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Abstract 
Local binary pattern (LBP) is a simple and effective method for texture classification. 
LBP-based methods have been widely used in texture classification research. However, 
Although the existing LBP-based texture classification methods have certain robustness 
to noisy images, they have some defects when dealing with texture images with high 
levels of noise. Therefore, to address the problem of sensitivity to noise at high levels, 
we propose a simple and robust texture descriptor for texture classification, named 
multiscale group variance binary pattern (MGVBP). Firstly, we propose the local median 
group pattern (LMGP) to extract the texture information around the adjacent pixels in 
the local area. Secondly, we propose local variance binary pattern (LVBP) to construct 
histograms of texture images. Finally, we construct multi-scale grouped variance binary 
patterns by concatenating multiple single-scale grouped variance binary patterns. Our 
proposed MGVBP descriptor is evaluated on popular texture datasets for classification 
tasks (KTH-TIPS, CUReT, UIUC, Brodatz and Kylberg) and under different high-noise 
conditions. Compared with state-of-the-art texture classification methods, the MGVBP 
descriptor achieves satisfactory classification performance. 
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1. Introduction 

The texture is a ubiquitous visual phenomenon that is the basic feature of the surface of an object and 
an important visual cue for human perception of the world [1-3]. The extraction of texture features 
plays a crucial role in computer vision and pattern recognition. Texture information is closely related 
to our life, and different objects have different textures: for example, the textures of leaves, clothes, 
tablecloth patterns, oranges et al. Textures can be divided into the following three types: natural 
textures, synthetic textures, and textures that combine natural textures with synthetic textures. Natural 
textures are ubiquitous textures, such as textures of leaves, flowers et al. Synthetic textures refer to 
textures made by humans, such as tablecloth patterns, clothes textures, tiles et al. Figure 1 shows 
some texture images that are common in our lives. 

Texture classification is one of the classic contents of texture research, and texture classification plays 
an important role in computer vision and image processing applications [6-8]. Applications include 
image segmentation [12], medical image analysis and understanding [13], face recognition [14], 
remote sensing [15], object-based image coding and image retrieval [16-18]. With the increasing 
demand for such applications, texture classification has received considerable attention over the past 
few decades and many new methods have been proposed. Texture classification is divided into two 
major problems, feature extraction and classification [19]. Most of the research focuses on the feature 
extraction problem because having strong texture features is more important than having a strong 
classifier. Among the methods of texture classification, the most widely used texture classification 
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method is Local Binary Pattern (LBP) [20]. Local binary pattern (LBP) is one of the texture 
classification methods that has attracted great attention. The local binary pattern is a simple and 
powerful descriptor for describing local image information and is robust to illumination, rotation, and 
scaling. Within a specific local area, the local binary pattern encodes the difference between the center 
pixel and the neighbor pixels. Due to its simple and easy-to-understand principle, many scholars have 
proposed a large number of LBP-based variants for research tasks to improve the robustness and 
discrimination of LBP. For example: CLBP [21], DLBP [22] et al. 

 

 
Figure 1. Common textures. 

 

However, these variants achieve relatively good performance in texture classification, but these LBP-
based variants suffer from weaknesses in robustness to noise. Because of this shortcoming, the author 
proposes a texture descriptor that is robust to noise. For example, Liu et al. [23] proposed a simple 
and efficient multi-resolution texture classification method-binary rotation invariant and noise 
tolerance (BRINT), the method proposed by Liu et al. rotation variation, and noise remain robust. 
BRINT samples point in a scaled circular neighborhood, making it more unique and robust to noise, 
Liu et al. [24] proposed a new descriptor for texture classification, median robust extended LBP 
(MRELBP). Unlike traditional LBP and many LBP variants, MRELBP compares regional image 
medians rather than raw image intensities. The multi-scale LBP type descriptors are computed by 
efficiently comparing the median values of images with a novel sampling scheme that captures both 
microstructural and macrostructural texture information. But it is limited in its robustness to high-
noise textures.The main contributions of this paper are as follows: 

(1). We propose a simple and effective texture descriptor, multiscale group variance binary pattern 
(MGVBP). Our proposed multi-scale grouped variance binary pattern descriptor achieves robustness 
in dealing with textures with high-intensity noise. 

(2). We propose a local median group pattern(LMGP) to extract texture information around adjacent 
pixels in local regions. LMGP can capture a wider range of texture information in a more compact 
way, improve robustness to high levels of noise, and achieve excellent classification performance. 

