSP_LS/MM/MS.

100

\'4/‘ .

95 /

90
85

80

Classificationo accuracy (%)

75
5 10

EXPERIMENTAL EVALUATION IN UMD
DATABASE

To better illustrate the classification performance of
different sub-patterns and fusion features from the pro-
posed CMLSP descriptor, Fig. 5 shows their classifica-
tion accuracies for varying numbers of training images
(20, 15, 10, and 5) with (R, P) = (3, 24) on the UMD
database.

As can be seen, firstly, the classification accuracies
increase with the number of training images and peak at
20 training samples. Secondly, among different sub-pat-
terns, the proposed CMLSP_MS achieves the highest
classification accuracy of 93.98% with 20 training im-
ages, indicating its superior informativeness and dis-
criminative power. Thirdly, the fusion feature
CMLSP_LS/MM/MS achieves the best classification
accuracy of 98.89% with 20 training images, followed
by CMLSP _LS/MS (98.66%) and CMLSP _MM/MS
(98.24%). This confirms the effectiveness of multi-pat-
tern fusion in enhancing classification performance.
Based on the results of the observational experiment
shown in Fig. 5, it is evident that the proposed
CMLSP_MS offers promising, valuable, and discrimi-
native information for comprehensive texture represen-
tation.

To further highlight the classification performance
of the proposed CMLSP descriptor, some classical and
state-of-the-art descriptors are adopted as competitors in
Table 4. For a fair comparison, we conduct the same data
split strategy with competitors in Table 4. Besides, we
report metric values as shared by the original authors to
make the experimental comparison results more con-
vincing.

15 20

The number of training images

—4—CMLSP_LS
%= CMLSP_LS/MS

CMLSP_MM
CMLSP_MM/MS

CMLSP_MS
CMLSP_LS/MM/MS

Fig. 5. Classification accuracy for varying numbers of training images on the UMD database.
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As shown in Table 4, the proposed
CMLSP_LS/MM/MS descriptor reaches the highest ac-
curacy with 20 training images for (R, P) = (3, 24). Ad-
ditionally, several interesting conclusions can be drawn.

Firstly, compared with the baseline CLBP, the pro-
posed CMLSP_LS/MM/MS achieves significant im-
provements of 6.02 p.p., 6.36 p.p., 6.85 p.p., and 6.83
p.p- over CLBP with 20, 15, 10, and 5 training images,
respectively, in the case of (R, P) = (3, 24). In addition,
it also achieves improvements of 12.64 p.p., 14.51 p.p.,
16.86 p.p., and 22.13 p.p. over traditional LBP under the
same experimental conditions. Secondly,

CMLSP_LS/MM/MS outperforms other classical LBP
variants. For example, its best result surpasses the best
results of LTP, BRINT, MRELBP, and CRDP by 8.46
p-p-,5.93 p.p.,4.59 p.p., and 6.79 p.p., respectively, with
20 training images in the case of (R, P) = (3, 24).
Thirdly, compared with some recent texture descriptors,
CMLSP_LS/MM/MS obtains remarkable classification
performance on the UMD database. More significantly,
we note that the best result of CMLSP_LS/MM/MS is
higher than AELTP and AECLBP by 4.72 p.p. and 2.03
p.p., respectively. It also outperforms CRDPCPS and
CLBPCPS by 5.57 p.p. and 5.39 p.p., respectively.

Table 4. Classification accuracy (%) of CMLSP and state-of-the-art methods on the UMD database

