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Multidimensional Local Binary Pattern for
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Abstract— For the large amount of spatial and spectral infor-
mation contained in hyperspectral image (HSI), feature descrip-
tion of HSI has attracted widespread concern in recent years.
Existing deep learning-based HSI feature description algorithms
require a large number of training samples and have poor
interpretability. Therefore, it is necessary to develop an efficient
HSI features description algorithm with interpretability based
on machine learning. Local binary pattern (LBP) is a classical
descriptor used to extract the local spatial texture features
of images, which has been widely applied to image feature
description and matching. However, the existing LBP algorithms
for HSI are based on the single-dimensional description, which
leads to the limitations on the expression of spatial–spectral
information. Therefore, a multidimensional LBP (MDLBP) based
on Clifford algebra for HSI is proposed in this article, which is
able to extract spatial–spectral feature from multiple dimensions.
First, with the theory of the Clifford algebra, a new representa-
tion of HSI including spatial and spectral information is built.
Second, the geometric relationship between the local geometry
of HSI in Clifford algebra space is calculated to realize the
local multidimensional description of the local spatial–spectral
information. Finally, a novel LBP coding algorithm for HSI is
implemented based on the local multidimensional description to
calculate the feature descriptor of HSI. The experimental results
on HSI classification show that our proposed MDLBP algorithm
can achieve higher accuracy than the representative spatial–
spectral features and the existing LBP algorithms, especially in
the scenery of small-scale training samples.

Index Terms— Clifford algebra, hyperspectral image (HSI),
local binary pattern (LBP), machine learning, multidimensional
description.

I. INTRODUCTION

HYPERSPECTRAL image (HSI) contains not only the
spatial feature of the object but also the spectral infor-

mation of the object. In recent years, HSI is widely applied to
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various fields, such as biomedicine [1], [2], agriculture [3], [4],
mineralogy [5], [6], military [7], and face recognition [8],
[9]. Since the feature extracted from HSI is the basic of
these applications, how to efficiently extract and describe the
features of HSI has become a research hot spot.

The existing deep learning-based HSI feature description
algorithms typically require a large number of labeled samples
in the training process. However, due to the complex shooting
environment of HSI, it is difficult to obtain sufficient labeled
samples for the deep learning-based algorithms. In addition,
since the deep neural network is usually regarded as a “black
box,” the deep learning-based description algorithms of HSI
are unexplainable, which limits its application for military,
biomedical, and other fields.

Local binary pattern (LBP) [10] is a local feature descrip-
tion algorithm, which has the advantage of creative theory
and low computational complexity. Moreover, it can provide
the rotation invariance and understandability. LBP is widely
used in various fields, such as texture analysis of gray-
scale images [11], spatio-temporal feature description of video
sequence frames [12], detection and tracking of pedestrians
and vehicle targets [13], biological and medical image analy-
sis [14], and 3-D image feature description [15]. LBP has also
been successfully applied to HSI, such as HSI matching and
classification [16]–[18].

However, HSI exhibits the characteristics of strong correla-
tion between bands and additional spectral information. Most
of the existing LBP algorithms for HSI are the extension
versions of the LBP designed for gray image, which describes
only the spatial–spectral features of HSI in a single dimension,
and does not consider the characteristics of high-dimensional
data in spatial–spectral domain. Therefore, based on the Clif-
ford algebra, a multidimensional LBP (MDLBP) is proposed
to fully describe the spatial–spectral information from multiple
dimensions. Specifically, the contribution of this article mainly
includes the following four aspects.

1) A local multidimensional description model (LMDM) in
Clifford algebra space is proposed as the basis of HSI
processing. It calculates the geometric relationship from
multiple dimensions to obtain a local multidimensional
description set, which can effectively represent the local
spatial–spectral information.

2) Based on LMDM, an effective LBP coding method
is designed for HSI classification. It can learn the
discriminative MDLBP features by analyzing the geo-
metric difference of HSI pixels in a local neighborhood.
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3) It provides a novel extensible framework to learn
spatial-spectral feature in Clifford algebra space. More
importantly, it gives a mathematical explanation for the
combination of spatial and spectral features.

4) Due to the multidimensional geometric analysis, our pro-
posed MDLBP algorithm achieves better performance
than the spatial–spectral features and the existing LBP
algorithms, especially when the number of training sam-
ples is small.

II. RELATE WORK

A. Local Binary Pattern

In 2002, Ojala et al. [10] proposed the original LBP which
is defined in the 3 × 3 square neighborhood for the gray-scale
image. In order to achieve the gray-scale invariance, the gray
value of the central pixel is considered as the threshold in the
square neighborhood and is compared with the gray values
of its adjacent neighboring pixels. If the gray values of the
neighboring pixels are greater than that of the central pixel,
the location of it in the neighborhood will be marked as 1,
otherwise 0. It can be formulated as follows:

s(gp − gc) =
{

1, gp − gc ≥0
0, gp − gc < 0

}
(p = 0, . . . , P) (1)

where gp is the gray value of the neighboring pixels, gc is the
gray value of the central pixels, and P is the number of neigh-
boring pixels. However, the original LBP descriptor is limited
in a fixed region, which cannot adapt to texture features of
different scales. For this reason, Ojala et al. [10] improved the
LBP descriptor by expanding the square neighborhood to the
circular neighborhood with radius R. To achieve the rotation
invariance, they continuously rotate the circular neighborhood
of the central pixel, and obtain a series of different LBP values,
taking the minimum value as the final LBP value of the circular
neighborhood. As the extension of LBP, volume LBP (VLBP)
and LPBs from three orthogonal planes (LBP-TOP) descriptor
proposed by Zhao et al. [19] can fully represent the temporal
information of dynamic texture, and effectively reduce the
computational complexity.

