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Abstract

Texture similarity calculation constitutes one of the fundamental approaches in
big data analysis and data mining. To address the issue of insufficient discrimina-
tive capability of existing texture features for color images, this paper proposes
a texture similarity calculation method based on improved LBP features. The
method introduces three feature fusion modes—extreme value mode, summation
mode, and encoding mode—to fuse LBP features extracted from the H, S, and
V channels of color images, thereby obtaining texture description features for
color images. Fusion operations are performed at three stages: neighborhood
pixel LBP calculation, center pixel LBP calculation, and histogram feature ex-
traction, which enhances the discriminative capability of the features. Texture
similarity calculation experiments conducted on the VisTex texture database
demonstrate that the false acceptance rate, false rejection rate, and equal error
rate of the proposed method are significantly lower than those of the methods
described in references [7, 8, 9].
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Abstract

Texture similarity calculation is one of the fundamental techniques in big data
analysis and data mining. To address the limited discriminative power of ex-
isting texture features for color images, this paper proposes an improved tex-
ture similarity calculation method based on fused Local Binary Pattern (LBP)
features. The method introduces three feature fusion modes—extreme mode,
summation mode, and encoding mode—to fuse LBP features extracted from the
H, S, and V channels of color images, yielding comprehensive texture descrip-
tion features for color images. Fusion operations are performed at three stages:
LBP calculation of neighborhood pixels, LBP calculation of central pixels, and
histogram feature extraction, thereby enhancing feature discriminability. Exper-
imental results on the VisTex texture database demonstrate that the proposed
method achieves significantly lower false acceptance rate (FAR), false rejection
rate (FRR), and equal error rate (EER) compared to the methods described in
references [7, 8, 9].

Keywords: texture similarity; local binary pattern; multi-channel; similarity
metric; feature fusion

0 Introduction

Texture features are commonly used visual features for image representation
and description, characterizing the surface structure and organization of objects
with periodic or gradual variations. As quantized visual features, the similarity
between texture features can directly reflect the similarity between correspond-
ing images. Consequently, texture similarity calculation serves as a fundamen-
tal tool in big data analysis and data mining, enabling classification, retrieval,
matching, and correlation of different texture images [1,2]. Texture features
form the basis for such calculations, with commonly employed features includ-
ing gray-level co-occurrence matrices, Gabor filters, and Local Binary Patterns
(LBP). However, these features primarily describe grayscale image textures and
prove insufficient for color images, exhibiting weak discriminative power [3-6].

Numerous effective methods have emerged for color image texture similarity
calculation. Reference [7] proposed a statistical model-based approach for color
image texture feature extraction, which applies a pyramidal dual-tree directional
filter bank for image filtering, estimates Gamma distribution parameters using
moment estimation methods, and employs these parameters as color image tex-
ture features with KL divergence for similarity measurement. Reference [8]
introduced an illumination-robust color texture descriptor called the Intensity-
Color Contrast Descriptor, constructed by fusing LBP features with color con-
trast features, and utilized cosine similarity for texture comparison. Reference
[9] presented a quaternion rotation-invariant texture feature that computes the
Fourier spectral norm of color quaternions based on how object colors vary with
illuminant spectral power distribution, lighting, and viewing angles. While these
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methods can describe color image textures, their discriminative capabilities re-
main limited.

To address this limitation, this paper proposes a multi-channel multi-mode fused
LBP feature for texture similarity calculation in color images. The primary
innovation lies in introducing three fusion modes—extreme mode, summation
mode, and encoding mode—specifically designed for multi-channel LBP features,
enabling comprehensive calculation and fusion of LBP features across the H, S,
and V color channels.

1 Overview of Texture Similarity Calculation

Texture similarity calculation characterizes the similarity between different tex-
tures based on their feature similarities, encompassing two key components:
feature selection and similarity measurement.

1.1 Feature Selection

Current texture features fall into four categories: statistical, model-based, struc-
tural, and signal-processing features. Statistical features describe pixel gray-
level properties within neighborhoods, with gray-level co-occurrence matrices
being representative. These matrices estimate second-order joint conditional
probability densities, describing gray-level co-occurrence probabilities for pixel
pairs at specific directions and distances. While offering good discriminative
ability, they suffer from low computational efficiency. Model-based features
characterize texture distributions by estimating model parameters, commonly
employing random field models and fractal models. However, parameter es-
timation requires large sample sizes, which is often impractical. Structural
features treat texture elements as primitives, describing textures through prim-
itive types, orientations, and quantities. Signal-processing features derive from
time-domain, frequency-domain, and multi-scale analyses, typically applying
transformations (e.g., LBP, DCT, Gabor) to images or sub-blocks and extract-
ing features from the transformed domains. These transformed domain features
generally exhibit stronger discriminative power and are widely used for texture
description.