Methods R, P) The number of training examples
20 15 10 5
LBP (Ojala et al., 2002a) (1,8) 84.09 81.80 77.89 70.28
(2, 16) 84.67 82.28 7873 70.81
(3,24) 86.25 83.99 80.47 72.25
LTP (Tan and Triggs, 2010) (1, 8) 84.24 82.48 79.14 71.71
(2, 16) 87.73 86.33 83.43 76.45
(3,24) 89.30 87.37 84.75 71.57
(5,24) 90.43 89.08 85.78 78.81
AELTP (Song et al., 2015) (1,3) 89.10 86.06 82.59 73.46
(2,16) 91.94 91.24 86.84 80.71
(3,24) 94.17 91.58 88.91 80.43
BRINT (Liu et al., 2014) 2,8) 91.87 90.92 89.38 84.91
3,98 92.34 90.74 90.10 85.42
5,98) 92.96 91.92 90.32 84.63
MRELBP (Liu et al., 2016) (2, 8) 93.58 92.72 91.36 88.10
3,8) 94.30 93.85 92.87 89.31
5,8) 94.15 93.85 92.06 87.29
CRDP (Wang et al., 2017) 1,8 91.82 90.93 89.45 85.15
(2,16) 91.91 91.13 89.52 84.79
(3,24) 92.10 91.16 89.24 84.11
(5,24) 92.06 91.05 88.87 83.26
CRDPcyps (Pan et al., 2019) - 93.32 92.84 91.41 87.67
CLBP (Guo et al., 2010a) 1,8) 92.16 91.56 90.31 86.95
(2, 16) 92.82 92.16 90.62 87.04
(3,24) 92.87 92.14 90.48 87.55
AECLBP (Song et al., (1,8) 96.48 95.84 93.63 90.99
2015) (2,16) 96.86 95.71 95.05 91.42
(3,24) 96.78 96.80 94.47 91.79
CLBPcps (Pan et al., 2019) - 93.50 92.87 91.35 88.31
CLSP (Xu et al., 2020b) - 98.49 97.24 96.39 92.00
CMPE (Xu et al., 2021) 2,8) 98.47 97.67 96.47 92.82
(3, 16) 98.75 98.20 96.94 93.32
(3,24) 98.84 98.12 97.03 93.26
(5,24) 98.78 98.20 96.91 93.05
CMLSP_LS/MM/MS (1,3) 98.17 97.41 96.07 92.79
(2,16) 98.78 98.41 97.25 94.09
(3,24) 98.89 98.50 97.33 94.38
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Moreover, CMLSP LS/MM/MS slightly outperforms
the recently reported CMPE, and provides a 0.4 p.p. per-
formance increase compared to the CLSP descriptor.
Fourthly, it is noticed that our CMLSP_LS/MM/MS de-
scriptor performs favorably with corresponding to small
training samples. CMLSP _LS/MM/MS achieves the
highest classification score of 94.38% with 5 training
images in the case of (R, P) = (3, 24). The performance
improvement over LBP and CLBP is 22.13 p.p. and 6.83
p.p. under the same experimental conditions. Further-
more, the best result of CMLSP_LS/MM/MS also
achieves significant improvements of 15.57 p.p., 8.96
p.p., 5.07 p.p., and 9.15 p.p. over LTP, BRINT,
MRELBP, and CRDP, respectively. Additionally, the
proposed CMLSP_LS/MM/MS also yields better results
than recently proposed CLSP and CMPE.

To sum up, CLMSP LS/MM/MS descriptor not
only impressively outperforms the performance of clas-
sical binary pattern descriptors but also performs

favorably against state-of-the-art texture descriptors. Its
striking performance comes from the introduction of
CMLSP_MS, which is confirmed by the fact that
CMLSP_MS performs better than CMLSP LS and
CMLSP_ MM in Fig. 5, and the fusion feature
CMLSP_LS/MM/MS achieves the best classification re-
sult in Table 4.

EXPERIMENTAL EVALUATION IN UIUC
DATABASE

The UIUC database serves as a challenging and rep-
resentative benchmark for the texture classification task,
containing various difficult imaging conditions includ-
ing arbitrary rotations, significant viewpoint and scale
variations, and uncontrolled illumination conditions. To
further wverity the effectiveness of the proposed
CMLSP_LS/MM/MS descriptor, we compare it with
some classical and state-of-the-art texture classification
methods in Table 5. A number of significant observa-
tions from Table 5 are as follows.

Table 5. Classification accuracy (%) of CMLSP and state-of-the-art descriptors on the UIUC database.