In recent years, LBP algorithm has been applied to feature
extraction of HSI [16]–[18], [20]–[26]. Song et al. [16] applied
LBP to the description of rotation-invariant texture features
of remote sensing images, and achieved better classification
results than spectral features. Due to the important role of
spatial information on HSI, a complete LBP (CLBP) which is
suitable for multiple scenes is proposed to describe the spatial
feature of HSI. Li et al. [17] combined the two-dimensional
uniform LBP (2-D-ULBP) with an extreme learning machine
(ELM) to construct an effective HSI classification framework,
which shows excellent performance on several HSI data sets.
Ye et al. [21] proposed a sign-and-magnitude LBP algorithm
for HSI classification, and utilized Markov random field as a
prior probability to calculate the Bayesian maximum of HSI
classification. Jia et al. [18] proposed a 3-D LBP descriptor
based on the octahedron structure, which can describes the
joint distribution of spatial–spectral features of HSI. Besides,
convolutional neural network (CNN) combined with LBP
algorithms for HSI classification [25], [26] has also been

proposed, which aims to use the LBP algorithm to reduce
the computational cost of CNN.

The above LBP algorithm and its extended algorithms
are limited to a single dimension when describing the
spatial–spectral feature, ignoring the characteristics of high-
dimensional data in the spatial–spectral domain. Therefore,
it has become an urgent need to develop an algorithm that can
fully describe and extract the spatial–spectral information of
HSI from multiple dimensions.

B. Spatial-Spectral Feature for HSI

Feature extraction is the basis of HSI processing and
application. Since HSI contains both spatial and spectral
information of the object, how to efficiently extract the spatial–
spectral feature has attracted widespread attention in recent
years. To tackle the HSI classification task, a variety of spatial–
spectral features extraction algorithms have been proposed,
which can be divide into two types, as follows.

The former type is the handcraft feature-based algorithms
[27]–[32]. It utilizes the 3-D descriptors to directly extract
joint spatial–spectral features. Cao et al. [27] designed a
3-D discrete wavelet transform (3-D-DWT) texture feature to
describe the spatial–spectral information of HSI effectively.
Lin et al. [28] proposed a 3-D Gabor-based approach for
pixel-based HSI classification, which improves the classifica-
tion accuracy substantially. Scovanner and Paul [29], Li and
Shi [30], and Li et al. [31] applied the 3-D scale-invariant
feature transform (3-D-SIFT) to the HSI classification, and
developed a more robust SIFT descriptor, namely, the tensor
gradient SIFT (TGSIFT) descriptor for spatial–spectral fea-
ture extraction. In addition, an extended multiattribute profile
(EMAP) [32] algorithm was proposed to exploit the spatial–
spectral feature which provides excellent classification results
for different HSI data sets. However, this kind of algorithm
describes the spatial–spectral features directly without analyz-
ing the HSI structure. In other words, it lacks an effective
mathematical model, which can provide a unified interpreta-
tion for the combination of spatial and spectral features.

The latter type is the deep learning-based algorithms
[33]–[36]. It mainly adopts the CNN to learn effective spatial–
spectral features. Li et al. [33] proposed a 3-D-CNN frame-
work for accurate HSI classification without relying on any
preprocessing or postprocessing. Hamida et al. [34] explored
the performance of DL architectures for the HSI classification
and designed a 3-D deep learning approach that enables
a joint spatial and spectral information process. To avoid
overfitting in data modeling, Chen et al. [35] presented a 3-D
CNN-based feature extraction method with combined regu-
larization to extract effective spatial–spectral features of HSI.
He et al. [36] proposed a novel multiscale 3-D CNN-based
algorithm, which can jointly learn both 2-D multiscale spatial
feature and 1-D spectral feature from HSI. Although such
kind of algorithms can achieve state-of-the-art performance
with sufficient training samples, its classification performance
will degrade dramatically in a small training sample case.
Meanwhile, deep learning-based algorithms lack the explana-
tion for its decision making.
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Fig. 1. Local multidimensional description model for HSI in the Clifford algebra space.

In summary, due to the higher requirement for both military
and medical treatment, it is reasonable for us to develop a
spatial–spectral feature extraction algorithm which can provide
strict mathematical explanation and achieve excellent perfor-
mance in the scenery of small-scale training samples.

C. Clifford Algebra Model for HSI

Clifford algebra [37]–[42] is a mathematical tool based on
dimension operation. It provides an effective framework to
perform the calculation without using the coordinate informa-
tion, which can improve the calculation efficiency and reduce
the calculation complexity. This algebraic method is based
on inner product as well as outer product. It constructs the
expression of geometry in a coordinate-free way, which unifies
the calculation of multidimensional geometry. At present,
Clifford algebra has been widely used in physics [43], sensor
network [44], computer vision [45]–[47], and other fields.

In multidimensional Clifford algebra space, it provides us
with a variety of geometric operation methods, such as inner
product, outer product, geometric product, projection, and
angle. These methods are mainly used to implement the geo-
metric analysis in the multidimensional space, such as spatial
structure construction and spatial transformation, geometric
measurement and geometric relationship calculation, feature
extraction, and motion expression.