(3). We propose a local variance binary pattern (LVBP) to construct the histogram of texture images 
by encoding the center pixel with a variance of the model, improving robustness to high levels of 
noise. 

(4). We propose MGVBP descriptor is evaluated on popular texture datasets for classification tasks 
(KTH-TIPS, CUReT, UIUC, Brodatz, and Kylberg) and under different high-noise conditions. 
Compared with state-of-the-art texture classification methods, MGVBP achieves satisfactory 
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classification performance. our proposed method produces competitive results and is proven to be 
noise-free texture classification and one of the best descriptors in high-level texture classification. 

The remainder of the paper is organized as follows. Sec. 2 gives a brief introduction to related work. 
Sec. 3 introduces our proposed method and the texture classification based on MGVBP. The 
experimental results and the correlation analysis are shown in Sec. 4. The conclusions are discussed 
in Sec. 5. 

2. Related Work 

In [20], LBP was first proposed by Ojala et al. It is an operator used to describe the local texture 
features of an image. LBP is a kind of nonparametric texture descriptor. By comparing a pixel with 
each pixel in its neighborhood, it can effectively characterize the local structure of the image. It has 
the remarkable advantages of rotation invariance and gray invariance. The original LBP operator is 
defined as taking the center pixel of the window as the threshold value in the 3 * 3 window and 
comparing the gray value of the adjacent 8 pixels with it. If the value of the surrounding pixel is 
greater than the value of the center pixel, the position of the pixel is marked as 1, otherwise, it is 0. 

Basic The biggest defect of the LBP operator is that it only covers a small area within a fixed radius, 
which obviously can not meet the needs of different sizes and frequency textures. To adapt to the 
texture features of different scales and achieve the requirements of gray and rotation invariance, Ojala 
et al LBP In this paper, the operator is improved three 3*3 neighborhood is extended to any 
neighborhood, and the square neighborhood is replaced by the circular neighborhood LBP The 
operator is allowed in the radius of R There is any number of pixels in the circular neighborhood of. 
The LBP Operator with P sampling points in a circular region with radius R is obtained. 
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where c
g  represents the central pixel of a certain point, p

g represents the neighborhood pixel. 

Traditional LBP only uses the symbols of local intensity difference and discards the important texture 
information the difference between the neighborhood pixel and the center pixel. Guo et al. [21] 
proposed CLBP in 2010. In CLBP, the local region can be described by the central pixel and local 
difference sign-magnitude transform (LDMT). They are global contrast CLBP_C. Positive and 
negative binary mode CLBP_S and amplitude binary mode CLBP_M. 

Among them, the central pixel forms a binary code through the global threshold, which is called 
CLBP_C: 
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where c
g  represents the central pixel of a certain point, Ic  represents the average gray values of 

image pixels. 

Generally, given a central pixel c
g  and other P neighborhood values, the local difference vector is 

expressed as: 0 1
, ,

pd d 
 
  , among them p p c

g gd   . The formula of the CLBP_S descriptor is 

similar to that of the traditional LBP descriptor. Define CLBP_M: 
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where c is the adaptive threshold, which is represented by the mean value of pm  in the entire image. 

3. Our Proposed Method 

In this section, we introduce our proposed simple and effective texture descriptor, multiscale group 
variance binary pattern (MGVBP). Our proposed multiscale grouped variance binary pattern 
descriptor achieves robustness in dealing with textures with high-intensity noise. First, we introduce 
the local median group pattern (LMGP), which encodes the center pixel and adjacent pixels in a 
median and grouping manner to obtain relatively compact descriptors. Then, we will introduce the 
local variance binary pattern (LVBP), which works by encoding the center pixel with the variance.  
Finally, we introduce the multi-scale form of the MGVBP descriptor.  

3.1 Local Median Group Pattern (LMGP) 

 

Figure 2. The local median grouping pattern operator. ,r pmed
g  represents the median gray value of 

the local image area around the p-th neighborhood pixel. 