R,P)=(1,8)

(R,P)=(2, 16) (R,P)=(3,24)

Methods
20 15 10 5

20 15 10 5 20 15 10 5

LBP (Ojala et al., 2002a) 54.65 5294  47.14  39.72
LTP (Tan and Triggs, 2010)  68.56 65.21 60.34 51.21
CLBP (Guo et al., 2010a) 87.64 8570  82.65 75.05
CLBC (Zhao et al., 2012) 87.83 85.66 8235 7457

CRLBP (¢ =5 )(Zhaoet o0 0 9660 8297 76,01

al.,2013)
CRLBP (¢ =1 )(Zhao et
al. 2013) 86.91 85.67 8220  73.95
BRINT (Liu et al., 2014) 79.52  76.14 7126  61.59
AECLBP (Song et al.,
2015) 88.04  86.54 8296 7543

LVQP (Pan et al., 2015) 88.08 85.55 81.81 73.30
CRDP (Wang et al., 2017) 84.39 81.69 7728  68.42

LQC_C@IN@) (Zhaoetal. gg 45 g770 8358 7623

2016)
LQC_C(ON(4) (Zhaoetal. o415 ga54 8562 7838
2016)
CDLE_S/M/C (Zhang et al.
2017b) 89.57 8773 8474 7839

CDLF_S/M/C_AHA
(Zhang et al. 2017b)

EMCLBP (Shakoor and
Boostani, 2017)

FbLBP (Pan et al., 2017) 92.04 90.27 87.80 80.10

FbLBPAcps (Pan et al.,
2021)

CLEBP (Xu et al., 2020a) 93.54 91.65  89.01 82.29
CMPE (Xu et al. 2021) 91.43 89.40 8595 78.02
CMLSP_LS/MM/MS 9197 9030  86.83 80.35

90.16 88.30  85.17  78.82

87.92 84.37 83.30 7530

92.54  90.89 87.96  80.60

6132 5642 51.16  42.67  64.05 60.05 5425 4459
78.50 7545 69.96  59.46 8228 7848 7319 61.84
91.04 8942 86.29 7857 91.19  89.21 8595  78.05
91.04 89.66  86.63 79.48 9139 90.10 86.45 79.75

91.99 9041 88.04 8149 9283  90.55 88.02  80.54

9292 91.82  88.15 81.98 93.31 92.03 89.47  81.90

84.14  81.57 77.06 6796 8639 8377 7933  70.34

90.68 89.18 85.17  78.13 92.18 9022  87.08  79.69

9345 9196  89.03 81.85 9479 9342  90.70  84.12
89.48 86.94  83.04  73.02 89.69 8744  83.05  73.66

9232 90.58 87.67 8148 9294 9039 87.54 81.64

9262 90.76 8797  81.98 93.17 9091 88.13 81.77

92.85 90.17 88.73 80.55 9290  91.18 87.34 81.78

94.10  90.53 89.58 80.82 93.77  92.83 88.80  82.11

92.19 9059  87.72 80.46 9299 9129  88.11 80.47

94.14  92.73 89.79 8243 94.17  92.58 89.51 81.79

9434 9320  90.63 83.33 9474 9324  90.24  82.52

9554 9398 9135 84.75 96.40 9496  92.67  86.36
9497 9356  90.52 8326 94.89 93,52 90.18 82.73
95.58  94.65 92.70  86.52 96.28 9522 9290  86.50
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First of all, the proposed CMLSP_LS/MM/MS de-
scriptor achieves the best classification accuracy with
different numbers of training samples in the case of (R,
P) = (3, 24), demonstrating its superiority over other de-
scriptors in Table 5. Secondly, the best result of
CMLSP_LS/MM/MS significantly outperforms the best
results of classical LBP, LTP, and BRINT by 32.23 p.p.,
14.00 p.p., and 9.89 p.p., respectively. Additionally, it
surpasses the best result of basic CLBP by 5.09 p.p. The
key reason for this performance superiority lies in two
factors. The first factor is that the proposed sub-pattern
CMLSP_MS considers rich statistical information,
which is very informative for texture representation. The
second factor is that the fusion feature
CMLSP_LS/MM/MS enhances the classification accu-
racy by providing strongly complementary and highly
discriminative texture information. Thirdly, the pro-
posed CMLSP_LS/MM/MS achieves significant perfor-
mance improvement when compared with some suc-
cessful CLBP variants. For example, it achieves im-
provements of 4.89 p.p., 5.12 p.p., 6.45 p.p., and 6.75
p.p. over CLBC corresponding to 20, 15, 10, and 5 train-
ing images, respectively. Moreover, it also surpasses the
best results of CRLBP (o=1), AECLBP,
Z CDLF_S/M/C_AHA, and EMCLBP by 2.97 p.p., 4.10
p.p-, 2.51 p.p., and 3.29 p.p., respectively. It confirms
that the proposed sub-pattern CMLSP_MS efficiently
enhances the classification performance. Fourthly, com-
pared with some recently proposed texture descriptors,
the CMLSP_LS/MM/MS still gains significant perfor-
mance superiority. More significantly, it could achieve
improvements of 1.54 p.p., 1.98 p.p., 2.66 p.p., and 3.98
p.p. over the accuracy of recent FhLBPACPS: 94.74%,
93.24%, 90.24%, and 82.52% for training numbers 20,
15, 10, and 5. It also outperforms the recently published