Let f (x, y) be the HSI. According to [48], it can be
expressed in the Clifford algebra space as follows:

f (x, y) =
n∑

i=1

fi (x, y)ei (2)

where fi (x, y) is the i th band image of f (x, y), (x, y) denotes
the spatial coordinate, and n is the number of bands. Then,
the 3-D spatial–spectral domain of HSI can be expressed as
Gn in the Clifford algebra space, and e1, e2, . . . , en is the
orthogonal basis of Gn .

For vectors x and y, their geometric product xy is defined
as follows:

xy = x · y + x ∧ y (3)

where x · y is the inner product and x ∧ y is the outer product.
It is a mixed-dimensional object which contains both the scalar
part x · y and the vector part x ∧ y.

Assuming that b1, b2, . . . , bk ∈ Gn is linearly independent,
the k-patch in the Clifford algebra space of HSI can be
represented as follows:

Bk = 〈b1b2, . . . , bk〉k = b1 ∧ b2, . . . ,∧bk (4)

where Bk is the k-patch. Therefore, with respect to the
n′-dimensional subspace Gn′ of Gn , there is always a n′-patch
which makes Gn′ be constructed with solution set x of
x ∧ Bn′ = 0, x ∈ Gn′ . Therefore, the subspace Gn′ can be
uniquely determined by the unitized patch Bn′ . According
to Cramer’s theorem, starting from a basis b1, b2, . . . , bn′ ,
an orthogonal basis e1, e2, . . . , en′ which constitutes the sub-
space Gn′ can be obtained. For any vector b ∈ Gn′ , it can be
expanded as follows:

b =
n′∑

i=1

αi ei (5)

where αi is the component of the vector b regarding orthogonal
basis e1, e2, . . . , en′ .

III. LOCAL MULTIDIMENSIONAL DESCRIPTION MODEL

FOR HSI IN CLIFFORD ALGEBRA SPACE

To fully combine the spatial and spectral feature information
of HSI, a local multidimensional description model under Gn

space for HSI is proposed in this article. In Gn space, the
geometric relationship between the local geometry of HSI is
calculated from different dimensions by using a variety of
geometric operations provided by Clifford algebra, so as to
realize the effective description of the local spatial–spectral
information. Fig. 1 shows the schematic of the LMDM for
HSI in the Clifford algebra space.

Assuming that fλ(x, y) is the spectral response of the λth
band of f (x, y) with spatial coordinate (x, y), to obtain the
local geometric expression of fλ(x, y) in Gn space, k/-bands
spectral Clifford number (KB-SCN) of fλ(x, y) is defined
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based on (2), as follows:

f ′
λ(x, y) =

k∑
i=1

fλ+i−1(x, y)eλ+i−1 (6)

where f ′
λ(x, y) represents the KB-SCN.

In order to further extract the local spatial–spectral informa-
tion of HSI, we implement the local multidimensional descrip-
tion for f ′

λ(x, y). Thus the local multidimensional description
set ψ

(
f ′
λ(x, y)

)
of f ′

λ(x, y) can be expressed as follows:

ψ
(

f ′
λ(x, y)

) = {κ1
(

f ′
λ(x, y), S1

)
, . . . , κi

(
f ′
λ(x, y), Si

)
, . . . , κm

(
f ′
λ(x, y), Sm

)}
(7)

where Si ∈ Gn denotes the local reference geometry which is
used for the local geometric relationship calculation of HSI,
κi
(

f ′
λ(x, y), Si

)
represents the geometric relationship between

f ′
λ(x, y), and Si , m denotes the number of descriptors in a local

multidimensional description set. Based on the dimension of
local geometry Si , we discuss the type of κi

(
f ′
λ(x, y), Si

)
in

this article as follows.
1-D Local Description: When Si is a vector, 1-D local

description for spatial–spectral feature of HSI is implemented
by using geometric operations such as length and angle of
basic vector.

Let S1 = f ′
λ(x, y), the 1-D descriptor in the local multi-

dimensional description set of f ′
λ(x, y) can be expressed as

follows:

κ1
(

f ′
λ(x, y), S1

) = ∥∥ f ′
λ(x, y)

∥∥ = f ′
λ(x, y) · f ′

λ(x, y) (8)

where κ1( f ′
λ(x, y), S1) is the length of f ′

λ(x, y). In the subse-
quent MDLBP coding, κ1( f ′

λ(x, y), S1) essentially represents
the difference between the joint spectral values distribution of
k adjacent pixels corresponding to different spectral curves,
which effectively describes the local spatial–spectral informa-
tion of HSI.

Furthermore, in order to obtain the vector which can calcu-
late the local geometric relationship more effectively, central
basic vector Ik is defined in the k-dimensional Clifford algebra
space, as follows:

Ik = 1

k

k∑
i=1

ei (9)

where Ik denotes the sum of orthogonal basis in k-dimensional
Clifford algebra space, and ei(i = 1, . . . , k) is the orthogonal
basis of k-dimensional Clifford algebra space. Let S2 = Ik ,
thus the 1-D descriptor in the local multidimensional descrip-
tion set can also be expressed as follows:

κ2
(

f ′
λ(x, y), S2

) = f ′
λ(x, y) · Ik∥∥ f ′
λ(x, y)

∥∥‖Ik‖ (10)

where κ2
(

f ′
λ(x, y), S2

)
is the cosine value between f ′

λ(x, y)
and Ik .