 

In related work, we introduced that Ojala et al. first proposed to extract local features of LBP texture 
images in a 3*3 rectangular neighborhood window. However, the texture features extracted by the 
rectangular neighborhood window are not only too limited to extract large-scale texture features, but 
also cannot achieve rotation invariance. In response to the above two defects, Ojala et al. proposed to 
use the LBP of the circular neighborhood to extract the features of the texture image, although the 
LBP of the circular domain achieved rotation invariance. However, neither the rectangular 
neighborhood nor the circular neighborhood only operates on a single pixel, thus ignoring the texture 
information around a single pixel. Therefore, to extract the texture information around adjacent pixels 
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in the local structure, and inspired by the LGONBP descriptor proposed by Guo et al.[36], We propose 
a local median group pattern to extract texture information around adjacent pixels in local regions. 
We first replace the gray value of a single-pixel with the median value of the local image area around 
each neighboring pixel. Then, these adjacent pixels are grouped according to a certain rule, and binary 
coding is performed on the grouped adjacent pixels. Figure 2 shows the LMGP operator, which is 
described as follows: 

Figure 2 shows the LMGP operator. As shown in Figure 2.  We choose P=16 adjacent pixels, and 
the 16 adjacent pixels are evenly divided into four groups, each group is arranged in the order of the 
circular field. Rotate the clock by 45 degrees to the group, and then encode the 4 adjacent pixels of 
each group respectively. 

Given a texture image I whose center pixel is x, we first calculate the median gray value of each 
adjacent pixel and the local texture image region around the center pixel: 

 

  ,cmed c wg G                           (6) 

 

  
, , ,r pmed r p wg G                            (7) 

 

where ,c wG  represents the local image area with the size w w around the central pixel, , ,r p wG  

represents the local image area around the p-th neighborhood pixel, and (.) represents the median 
gray value of the local image area. 

Figure 3 shows the difference in neighborhood structure between LBP and LMGP. It can be seen that 
LGMP can not only capture a large range of local texture information but also improve the robustness 
to high levels of noise. 

 

 

Figure 3. Comparison of local binary pattern and local median group pattern. 

 

Figure 3 shows the structural composition of the comparison pixels for the local binary pattern and 
the local median grouping pattern. Among them, 3-a represents a schematic diagram of a local binary 
mode sampling structure, and 3-b represents a schematic diagram of a local median grouping pattern 
sampling structure. In the local binary pattern, the structure model of the 8 adjacent pixels and the 
central pixel is composed of a single pixel, and the 8 adjacent pixels and the center pixel of the local 
median grouping pattern are composed of the median values of their respective surrounding pixels. 

Afterward, the adjacent pixels are evenly divided into several groups according to the method of 
rotating 45 degrees clockwise, and finally, the adjacent pixels of each group are binary-coded 
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respectively. In this paper, to achieve better classification in texture images, we will divide all pixels 
into 6 groups, each with four adjacent pixels. The grouping formula can be defined in the following 
form: 
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where ( 1,2, )
i
i n

med
g    represents a vector, and this vector is represented as the gray value of the adjacent 

pixels of the i-th group. Finally, we encode the four pixels of each group. 

Our proposed LMGP operator has the following advantages. Firstly, we propose to perform the 
median operation on the texture information around a single adjacent pixel in the local area, which 
can expand the extraction range of LMGP, capture a wider range of texture information, and improve 
the robustness to high-level noise. Secondly, we use sequential grouping method to group adjacent 
pixels, which can capture texture information more compactly, improve the efficiency of texture 
classification and obtain excellent classification performance. 

3.2 Local Variance Binary Pattern 

The main idea of the local median grouping pattern is to use the median to extract the texture 
information around a single adjacent pixel in the local area and to sequentially group the adjacent 
pixels reconstituted from the texture information around the single adjacent pixel. The neighborhood 
pixels of each group are encoded. It is worth noting that in CLBP[21], the center pixel exhibits good 
discriminative power, but the center pixel in the local median grouping mode is not fully utilized. 
Inspired by CLBP, in this section, we propose local variance binary pattern (LVBP) to construct the 
histogram of texture images by encoding the center pixel with variance. Its calculation process is 
shown in Figure 4: 

 

 

Figure 4. Schematic diagram of local variance binary pattern. 

 

In Figure 4, (.)s  represents the sign function, ,r pmed
g  represents the gray value of the center pixel,

IV represents the variance gray value of all center pixels in image I. 

