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Intelligent internet data mining is an important application of AIoT (Artificial Intelligence of Things), and it is necessary to
construct large training samples with the data from the internet, including images, videos, and other information. Among them,
a hyperspectral database is also necessary for image processing and machine learning. The internet environment provides
abundant hyperspectral data resources, but the hyperspectral data have no class labels and no so high value for applications. So,
it is important to label the class information for these hyperspectral data through machine learning-based classification. In this
paper, we present a quasiconformal mapping kernel machine learning-based intelligent hyperspectral data classification
algorithm for internet-based hyperspectral data retrieval. The contributions include three points: the quasiconformal mapping-
based multiple kernel learning network framework is proposed for hyperspectral data classification, the Mahalanobis distance
kernel function is as the network nodes with the higher discriminative ability than Euclidean distance-based kernel function
learning, and the objective function of measuring the class discriminative ability is proposed to seek the optimal parameters of
the quasiconformal mapping projection. Experiments show that the proposed scheme is effective for hyperspectral image
classification and retrieval.

1. Introduction

Intelligent data mining is an important issue of AIoT (Artifi-
cial Intelligence of Things), and with the development of
machine learning, a large training dataset is necessary for
the learning tasks, including images and videos. Among these
applications, hyperspectral databases are also very necessary
for hyperspectral image processing and machine learning.
So, internet environment-based hyperspectral data retrieval
is an important issue of AIoT, and it is also an effective way
to create a large-scale hyperspectral training database for
some applications. The internet environment provides abun-
dant hyperspectral data resources but is included in other
complex data. Moreover, the hyperspectral data have no class
labels and no detail class knowledge information for these
data. So, the hyperspectral data have no high value without
class information. So, further intelligent hyperspectral data-

based machine learning is necessary through internet-based
data retrieval. Intelligent hyperspectral data retrieval under
the internet environment combination is the application of
AI (Artificial Intelligence) and IoT (Internet of Things).

Hyperspectral data-based machine learning is a feasible
and effective method to extract the features for image
retrieval. The machine learning methods are divided into
unsupervised and supervised learning. The unsupervised
learning includes multidimensional scaling, NMF, ICA,
neighborhood preserving embedding, Locality Preserving
Projection (LPP) [1], and other computing methods [2],
and for the supervised learning, generalized discriminant
analysis [3], uncorrelated discriminant vector analysis [4],
and some acceleration algorithm [5, 6]. In recent years, the
kernel-based machine learning algorithms were presented
for the feature extraction; this paper proposes an improved
kernel function supervised kernel-based LPP, local structure
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supervised feature extraction [7], kernel subspace LDA [8],
kernel MSE [9], and quasiconformal mapping-based kernel
machine [10]. Many kernel learning methods are proposed
to improve the accuracy performance for the practical kernel
learning system, for example, sparse multiple kernel learning
[11], large scale multiple kernel learning [12], and Lp-norm
multiple kernel learning [13]. With the development of the
deep learning theory, the framework of the deep learning-
based multikernel machine is an effective framework, and
the learning method has been widely used in image analysis
[14, 15], image annotation [16], image classification [17],
image segmentation [18], and anomaly detection [19].
Researchers proposed deep kernel learning, namely, LMKL
[20], and in the other work, the estimated value of missing
an error is adjusted instead of the double objective function
[21]. And recent research includes machine learning-based
image processing [22, 23] under the internet environment
for the application of AI and IoT. Mathematically, it has been
proved that multilayer can improve the richness of represen-
tation, and the researchers combine the support vector
machine and multiple classifiers and use an adaptive back
propagation algorithm to update coefficients and weights
[20, 26, 27].

The kernel-based machine learning on the hyperspec-
tral data is proposed to retrieve the spectral data in the
internet environment. In the algorithm, we proposed the
quasiconformal mapping-based kernel learning for hyper-
spectral data classification for data retrieval in the internet
environment. And the Mahalanobis distance kernel func-
tion is applied to extract the nonlinear feature, with higher
discriminative ability than Euclidean distance-based kernel
function learning. The objective function of quasiconfor-
mal kernel learning created with the Fisher criterion is
proposed to seek the optimal parameters of the quasicon-
formal mapping projection. The proposed scheme is
effective to hyperspectral image retrieval under the internet
environment.