As Fig. 2 shows, let k = 3, we thus have I3 =
(e1 + e2 + e3)/3. Besides, the three axes λ1, λ2, λ3 represent
the spectral response values of three adjacent bands. By calcu-
lating the cosine value between three-bands spectral Clifford
numbers (3B-SCNs) and I3, the 1-D local description of

Fig. 2. Geometry relationship calculation between 3B-SCN and center basic
vector in the 3-D Clifford algebra space of HSI.

f ′
λ(x, y) is achieved. When k increases or decreases, it can

also calculate the 1-D local description of f ′
λ(x, y) based

on the above method. In the subsequent MDLBP coding,
κ2
(

f ′
λ(x, y), S2

)
can be considered as the difference between

the joint gradient distribution of k adjacent pixels correspond-
ing to different spectral curves, which aims to describe the
local spatial–spectral information of HSI based on the speed
of gradient change.

2-D Local Description: When Si is a plane, 2-D local
description for spatial–spectral feature of HSI is carried out
by using geometric operations such as the angle of plane and
the plane projection.

Let β be a 2-D plane. It can be represented by the outer
product of two basis vectors in the Clifford algebra space,
as follows:

β = e j ∧ ek (11)

where e j and ek are the orthogonal basis of σn . By calculating
the cosine value between f ′

λ(x, y) and β, the local spatial–
spectral information of HSI can be described effectively.

Writing S3 = β, the 2-D descriptor in the local multidimen-
sional description set of f ′

λ(x, y) can be expressed as follows:

κ3
(

f ′
λ(x, y), S3

) = cos

(
90◦ − arccos

(
f ′
λ(x, y) · W∥∥ f ′
λ(x, y)

∥∥‖W‖

))

(12)

where κ3
(

f ′
λ(x, y), S3

)
is the cosine value between f ′

λ(x, y)
and β, and W is the normal vector of β.

To further reduce the calculation complexity between
f ′
λ(x, y) and β, the calculation of cosine value between

f ′
λ(x, y) and β can be transformed into the calculation of

the projection of f ′
λ(x, y) on β. Similarly, let S4 = β, the

2-D descriptor in the local multidimensional description set
of f ′

λ(x, y) can be also expressed as follows:

κ4
(

f ′
λ(x, y), S4

) = f ′
λ(x, y) · W

‖W‖ (13)

where κ4
(

f ′
λ(x, y), S4

)
denotes the projection of f ′

λ(x, y) on
β, and W is the normal vector of β. In the subsequent MDLBP
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coding, κ4
(

f ′
λ(x, y), S4

)
can be considered as the difference

between the joint peak values distribution of k adjacent pixels
corresponding to different spectral curves, which aims to
describe the local spatial–spectral information of HSI based
on the change of local peak values.

n-Dimensional Local Description: More generally, when Si

is the n-dimensional geometry, n-dimensional local description
for spatial–spectral feature of HSI is implemented by using the
cosine value between f ′

λ(x, y) and n-dimensional geometry.
Let σn be the n-dimensional geometry. It can be represented

by the outer product of n basic vectors in the Clifford algebra
space, as follows:

σn = e1 ∧ e2 ∧ e3 ∧ e4, . . . , en (14)

where e1, e2, . . . , en are the orthonormal basis of σn .
Let Si = σn , thus the n-dimensional descriptor in the local

multidimensional description set of f ′
λ(x, y) can be considered

as the cosine value between f ′
λ(x, y) and σn , as follows:

κi

(
f ′
λ(x, y), Si

) = f ′
λ(x, y) · σn∥∥ f ′
λ(x, y)

∥∥‖σn‖ (15)

where κi

(
f ′
λ(x, y), Si

)
is the cosine value between f ′

λ(x, y)
and σn , n ≥ 2.

Similarly, in order to further reduce the calculation com-
plexity between f ′

λ(x, y) and σn , the calculation of the cosine
value between f ′

λ(x, y) and σn can be transformed into the
calculation of the projection of f ′

λ(x, y) on σn . Let f ′
λ(x, y)||

be the parallel component of f ′
λ(x, y) relative to σn , and

f ′
λ(x, y)⊥ be the vertical component of f ′

λ(x, y) relative to
σn . They satisfy the following equations:

f ′
λ(x, y)|| + f ′

λ(x, y)⊥ = f ′
λ(x, y) (16)

f ′
λ(x, y)|| ∧ σn = 0 (17)

f ′
λ(x, y)⊥ · σn = 0. (18)

By calculating the geometric product of f ′
λ(x, y)⊥ and σn ,

the projection of f ′
λ(x, y) on σn can be expressed as follows:

f ′
λ(x, y)⊥σn = f ′

λ(x, y)⊥ · σn + f ′
λ(x, y)⊥ ∧ σn

= f ′
λ(x, y)⊥ ∧ σn

= f ′
λ(x, y)⊥ ∧ σn + f ′

λ(x, y)‖ ∧ σn

= f ′
λ(x, y) ∧ σn (19)

where f ′
λ(x, y)⊥ can be regarded as the projection of f ′

λ(x, y)
on σn . Similarly, let Si = σn , both sides of (19) are divided
by σn , thus another expression of n-dimensional descriptors in
the local multidimensional description set of f ′

λ(x, y) can be
obtained as follows:

κi
(

f ′
λ(x, y), Si

) = f ′
λ(x, y) ∧ σn

σn
(20)

where κi

(
f ′
λ(x, y), Si

)
represents the projection of f ′

λ(x, y)
on σn .