The main idea of the local variance binary pattern is: Firstly, the variance of all central pixels in the 
entire image I am calculated as the final central pixel, and then the central pixel is binarized. Finally, 
we propose to encode the central pixel and LMGP The histogram feature is constructed by combining, 
and the histogram feature is used as the description of the image texture information. The local 
variance binary patterns thus generated can not only improve robustness to high levels of noise but 
also have high discriminative power. 
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First, we use the center operator [21] to quantize the gray value of each center pixel to a binary value: 
 

  , cr P med IC s g V                            (9) 
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where, cmed
g  represents the gray value of the center pixel, IV  represents the variance gray value of 

all center pixels in the image I, and (.)s  represents the sign function. 

Then, a histogram is constructed by joint feature encoding. Finally, all the histograms are 
concatenated to obtain the single-scale group variance binary pattern (GVBP) descriptor. 
 

 , , ,1 , ,2 , ,, , ,r P r p r p r p nH H H H                         (11) 

 

where r  is the radius of the sampling point within the circular neighborhood, P  represents the 
number of sampling points, and , ,r p nH  represents the histogram of the p-th sampling points on the 
circular area with radius r . 

3.3 Multiscale Group Variance Binary Pattern 

Multiscale analysis plays a crucial role in image representation and classification. In this subsection, 
we introduce the multiscale group variance binary pattern (MGVBP) for texture classification. 
Specifically, by changing the number of samples of (R, P), we can create multiple single-scale GVBP 
descriptors to capture multi-scale image texture information by changing the number of adjacent 
pixels and radius. Figure 5 shows the general flow chart of our proposed multi-scale group variance 
binary pattern. As shown in Equation (12), our multi-scale group variance binary pattern descriptor 
is obtained by concatenating multiple different single-scale GVBP descriptors obtained: 
 

 1 2, , , JMGVBP GVBP GVBP GVBP                    (12) 

 

where J represents the maximum value of the number of single scales. For the classification accuracies 
of our proposed MGVBP descriptors, we report in the next section on five public datasets (UIUC, 
CUReT, KTH-TIPS, Kylberg, and Brodatz) and eight typical state-of-the-art texture classification 
methods (CLBP [34], CLBC [ 46], ECLBP[45], MCDR[44], JRLP[47], LGONBP[50], SSLBP[48] 
and MSDMD[49]) for detailed description. 

 

 

Figure 5. Flowchart of the multiscale grouped variance binary pattern descriptor. 
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4. Experiments 

In this section, we conduct various experiments on the multi-scale group variance binary mode on 
five commonly used public texture datasets (UIUC, CUReT, KTH-TIPS, Kylberg, and Brodatz) to 
demonstrate the robustness of our proposed multi-scale grouped variance binary model to deal with 
high levels of noise and discriminativeness of textured images. 

4.1 Texture Dataset 

There are 61 types of 5612 pictures in the CURET gray-scale texture image library. The geometric 
dimensions and optical characteristics of the objects captured in this texture image library are diverse. 
KTH-TIPS consists of 10 texture classes. Each class contains 81 200 * 200 images from the four 
different samples under complex imaging conditions. There are 112 different gray-scale images in 
the Brodatz, each of which is 640 * 640 in size. The texture images are all-natural images. Now each 
picture is 160 * 160. Kylberg datasets contain 28 types of texture, 160 576 * 576-pixel images in each 
type. All images are standardized with an average value of 127 and a standard deviation of 40. We 
select 20 texture classes and 60 texture images for each class, we use 24 classes in the UIUC dataset 
with 32 images per class for experiments. 

4.2 Experimental Settings 

 
Figure 6. Classification accuracy of MGVBP descriptor in different radius and different sampling 

points of noise-free texture image. 

 

It is very important to set several important parameters in our proposed MGVBP descriptor. Next, we 
will analyze these parameters on the CUReT dataset. First, we analyze the effect of setting different 
radii and sampling points on our proposed MGVBP descriptor without adding any noise to the texture 
image. As shown in Figure 6: 

Figure 6 shows the classification accuracy of our proposed multi-scale grouped variance binary 
pattern on the CUReT dataset for noise-free texture images with different radii and different sampling 
points. Among them, Figure 6-a shows the classification accuracy of our proposed multi-scale 

grouped variance binary pattern 1 2 3r r rMGVBP    on the CUReT dataset for noise-free texture images 
at different radius; Figure 6-b represents the classification accuracy of multi-scale grouped variance 

binary pattern 1 2 3r r rMGVBP    noise-free texture images at different sampling points on the CUReT 
dataset. To better analyzing the influence of different radius on our proposed multi-scale group 