Given that our primary contribution involves multi-channel multi-mode fusion
of LBP, we focus on LBP feature selection. For a pixel point (z,y) in a grayscale
image, traditional LBP calculation employs a circular neighborhood centered at
(z,y) with radius R, comparing N neighboring pixels with the central pixel.
The comparison results (binary values, 0 or 1) are concatenated in a specific
order to obtain the LBP value:

i

LBP(z,y) =Y 2" f(I, —1I,)

n c
n=0
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1, ifz>0
where f(z) =<’ ne=

0 therwise’ 1, represents the gray value of the central pixel
, otherwise

(z,y), and I,, denotes the gray value of the n-th neighboring pixel. The number
of neighboring pixels increases with radius R, as illustrated in [Figure 1: see
original paper]. In this paper, we set R = 2.

After computing LBP values for all pixels, the original grayscale image trans-
forms into an LBP image, from which global or local histogram features are
extracted to generate the LBP feature vector.

1.2 Similarity Measurement

Texture similarity between images can be represented by the similarity be-
tween their corresponding feature vectors. Let X = (zy,2,,...,2,) and Y =
(Y1, Yas - » Yp,) be two n-dimensional feature vectors. Common similarity mea-
sures include:

a) Euclidean Distance: The most widely used distance metric, defined as:

X Y) = |3 e — up)?

k=1

b) Manhattan Distance: Also known as city block distance:

dX,Y) = Z |z — il
k=1
c) Chebyshev Distance: Inspired by king’ s moves in chess:
" 1/p

d(X,Y) = mgx |z — yi| = plggo (Z |2y, — yk|p>

k=1
d) Minkowski Distance: A generalization of the above distances:

n 1/p
dX,Y) = (Z |, — ykp>
k=1

When p = 1, it becomes Manhattan distance; when p = 2, Euclidean distance;
and as p — 0o, Chebyshev distance.

e) Cosine Similarity: Measures directional difference between feature vectors.
Larger values indicate smaller angles and higher similarity:

Zzzl LYk

\/Zzzl a3 \/22:1 Yi

cosf =
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2 Multi-Channel Multi-Mode Fusion of Local Binary Pat-
terns

LBP is a widely used texture feature with advantages including intensity in-
variance, rotation invariance, and illumination insensitivity, making it popular
for texture similarity calculation in face recognition and expression analysis.
However, LBP is typically extracted from grayscale images, inevitably losing
discriminative information for color images. Some researchers have proposed
computing LBP independently on each color channel (e.g., R, G, B) and con-
catenating features at either the LBP image level or histogram level. Yet this
approach neglects inter-channel relationships at each pixel, resulting in high re-
dundancy and limited discriminative improvement, thereby reducing reliability
in color image texture similarity calculation.

To overcome this limitation, we propose a multi-channel multi-mode fused LBP
feature that performs fusion at three stages: neighborhood pixel LBP calcu-
lation, central pixel LBP calculation, and histogram feature extraction. This
yields more comprehensive local binary patterns, enhancing inter-texture dis-
crimination and similarity calculation reliability.

For color images, we compute LBP features in the HSV color space due to its
independent intensity, hue, and saturation channels, which produce weakly cor-
related features with minimal mutual interference during fusion. We calculate
LBP on the H, S, and V channels using the aforementioned formula, denoting
the LBP value for pixel (z,y) in channel t as LBP,(x,y), where t € {H,S,V}.

We design three multi-channel fusion modes operating on each neighborhood
pixel’ s LBP values across the three channels:

a) Extreme Mode: Takes the maximum value among the three channel LBP
values as the fused result:

M, = LBP,
m(xa y) te{%f}ng} t(xa y)

b) Summation Mode: Sums the three channel LBP values:

Ma(xay): Z LBPt<xay)
te{H,S,V}

c) Encoding Mode: Encodes the three binary LBP values (0 or 1) in H-S-V

order as a binary number:

M, (2,y) = LBPy(x,y) x 4+ LBPs(x,y) x 2+ LBP, (,y)

provides examples of these three fusion modes applied to H, S, and V channel
LBP values. The extreme mode yields binary values in [0, 1], summation mode
produces values in [0, 3], and encoding mode generates values in [0, 7].
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The mapping functions for these modes can be expressed as:

M (2.y) 1, if max, LBP,(z,y) =1
T,y) =

m\Y 0, otherwise

1, if >, LBP(z,y) > 1

0, otherwise

Ma(xvy) = {

1, if LBPy x4+ LBPgx 2+ LBP, =¢

0, otherwise

Me(x’y) = {

where ¢ represents the encoded value. For each pixel’ s three channel LBP
values, we generate 2 extreme mode outputs, 4 summation mode outputs, and
8 encoding mode outputs.