2. Proposed Algorithm

2.1. Motivation and Framework. Intelligent hyperspectral
retrieval extracts the features of the spectrum through sens-
ing data processing and analysis. Motivated by the fact that
kernel machine-based spectrum learning is effective to the
nonlinear classification, we present a framework of quasicon-
formal mapping-based multiple kernel learning with Maha-
lanobis distance kernel functions. The contributions include
three points: the quasiconformal mapping-based multiple
kernel learning network framework is proposed for hyper-
spectral data classification; the Mahalanobis distance kernel
function is as the network nodes with the higher discrimina-
tive ability than Euclidean distance-based kernel function
learning; and the objective function of measuring the class
discriminative ability is proposed to seek the optimal param-
eters of the quasiconformal mapping projection. The perfor-
mance is improved with two facts: one is to optimize the data
structure in the kernel empirical space with quasiconformal
mapping and second is to improve the discriminant ability
with Mahalanobis distance-based kernel. The proposed algo-

rithm has the highly effective performance on characterizing
the data through solving complex visual learning tasks. The
learning framework of hyperspectral image classification is
presented in Figure 1.

2.2. Quasiconformal Kernel Mapping Learning. Kernel-based
learning is used in data classification, with “empirical kernel
map.” Suppose that matrix K = ½kij�m×m, K is decomposed as

Km×m = Pm×rΛr×rP
T
r×m, ð1Þ

whereΛ is a diagonal matrix with r positive eigenvalues of K ,
P. The mapping is the empirical kernel map Φe

r ∈ R
r as

Φe
r : χ⟶ Rr ,

x⟶Λ−1/2PT k x, x1ð Þ, k x, x2ð Þ,⋯, k x, xmð Þð Þ:
ð2Þ

Different kernels have different abilities on classification,
and the kernel function based on feature similarity refers that
features exist in the form of distance, that is, similarity in a
function expression. For sample features x, y ∈ RN , if the
Euclidean distance between the two is dUðx, yÞ = kx − yk,
the general form of such a kernel function is

kU x, yð Þ = f dU x, yð Þð Þ: ð3Þ

The RBF kernel is the most typical representative of this
kind of kernel function, in addition to the negative distance
kernel, the logarithmic function kernel, and the Bn spline
kernel. For this type of kernel function, the Euclidean dis-
tance dUðx, yÞ can be simply replaced with the Mahalanobis

distance dMðx, yÞ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx − yÞTMðx − yÞ

q
, that is,

kUM x, yð Þ = f dM x, yð Þð Þ: ð4Þ

In particular, the expression for a typical Mahalanobis
distance RBF kernel function is

kRBFM x, yð Þ = exp −
1
2σ2 x − yð ÞTM x − yð Þ

� �
: ð5Þ

Similar to the above expression, given the inner product
Iðx, yÞ = x ⋅ y of two features, the general form of the kernel
function based on the feature inner product is

kI x, yð Þ = f I x, yð Þð Þ: ð6Þ

The polynomial kernel is the most typical representative
of this kind of kernel function, in addition to the Sigmoid
kernel. For this type of kernel function, a transformation is
required when expanding to the Mahalanobis distance kernel
function. Considering that in the case of Euclidean distance,
the inner product of the two features satisfies