variance binary pattern descriptor, in Figure 6-a, we set six different radius 1 2 3MGVBP   , 3 4 5MGVBP   , 
4 5 6MGVBP   , 3 5 7MCVBP   , 6 7 8MCVBP   , 7 8 9MCVBP   respectively, to analyzing the effect of different 

radius settings on classification accuracy. It is evident from Figure 6-a that our proposed multi-scale 
grouped variance binary pattern achieves effective classification accuracy when the radius of the 

descriptor 1 2 3r r rMGVBP    is set to 3 5 7MGVBP   . To better analyzing the influence of the different 
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number of sampling points on our proposed multi-scale group variance binary pattern, in Figure 6-b, 
we set four different numbers of adjacent pixels respectively, from Figure 6 It can be clearly seen 

from Figure b that when the number of sampling points P is set to 1 2 3P P P  = 24, our proposed 
multi-scale grouped variance binary pattern achieves satisfactory classification results. 

 

 
Figure 7. Classification accuracy of MGVBP descriptors at different radius after adding different 

degrees of Gaussian noise. 

 

Figure 7 shows the classification accuracy of our proposed multi-scale grouped variance binary 
pattern with different radius after adding Gaussian noise with different signal-to-noise ratios to each 
texture image in the CURET dataset. Like the noise-free texture image Figure 6-a, here we set six 

different radius 1 2 3MGVBP   , 3 4 5MGVBP   , 4 5 6MGVBP   , 3 5 7MCVBP   , 6 7 8MCVBP   , 7 8 9MCVBP    to 
analyzing the effect of different radius settings on the classification accuracy. To more clearly 
demonstrate the classification accuracy of our proposed multi-scale grouped variance binary pattern 
under Gaussian noise of different radius, we present two different graphs here. Figure 7-a shows the 
histogram of the classification accuracy under Gaussian noise for the different radius of the multi-

scale grouping variance binary pattern 1 2 3r r rMGVBP   , and Figure 7-b shows a line graph of the 
classification of the different radius of the multi-scale grouped variance binary pattern under Gaussian 

noise. It can be clearly seen from the histogram when the radius of the 1 2 3r r rMGVBP   descriptor is set 

to 3 5 7MGVBP   , the classification accuracy of the 1 2 3r r rMGVBP    descriptor under different degrees 
of high-level Gaussian noise has achieved satisfactory classification results.  

Figure 8 shows the classification accuracy of our proposed multi-scale grouped variance binary 
pattern at different sampling points after adding Gaussian noise with different signal-to-noise ratios 
to each texture image in the CUReT dataset. The same as the noise-free texture image in b of Figure 
6, here, we set four different numbers of adjacent pixels, the four types of sampling points to analyzing 
their impact on classification accuracy. Like Figure 7, to more clearly show the classification 
accuracy of our proposed multi-scale group variance binary mode under Gaussian noise at different 
sampling points, we show two different graphs here. Figure 8-a shows the histogram of the 
classification accuracy of different sampling points of the multi-scale grouped variance binary pattern 
descriptor under Gaussian noise, and Figure 8-b shows a line graph of the classification of different 
sampling points of the multi-scale grouped variance binary pattern under Gaussian noise. It can be 
seen from Figure 8 that when the number of three sampling points of the descriptor is 24, our 
proposed multi-scale group variance binary mode achieves satisfactory classification under the high 
level of Gaussian noise result.  
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Figure 8. Classification accuracy of MGVBP descriptors at different sampling points after adding 

different degrees of Gaussian noise 

 

In summary, in this experiment on five datasets (CUReT, UIUC, Brodatz, Kylberg, and KTH-TIPS), 
we set high-level Gaussian noise with SNR of 100, 30, 15, 10, and 5, respectively. The multi-scale 

radius r is 3 5 7MGVBP   , and the number of sampling points is set to 1 2 3P P P  = 24. Under these 
data settings, our proposed MGVBP exhibits robustness to dealing with high levels of noise, 
invariance to illumination changes and discriminative power for textured images. 

4.3 Classification Performance & Comparison 

In this subsection, we compare the multi-scale group variance binary model with eight representative 
texture classification methods on five public datasets (CUReT, UIUC, Brodatz, Kylberg, and KTH-
TIPS) to show our proposed robustness of the multi-scale grouped variance binary pattern to high 
levels of noise.The eight texture classification methods include CLBP [21], CLBC [32], ECLBP [31], 
MCDR [30], JRLP [33], LGONBP [36], SSLBP [34], and MSDMD [35]. 