To sum up, based on the expression of HSI in the Clifford
algebra space, the geometric relationship between the local
geometry of HSI is calculated from vector, plane, hyper-
geometry, and other dimensions. Besides, the local multidi-
mensional description set which can fully represent the local
spatial–spectral feature of HSI is obtained, and the fusion

methods for elements of the multidimensional description set,
such as concatenation and weighted average, can be designed
according to the needs of researchers. In our experiment, all
elements of the multidimensional description set are fused
by concatenation. Moreover, it provides a more robust and
explainable feature description model for the subsequent effi-
cient local coding.

IV. MULTIDIMENSIONAL LOCAL BINARY PATTERN FOR

HSI

Based on the LMDM of HSI, the local spatial–spectral
information is fully and effectively extracted. In order to
realize the local binary coding of spatial–spectral information
of HSI, we combine the original LBP to propose a novel
MDLBP for HSI.

Assuming that fλ(xc, yc) is the spectral response values of
the HSI pixels with spatial coordinate (xc, yc) at λ bands,
according to (6), the KB-SCN of fλ(xc, yc) can be expressed
as follows:

f ′
λ(xc, yc) =

k∑
i=1

fλ+i−1(xc, yc)eλ+i−1 (21)

where f ′
λ(xc, yc) represents the KB-SCN of fλ(xc, yc).

According to the LBP for gray image, neighborhood infor-
mation U is defined as the joint contribution of P (P > 1)
KB-SCNs centered on f ′

λ(xc, yc)( f ′
λ,c for shot), as follows:

U = u
(

f ′
λ,c, f ′

λ,0, . . . , f ′
λ,P−1

)
(22)

where f ′
λ,0, . . . , f ′

λ,P−1 represent the KB-SCNs which are
uniformly distributed in the circle symmetric neighborhood
with the radius R(R > 0) centered on f ′

λ,c. Because the spatial
coordinate of f ′

λ,c in the spatial domain is (xc, yc), thus the
spatial coordinate of f ′

p(0 ≤ p ≤ P − 1) can be calculated as
(xc + R cos(2πp/P), yc − R sin(2πp/P)) for the sampling
points which do not completely fall in the center of HSI
pixel, their KB-SCNs will be calculated by bilinear quadratic
interpolation.

From Section III, we know that the LMDM of HSI is
extensible. In this article, we mainly explore the LMDM
based on the length, the angle of center basis, and the plane
projection, and find out its influence on the local binary coding
efficiency of KB-SCN. Therefore, let ψ ′( f ′

λ(x, y)
)

be the local
multidimensional description set based on the fusion of the
length, the angle of center basis, and the plane projection,
according to (8), (10), and (12), it can be expressed as follows:

ψ ′( f ′
λ(x, y)

) = {κ1
(

f ′
λ(x, y), S1

)
, κ2
(

f ′
λ(x, y), S2

)
κ3
(

f ′
λ(x, y), S3

)}
. (23)

Then, ψ ′( f ′
λ(x, y)

)
is adopted to perform the local multi-

dimensional description for f ′
λ,c and f ′

λ,0, . . . , f ′
λ,P−1, as fol-

lows:

U = u
(
ψ ′( f ′

λ,c

)
, ψ ′( f ′

λ,0

)
, . . . , ψ ′( f ′

λ,P−1

))
. (24)

In order to realize the local multidimensional description
invariance of KB-SCN, we first calculate the geometric dif-
ference between ψ ′( f ′

λ,p

)
(0 ≤ p ≤ P − 1) and ψ ′( f ′

λ,c

)
,
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as follows:

U = u
(
ψ ′( f ′

λ,c

)
, ψ ′( f ′

λ,0

)− ψ ′( f ′
λ,c

)
, . . . , ψ ′( f ′

λ,P−1

)− ψ ′( f ′
λ,c

))
. (25)

The value of ψ ′( f ′
λ,p)−ψ ′( f ′

λ,c) is supposed to be irrelevant
to ψ ′( f ′

λ,c). Thus, (25) is factorized as follows:

U ≈ u
(
ψ ′( f ′

λ,c

))
u
(
ψ ′( f ′

λ,0

)− ψ ′( f ′
λ,c

)
, . . . , ψ ′( f ′

λ,P−1

)− ψ ′( f ′
λ,c

))
. (26)

Since the main information of the joint spatial–spectral
response distribution is contained in the joint difference dis-
tribution, (26) is rewritten as

U ≈ u
(
ψ ′( f ′

λ,0

)− ψ ′( f ′
λ,c

)
, . . ., ψ ′( f ′

λ,P−1

)− ψ ′( f ′
λ,c

))
.