CMLSP_LS/MM/MS

CMPE by 1.39 p.p., 1.70 p.p., 2.72 p.p., and 3.77 p.p.
with the same experimental conditions. In addition, in
the case of (R, P) = (1, 8) and (2, 16), similar conclusions
can be found in this database. The superior performance
confirms the validity and efficiency of our descriptor in
promoting texture classification accuracy.

Fig. 6 illustrates the classification accuracies of
deep learning-based methods compared to the proposed
CMLSP on the UIUC database. It is worth mentioning
that the proposed CMLSP descriptor outperforms mod-
ern deep learning methods. More specifically, CMLSP
achieves the best result of 96.28% on UIUC database,
which is higher than FC-CNN VGGM and DeCAF by
1.78 p.p. and 2.08 p.p., respectively. In addition, it also
surpasses the recent DSTNet by 2.68 p.p. Compared
with the deep learning methods, the proposed CMLSP
not only achieves impressive classification perfor-
mance, but also doesn’t require large amounts of train-
ing data and computational costs.

DISCUSSION

In this paper, we propose a CMLSP_LS/MM/MS
descriptor for texture classification. Firstly, we design
four 1-bit binary patterns, including LCP, LMP, LVP,
and LRP, to represent local neighborhood statistical in-
formation. Secondly, a compact multi-pattern encoding
strategy is adopted to combine the four binary patterns,
generating a novel multi-scale local statistics pattern that
efficiently captures local statistical information, particu-
larly beneficial for complex intra-class variations. Fi-
nally, we jointly fuse MLSP, LSP, and LMP to develop
a novel completed multi-scale local statistics pattern
(CMLSP) for comprehensive local texture representa-
tion.

I ———— 96,28

DSTNet (Florindo, 2020) I 93,60

Tuncer et al., 2019 I 90,82

FC-CNN AlexNet (Cimpoi et al., 2015)
FC-CNN VGGM (Cimpoi et al., 2015)
DeCAF (Cimpoi et al., 2014)

91,10

I 94,50
I 94,20

ScatNet (Bruna and Mallat, 2013) I 33,60

86,00

88,00

90,00 92,00 94,00 96,00 98,00 100,00

Classification accuray (%)

Fig. 6. Comparison results between CMLSP and deep learning-based methods on the UIUC database.
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The performance superiority on three public texture
benchmark shows that the proposed CMLSP descriptor
is very informative and high-discriminative for texture
classification task. Specifically, our CMLSP achieves
the best results of 99.95%, 98.66%, 98.63%, 98.89%,
and 96.28% on the Outex TC10, TCI12 000,
TC12_001, UMD and UIUC databases respectively. It
offers competitive performance and surpasses most
handcrafted descriptors and deep learning-based meth-
ods. In summary, the proposed CMLSP serves as a
highly discriminative and powerful descriptor for chal-
lenging texture classification tasks. Its superior perfor-
mance stems from the introduction of the sub-pattern
CMLSP_MS, which provides high-discriminative com-
plementary information for texture representation. On
the other hand, the joint fusion feature efficiently en-
hances the classification performance for challenging
texture representation tasks. In the future, we aim to ap-
ply our methods to other domains such as medical image
processing, plant leaf diseases analysis, and iris recogni-
tion.
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