Results on the CUReT dataset: Table 1 shows the classification results of our proposed MGVBP on 
the CUReT dataset. It is shows from Table 1 that our proposed MGVBP descriptor achieves the 
satisfactory classification accuracy compared with other descriptors in both no-noise and with 
different degrees of noise added. The classification accuracy of our proposed MGVBP descriptor is 
4.75% higher than that of the CLBP descriptor. Experimental results on the CUReT dataset show that 
our proposed multi-scale grouped variance binary pattern descriptor is not only robust to varying 
degrees of high-level Gaussian noise but also illumination invariant. 

 

Table 1. Classification accuracy rates of the nine texture classification methods on CUReT dataset 

Methods Noise-free SNR 

100 30 15 10 5 

MCDR 86.78 69.60 59.03 49.47 43.62 35.61 

CLBP 94.65 94.85 90.17 84.49 79.51 69.03 

ECLBP 82.51 96.70 91.43 84.78 83.22 83.48 

CLBC 95.50 95.48 91.45 86.55 81.65 71.67 

JRLP 98.77 97.93 97.20 96.40 94.56 91.68 

LGONBP 97.49 97.65 96.52 95.13 93.75 89.56 

SSLBP 99.51 96.90 96.53 94.83 92.53 87.56 

MSDMD 97.81 53.68 59.21 62.43 63.47 65.07 

MGVBP 99.81 98.50 97.50 96.51 95.35 92.00 
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Table 2. Classification accuracy rates of the nine texture classification methods on Brodatz dataset 

Methods Noise-free SNR 

100 30 15 10 5 

MCDR 83.95 90.98 90.98 89.12 88.90 86.31 

CLBP 95.57 86.25 86.25 80.70 76.17 66.30 

ECLBP 98.82 71.08 71.08 65.62 60.70 51.70 

CLBC 97.28 86.61 86.61 85.75 85.46 78.39 

JRLP 97.07 90.98 90.98 89.12 88.51 86.37 

LGONBP 95.64 91.87 91.08 89.85 88.53 85.55 

SSLBP 100 90.57 89.48 88.69 88.69 86.71 

MSDMD 96.32 34.93 37.24 38.39 38.88 38.83 

MGVBP 97.50 92.60 90.94 90.25 90.00 87.37 

 

Results on the Brodatz dataset: As can be seen from Table 2, SSLBP performs the best without noise 
on the Brodatz dataset, followed by our proposed MGVBP descriptor. The classification accuracy of 
the MGVBP is higher than the state-of-the-art The classification accuracy of the LGONBP descriptor 
increases by 1.68%. After adding different degrees of Gaussian, when the noise level SNR was 
changed from 100 to 5, the classification accuracy of all descriptors decreased overall, but when the 
SNR was changed to 15, 10, and 5, the other descriptors the classification accuracy drops sharply, 
such as MSDMD and ECLBP, while our proposed MGVBP achieves relatively satisfactory 
classification accuracy compared with other state-of-the-art descriptors.  

Classification results on the KTH-TIPS dataset: Table 3 shows the classification results of our 
proposed MGVBP descriptor on the KTH-TIPS dataset. As can be seen from Table 3, the SSLBP 
descriptor achieves competitive experimental results under noise-free conditions. However, on the 
KTH-TIPS dataset, when the Gaussian noise SNR varies from 100 to 5, the typical classification 
accuracy of the CLBP descriptor and LGONBP has dropped sharply, while the MGVBP descriptor 
we proposed has also declined, but the decline rate is much gentler than that of CLBP, and when the 
SNR of Gaussian noise reaches 5, our proposed MGVBP compared with MSDMD descriptor, the 
classification accuracy is improved by 17.17%. This indicates that our proposed MGVBP achieves 
satisfactory classification accuracy on the KTH-TIPS dataset. 