Similarly, the fused LBP values for central pixels are computed as:

N-1
LBP,(x,y) = Y 2" M,(z,y)
n=0

N—-1
LBPa<m7y) = Z 2m. Ma(xay>
n=0

N-1
LBP,(z,y) =Y _ 2" M,(z,y)
n=0

Thus, each central pixel yields 14 fused LBP values, transforming a color image
into 14 fused LBP images.

To obtain the multi-channel fused feature vector, we first compute histograms
for the 2 extreme-mode fused LBP images:

=
T

Hyp(e) = S(LBP,(5,),2), <€0,1]

T
8
I
<}
<
g

where W and H are image width and height, and ¢(a,b) = 1 if a = b, otherwise
0.

Similarly, histograms for the 4 summation-mode and 8 encoding-mode fused
LBP images are:

h
ay
L

H,(c) = WL S(LBP,(z,y),2), =€ [0,3]

=
8
Il
o
<
I
o
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m

1 W— —1
H = T ® LBPe(xay)ag)a €€ [077]

el WH —

)i
(=)

After normalization, we concatenate the three histogram feature vectors:

H=[H, H,H]

In summary, our multi-channel multi-mode fused LBP feature begins fusion at
the neighborhood pixel LBP calculation stage, proceeding through central pixel
fusion, individual mode histogram fusion, and final histogram concatenation.
Compared to traditional channel-independent LBP calculation with simple con-
catenation, our approach produces features with lower redundancy and stronger
discriminative power.

3 Simulation Experiments

Our innovation is a multi-channel multi-mode fused LBP feature extraction
method for color image texture similarity calculation. We evaluate its perfor-
mance through comparative experiments against existing methods.

Experimental Setup

We select the publicly available VisTex natural texture image database, which
contains 640 images across 40 texture categories (16 images per category) at
128128 resolution with 24-bit color depth. Sample images are shown in [Figure
2: see original paper].

Evaluation metrics include False Acceptance Rate (FAR), False Rejection Rate
(FRR), and Equal Error Rate (EER). FAR measures the proportion of inter-class
textures incorrectly accepted as matching, while FRR measures the proportion
of intra-class textures incorrectly rejected. EER is the rate at which FAR equals
FRR. These metrics are threshold-dependent: higher similarity thresholds de-
crease FAR but increase FRR.

We compare our method against those in references [7-9] using three similarity
measures: Euclidean distance, Manhattan distance, and cosine similarity.

Results and Analysis

[Figure 3: see original paper], [Figure 4: see original paper], and [Figure 5: see
original paper| present performance comparisons under Euclidean, Manhattan,
and cosine similarity measures, respectively. Three key conclusions emerge:
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a) FAR and FRR Comparison: Across all similarity measures, our multi-
channel multi-mode fused LBP feature consistently outperforms the three com-
parison methods. For equivalent FRR values, our method yields lower FAR;
conversely, for equivalent FAR values, our method produces lower FRR.

b) EER Comparison: Regardless of similarity measure, our method achieves
the lowest EER values, followed by reference [9], with reference [7] performing
worst.

c) Measure Sensitivity: For all four methods, cosine similarity produces the
lowest EER, Manhattan distance the highest, with Euclidean distance close
to cosine similarity. Reference [9]" s method shows the greatest sensitivity to
similarity measure choice, while our method exhibits the least.

These results confirm that combining our multi-channel multi-mode fused LBP
features with cosine similarity yields optimal texture similarity calculation per-
formance.

4 Conclusion

Addressing the limited discriminative power of features in color image texture
similarity calculation, this paper proposes a multi-channel multi-mode fused
LBP feature. Unlike traditional channel-independent LBP calculation with sim-
ple concatenation, we introduce three fusion modes—extreme, summation, and
encoding—applied across three stages: neighborhood pixel LBP calculation, cen-
tral pixel LBP calculation, and histogram extraction. The resulting color image
texture descriptors exhibit low redundancy and strong discriminative capability,
significantly improving texture similarity calculation performance.
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