(27)

By considering only the symbol information instead of
the numeric values, the local multidimensional description
invariance is realized as follows:

U ≈u
(
s
(
ψ ′( f ′

λ,0

)−ψ ′( f ′
λ,c

))
, . . ., s

(
ψ ′( f ′

λ,P−1

)−ψ ′( f ′
λ,c

)))
(28)

where s(x) is the same as (1). Finally, let each ψ ′( f ′
λ,p) −

ψ ′( f ′
λ,c) be multiplied by binomial coefficient 2q , then U is

transformed into a coding value named MDLBPP,R which can
completely and effectively describe the spatial–spectral feature
as follows:

MDLBPP,R =
P−1∑
q=0

s
(
ψ ′( f ′

λ,q

)− ψ ′( f ′
λ,c

))
2q . (29)

Then, we select the local region of HSI with size M × N
for histogram statistics. The feature vector obtained by sta-
tistics is used as the spatial–spectral feature descriptor of the
local region, and the bin h(b) of h is expressed as follows:

h(b) =
M∑

m=1

N∑
n=1

s
(
MDLBPP,R(m, n)− b

)
. (30)

Finally, based on the traditional LBP descriptor, three
orthogonal planes XY , Xλ, and Yλ in 3-D spatial–spectral
domain are selected to perform the histogram statistics of
MDLBP. Then, the MDLBP histograms obtained from the
statistics on the three orthogonal planes are connected to
finally construct the histogram hXYλ which can fully represent
the local spatial–spectral information of HSI, as follows:

hXYλ = [hXY , hXλ, hYλ]. (31)

The algorithm steps of MDLBP are shown as below.
Step 1: According to (2), the Clifford algebra model for HSI

is established, and the corresponding Clifford algebra space
named Gn is built.

Step 2: In Gn space, the HSI pixels are transformed into
the KB-SCN for representation. According to (8), (10), and
(12), the length, the angle of central basis vector, and the
plane projection are used to perform the multidimensional
description for the local spatial–spectral feature of KB-SCN.

Step 3: By calculating the geometric difference between
the multidimensional description set of the central KB-SCN

Fig. 3. Indian Pine data set. (a) Ground truth. (b) All sample map.

Fig. 4. Salinas scene data set. (a) Ground truth. (b) All sample map.

Fig. 5. Parameter tuning of k for the proposed MDLBP descriptor on the
Indian Pines data set.

and the neighboring KB-SCN, the local binary coding of
the spatial–spectral information in the local neighborhood is
implemented, and MDLBPP,R which can effectively describe
the local spatial–spectral feature is obtained.

Step 4: The MDLBP histograms of three orthogonal planes
XY , Xλ, and Yλ in the 3-D spatial–spectral domain of HSI
are obtained by statistics, and the MDLBP histograms of each
plane are connected to obtain the hXYλ which can completely
represent the spatial–spectral feature information of HSI.

V. EXPERIMENTS

In order to verify the effectiveness and accuracy of the
MDLBP for the description of spatial–spectral features in the
Clifford space, a series of HSI pixel classification experiments
are performed on the Indian Pines data set and the Salinas
scene data set. In the experiment, MDLBP algorithm is mainly
compared with LBP-based algorithms and some representative
spatial–spectral feature extraction algorithms.
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Fig. 6. Influence of training sample size on the Indian Pine data set. (a) OA. (b) Kappa as a function of the number of labeled samples per class.

Fig. 7. Influence of training sample size on the Salinas scene data set. (a) OA and (b) Kappa as a function of the number of labeled samples per class.

Fig. 8. Indian Pine data set: classification map using (a) spectral, (b) 2-D-ULBP, (c) VLBP, (d) LBP-TOP, (e) MDLBP-length, (f) MDLBP-angle, (g) MDLBP-
projection, and (h) MDLBP-fusion.

A. Data Sets

The Indian Pines data set was gathered by AVIRIS sensor
in North-western Indiana and it consists of 145 × 145 pixels
with 224 spectral reflectance bands in the wavelength range
(0.4 ∼ 2.5)× 10−6 m. The data set contains 16 categories of
objects, with a total of 10.249 samples. We have also reduced
the number of bands to 200 by removing bands covering the
region of water absorption. Fig. 3 shows the ground truth and
all sample map of the Indian Pines data set.

The Salinas scene data set which contains 16 classes and
54.129 samples was collected by the 224-band AVIRIS sensor
over Salinas Valley, California. Its spatial size and resolution
are 145 × 145 pixels and 3.7-m pixels. Fig. 4 shows the ground
truth and all sample map of the Salinas scene data set.

B. Experimental Setup

In our experiment, we mainly perform the HSI pixel clas-
sification to verify the efficiency and effectiveness of the
proposed MDLBP algorithm. Since the HSI contains a lot of
redundant information, the HSI data need to be preprocessed
before the experiment. Principal component analysis (PCA)
[49] is a commonly used algorithm for the data dimensionality
reduction. It can reduce the dimensionality by projecting high-
dimensional data into a low-dimensional subspace. In this
experiment, PCA algorithm is applied for the dimensionality
reduction of HSI to extract the representative band data.