 

Table 3. Classification accuracy rates of the nine texture classification methods on KTH-TIPS 
dataset 

Methods Noise-free SNR 

100 30 15 10 5 

MCDR 92.60 92.82 86.34 78.95 73.95 66.00 

CLBP 95.05 94.25 90.29 85.20 80.34 66.64 

ECLBP 78.71 86.05 78.57 75.25 72.38 66.71 

CLBC 92.56 94.26 90.15 84.40 80.07 67.65 

JRLP 93.30 94.86 93.98 91.12 87.67 82.89 

LGONBP 96.07 92.63 90.73 88.92 86.63 81.04 

SSLBP 99.39 95.10 93.07 90.28 85.36 81.94 

MSDMD 97.78 59.02 60.07 61.54 62.02 66.44 

MGVBP 97.61 95.25 94.20 91.22 88.86 83.61 
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Table 4. Classification accuracy rates of the nine texture classification methods on UIUC dataset 

Methods Noise-free SNR 

100 30 15 10 5 

MCDR 72.58 83.30 77.50 71.38 63.28 49.32 

CLBP 95.55 86.45 74.71 64.37 54.80 42.81 

ECLBP 79.61 79.17 70.70 64.36 63.10 56.68 

CLBC 90.47 79.30 71.25 65.00 60.83 52.73 

JRLP 97.79 94.06 91.76 90.24 88.63 84.36 

LGONBP 83.58 90.95 88.54 85.70 84.58 81.00 

SSLBP 98.28 98.03 93.98 90.86 88.71 86.20 

MSDMD 97.54 48.80 48.70 49.44 50.82 51.24 

MGVBP 98.37 94.40 93.00 91.10 89.71 86.22 

 

Classification results on UIUC dataset: Table 4 shows the classification results of our proposed 
MGVBP descriptor on the UIUC dataset. It can be seen from Table 4 that the MGVBP descriptor 
achieve satisfactory classification accuracy without adding noise to the texture image. And, after 
adding different degrees of Gaussian noise, the classification results of MSDMD descriptors drop 
rapidly, especially when the Gaussian noise SNR reaches 10 and 5, the classification accuracy of 
MSDMD drops to 51.24%. Compared with other texture descriptors, our proposed MGVBP 
descriptor achieves satisfactory classification results when the Gaussian noise SNR varies from 100 
to 5. The classification results on the UIUC dataset show again the robustness of our proposed 
MGVBP descriptor to high levels of noise. 

Classification results on the Kylberg dataset: Tables 5 show the classification results of our proposed 
MGVBP descriptor on the Kylberg dataset. It is obvious from Table 5 that satisfactory classification 
results are obtained without adding noise to the texture image, and the classification accuracy of our 
proposed MGVBP descriptor is the same as that of MSDMD, SSLBP, and JRLP descriptors, all 
reached 100%. When adding different degrees of Gaussian noise to texture images, our proposed 
MGVBP descriptor achieves satisfactory classification results on the Kylberg dataset. When the 
Gaussian noise SNR reaches 10 and 5, the classification accuracy of the MSDMD descriptor drops 
severely, from 100% to 54.78%. Our proposed MGVBP is also decreasing, but only by 0.25%. 

 

Table 5. Classification accuracy rates of the nine texture classification methods on Kylberg dataset 

Methods Noise-free SNR 

100 30 15 10 5 

MCDR 99.30 99.93 99.80 98.75 98.31 92.80 

CLBP 99.40 97.28 95.03 90.30 86.23 77.35 

ECLBP 98.71 72.50 67.68 57.40 51.11 46.20 

CLBC 99.98 97.90 96.35 94.26 99.86 88.58 

JRLP 
100 99.48 98.10 98.02 97.10 98.60 

LGONBP 
99.98 99.94 98.95 99.43 99.70 99.68 

SSLBP 
100 99.90 99.36 99.18 99.36 98.72 

MSDMD 
100 42.05 45.45 47.45 49.28 54.78 

MGVBP 
100 99.95 99.93 99.83 99.81 99.75 
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5. Conlusion 

We propose a simple and robust texture descriptor for texture classification, named multiscale group 
variance binary pattern (MGVBP). multiscale group variance binary pattern is based on a process 
involving neighborhood pixel grouping, image median and variance comparison, and the proposed 
method handles images with high-noise textures and increases the discriminative and classification 
performance by capturing both local texture information. The multi-scale group variance binary 
pattern is mainly composed of the local median group pattern (LMGP) and the local variance binary 
pattern (LVBP). The local median group pattern extracts the texture information around adjacent 
pixels in the local area. The local variance binary pattern mainly constructs the histogram by binary 
encoding the center pixel. Our proposed MGVBP descriptor is evaluated on popular texture datasets 
for classification tasks (KTH-TIPS, CUReT, UIUC, Brodatz, and Kylberg) and under different high-
noise conditions. Compared with state-of-the-art texture classification methods, MGVBP achieves 
satisfactory classification performance.  
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