After preprocessing, different feature descriptors are used
to construct the feature vector of the HSI pixel. In the
experiment, our proposed MDLBP algorithm is compared
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Fig. 9. Salinas scene data set: classification map using (a) spectral, (b) 2-D-ULBP, (c) VLBP, (d) LBP-TOP, (e) MDLBP-length, (f) MDLBP-angle,
(g) MDLBP-projection, and (h) MDLBP-fusion.

with 11 representative HSI classification algorithms. More
specifically, the original spectral feature is adopted as a base-
line, and three LBP-based algorithms are considered, i.e., the
2-D-ULBP, VLBP, and LBP-TOP algorithms. The other seven
spatial–spectral feature extraction algorithms are 3-D-DWT
[27], 3-D-SIFT [29], 3-D-Gabor [28], TGSIFT [31], 3-D deep
learning approach (3-D-DL) [34], 3-D convolutional neural
network (3-D-CNN) [33], and multiscale 3-D deep convolu-
tional neural network (M3-D-DCNN) [36]. Since the MDLBP
algorithm has characteristics of expansibility and variabil-
ity, to explore the geometry relationship calculation between
local geometry from different dimensions, we first construct
three different MDLBP descriptors including MDLBP based
on length (MDLBP-length), MDLBP based on the angle
of central basis vector (MDLBP-angle), MDLBP based on
projection (MDLBP-projection). Then, we fuse the above three
MDLBP descriptors to construct the MDLBP based on fusion
(MDLBP-Fusion). All the MDLBP descriptors are applied to
the experiment for comparison and analysis.

ELM [50] is a novel fast-learning algorithm for solving
the single hidden layer neural network. The weights of its
output layer are computed using a least squares method and
the weights of other layers are randomly assigned, thus the
computational cost is much lower than other neural-network-
based methods. According to [17], compared to the commonly
used standard support vector machine (SVM), which needs to
solve a large constrained optimization problem, it has been
demonstrated that ELM can provide an HSI classification
accuracy that is similar to or even better than that of SVM.
Therefore, in our experiment, ELM is applied to classify
the feature vectors of pixels. Unlike the commonly used

percentage-based method, a small fixed number of each class
is adopted to obtain training samples in our experiment. In the
experiment, 3, 5, 10, 15, and 20 training samples for each class
are applied for training ELM model, and the rest of samples
are used for testing.

In this article, overall accuracy (OA), average accuracy
(AA), and kappa coefficient [b] are used to evaluate the
classification result. Quantitatively, the greater the values of
OA, AA, and kappa coefficient are, the better the classification
result is.

In order to avoid the accidental phenomenon, the classifi-
cation experiments of each feature descriptor are repeated 10
times, and a fixed number of training samples are randomly
selected at each times. In the section named statistical table of
classification results, classification accuracy mean and variance
of each feature descriptor are shown in the experimental
statistical table.

C. Experimental Result and Analysis

In this section, for the purpose of verifying the effectiveness
of our proposed MDLBP descriptors, the classification results
of different feature descriptors on two HSI data sets are
analyzed intuitively and quantitatively.

1) Influence of the Parameter k of kB-SCN: As mentioned
above, our proposed MDLBP descriptor is obtained by calcu-
lating the geometry difference between the multidimensional
description sets of kB-SCNs. To explore the impact of para-
meter k on the classification result of MDLBP, we perform
HSI pixel classification on four different MDLBP descrip-
tors, including MDLBP-length, MDLBP-angle, MDLBP-
projection, and MDLBP-fusion. As Fig. 5 shows, when k
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TABLE I

CLASSIFICATION ACCURACY (%) USING SPECTRAL, 2-D-ULBP, VLBP, LBP-TOP, MDLBP-LENGTH, MDLBP-ANGLE, MDLBP-PROJECTION, AND
MDLBP-FUSION ON THE TESTING SET OF INDIAN PINE DATA SET, WITH THREE LABELED SAMPLES PER CLASS AS TRAINING SET

TABLE II

CLASSIFICATION ACCURACY (%) USING SPECTRAL, 2-D-ULBP, VLBP, LBP-TOP, MDLBP-LENGTH, MDLBP-ANGLE, MDLBP-PROJECTION, AND
MDLBP-FUSION ON THE TESTING SET OF SALINAS SCENE DATA SET, WITH THREE LABELED SAMPLES PER CLASS AS TRAINING SET
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TABLE III

CLASSIFICATION ACCURACY (%) USING 3-D-DWT, 3-D-SIFT, 3-D-GABOR, TGSIFT, 3-D-DL, 3-D-CNN, M3-D-DCNN, AND MDLBP-FUSION ON
THE TESTING SET OF INDIAN PINE DATA SET, WITH THREE LABELED SAMPLES PER CLASS AS TRAINING SET

increases, the OA of the four MDLBP descriptors shows a
trend of increasing first and then decreasing. The reason for
the decrease of classification accuracy is the data redundancy
caused by the high dimension of kB-SCN. When k is 4,
the classification accuracies of the four MDLBP descriptors
are the best. In the following experiments, the parameter k will
be set to 4, and the parameters of all kinds of LBP descrip-
tors will be set uniformly. In our experiment, the radius of
neighborhood, the number of neighborhood sampling points,
and the neighbor-hood size are empirically set to 3, 8, and
8 × 8 × 8, respectively.

2) Influence of the Training Sample Size: In order to verify
the effectiveness of the MDLBP algorithm in the scenery
of a small number of training samples, we take 3, 5, 10,
15, and 20 labeled samples for each class when training.
Two groups of experiments were conducted on the two HSI
data sets. Therefore, the curve change of the classification
results of eight descriptors is obtained, as shown in Figs. 6
and 7. As the number of training samples increases, the OA
and Kappa coefficient of each descriptor increase. Among
them, the OA of our proposed MDLBP-Fusion is always
the best in terms of different training sample sizes. Besides,
the performance of MDLBP descriptor based on the single-
dimensional description is also better than the 2-D-LBP and
3-D-LBP descriptors. When the number of training samples
is less, the gap between the classification accuracy of various
descriptors increases. When the number of training samples

is 3, the gap reaches the maximum, and the OA of our
proposed MDLBP-Fusion descriptor is increased by 1.54%
when comparing with 3-D-LBP descriptor. In summary, our
proposed MDLBP descriptor shows better performance in
the scenery of a small number of labeled samples for the
classification of HSI.

3) Classification Maps of Different Algorithms: Our HSI
classification experiment is first conducted on the Indian Pine
data set, Fig. 8 shows the classification maps of eight feature
descriptors when the number of training samples is 3. Com-
paring the label maps of ground truth with that of the spectral
feature, we can know that using only the spectral information
is not enough to describe the HSI feature information. The
classification result is greatly improved after the application
of LBP algorithm. Among them, the performance of the
3-D LBP-TOP is better than that of 2-D-ULBP and VLBP.
Moreover, the four MDLBP descriptors proposed in this article
all show excellent performance in the case of small labeled
samples, and the labeled map of MDLBP-fusion descriptor is
the closest map to the ground truth.

Fig. 9 shows the classification maps of the eight feature
descriptors on the Salinas scene data set when the number
of training samples for each class is 3. From Fig. 9, it can
be seen that the classification result of the spectral feature
is significantly better than the 2-D-ULBP descriptor, which
indicates that HSI pixels of the Salinas scene data set have
excellent spectral discrimination. VLBP and LBPTOP which
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TABLE IV

CLASSIFICATION ACCURACY (%) USING 3-D-DWT, 3-D-SIFT, 3-D-GABOR, TGSIFT, 3-D-DL, 3-D-CNN, M3-D-DCNN, AND MDLBP-FUSION ON
THE TESTING SET OF SALINAS SCENE DATA SET, WITH THREE LABELED SAMPLES PER CLASS AS TRAINING SET

combine the spatial and spectral information show excellent
performance compared with 2-D-ULBP. Since our proposed
MDLBP descriptor can fully describe the spatial–spectral
feature of HSI, it is more robust than the spectral features
and traditional LBP descriptors.

4) Statistical Table of Classification Results: As observed
from Table I, the classification accuracies of feature descriptors
using the LBP algorithm are significantly higher than that of
spectral feature descriptors, while the classification accuracies
of 3-D LBP descriptors are significantly better than that of
traditional 2-D LBP descriptors. Moreover, compared with
3-D-LBP descriptor, three kinds of MDLBP descriptor based
on single-dimensional description is at least increased by
1.11%, while the OA of MDLBP-fusion descriptor is 64.35%
which is 4.04% higher than the LBP-TOP descriptor. To sum
up, 3-D-LBP descriptor developed for video processing cannot
fully utilize spatial and spectral information, further verifying
the effectiveness of our proposed MDLBP algorithm.

As shown in Table II, in the Salinas scene data set,
the OA of the spectral curve features is 78.40%, which
is 22% higher than that of 2-D-ULBP descriptor, showing
its excellent classification performance for vegetable crops.
In contrast, 2-D-ULBP algorithms which only extract the spa-
tial information will destroy the correlation between spectral
bands, resulting in poor classification results. Our proposed
MDLBP-Fusion descriptor which fully utilizes the spatial–
spectral information achieves the highest accuracy. Therefore,
it further demonstrates the strong robustness of our proposed
MDLBP descriptor.

In addition to the comparison with LBP-based algorithms,
seven representative spatial–spectral feature extraction algo-
rithms are also used for comparison to prove the efficiency
of our proposed MDLBP. As shown in Table III, most of the
accuracies achieved by MDLBP-fusion are better than those
yielded by other 3-D handcraft feature descriptors. Besides,
the results obtained by 3-D handcraft feature descriptors
are better than that of the deep learning-based algorithms,
which demonstrates the inapplicability of deep learning-based
algorithms in a small labeled sample problem.

From Table IV, it can be seen that the OA of MDLBP-Fusion
descriptor is 87.13%, while the OA of 3-D-DWT, 3-D-SIFT,
3-D-Gabor, and TGSIFT algorithms are 80.73%, 83.08%,
76.68%, and 66.47%, respectively. Moreover, the deep
learning-based algorithms can reach only 60.00%, which fur-
ther shows that the MDLBP algorithm is an excellent solution
to the small sample classification problem of HSI pixels.

In summary, the performance of our MDLBP algorithm
in HSI pixel classification is better than that of LBP-based
and other representative spatial–spectral feature extraction
algorithms, especially when the training sample size is small.

VI. CONCLUSION

In this article, based on Clifford algebra, a novel MDLBP
algorithm for HSI is proposed. The MDLBP algorithm calcu-
lates the geometric relationship between the local geometry
of HSI using different geometric operation methods, and
obtains a multidimensional description set that can effectively
represent the feature of the local spatial–spectral informa-
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tion. According to the traditional LBP algorithm, the local
binary coding for the spatial–spectral information of HSI is
implemented by calculating the geometric difference between
the multidimensional description sets. Moreover, our proposed
MDLBP algorithm has the advantage of expandability and
interpretability. Experimental results on two public HSI data
sets show that our proposed MDLBP algorithm can achieve
higher accuracy than the representative spatial–spectral feature
and existing LBP algorithms, especially when the training
sample size is small. In summary, we not only present an
excellent LBP algorithm for HSI classification, but also pro-
vide a new idea which can provide a strict mathematical
deduction for the representation of local features of images.
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