I x, yð Þ = x ⋅ y = 1
2 ⋅ x − 0k k2 + y − 0k k2 − x − yk k2� �

: ð7Þ
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Therefore, the Mahalanobis distance of the inner product
can be written as

dIM x, yð Þ = 1
2 d2M x, 0ð Þ + d2M y, 0ð Þ − d2M x, yð Þ� �

: ð8Þ

In this way, the Mahalanobis distance of the inner prod-
uct can be obtained by calculating the Mahalanobis distance
between the feature and the origin 0 and the feature. Simi-
larly, the Mahalanobis distance of the inner product can be
obtained:

kIM x, yð Þ = f dIM x, yð Þ
� �

: ð9Þ

In particular, the expression for a typical Mahalanobis
distance polynomial kernel function is

kPOLM x, yð Þ = 1
2 xTMx + yTMy − x − yð ÞTM x − yð Þ
� �

+ c
� �d

:

ð10Þ

In this paper, we introduce the quasiconformal kernel,
kqðx, yÞ, as follows:

kq x, yð Þ = f xð Þf yð Þk x, yð Þ, ð11Þ

where x, y are the sample vectors and f ðxÞ is

f xð Þ = b0 + 〠
NXV

n=1
bne x, ~xnð Þ, ð12Þ

where eðx, ~xnÞ = e−δkx−xnk
2
, δ is a free parameter, ~xn is called

the “expansion vectors (XVs)”, NXV is the number of XVs,
and bn (n = 0, 1, 2,⋯,NXVs

) is the “expansion coefficients”
associated with ~xn (n = 0, 1, 2,⋯,NXVs

).
On the multiple kernels, the quasiconformal mapping

kernel is described as

k x, x′
� �

= f xð Þ〠
m

i=1
aik0,i x, x′

� �
f x′
� �

, ð13Þ

where x, x′∈p, k0,iðx, x′Þ is the ith basic kernel,m is the num-
ber of basic kernels for combination, ai ≥ 0 is the weight for
the ith basic kernel function, and qð⋅Þ is the factor function
defined by

f xð Þ = b0 + 〠
n

i=1
bik0 x, aið Þ, ð14Þ

where k0ðx, aiÞ = e−γkx−aik
2
, ai ∈ℝdfai,  i = 1, 2,⋯, ng are

selected by the training samples, and bi is the coefficient for
the combination. kðx, x′Þ satisfies the Mercer condition, kðx
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Figure 1: Algorithm framework.
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, x′Þ is rewritten as kðx, x′Þ =∑m
i=1di½ f ðxÞk0,iðx, x′Þf ðx′Þ� of

optimized transformation k0,iðx, x′Þ, and qðxÞk0,iðx, x′Þqðx′
Þ is the linear combination of kernels.

Given d = ½d1, d2,⋯, dm�, α = ½α0, α1, α2,⋯, αn�, and the
optimized multiple kernels kðx, x′Þ = Kf ðk0,iðx, x′Þ, d, αÞ, d,
α are to be optimized for the classification task. Finally, the
joint convex formulation can be formed as

max
d,α

Fc K0, d, αð Þ

Subject to dk k = 1, αk k = 1:
ð15Þ

Fcð·Þmeasures the class discriminative ability. d, α can be
solved in two stages, respectively. In the first stage, the cen-
tered kernel alignment [28] is applied to define the objective
optimization function; in the second stage, Fisher-based and
Margin-based optimization function is used to solve α.

Step 1. Optimize the weight vector of kernels.
In multikernel learning, the crucial step is to select the

adaptive weights of multiple kernels. The weight d = ½d1, d2
,⋯, dm� is to solve with centered kernel alignment [22]:

max Oc K Cð Þ
0 , K∗

� �

Subject toK Cð Þ
0 = 〠

m

i=1
diK

Cð Þ
0,i , tr K0ð Þ = 1, di ≥ 0,∀i,

ð16Þ

where OcðKðCÞ
0 , K∗Þ is the objective function,

K∗ x, x′
� �

=
1, if y = y′,
−1
c − 1 , if y ≠ y′,

8<
: ð17Þ

is the optimal kernel, and tr is the matrix trace. KðCÞ
0 = ½I −

11T /m�K0½I − 11T /m� is the centered kernel matrix of K0, I
is the identity matrix, and 1 is a vector with all entries equal

to 1. Accordingly, KðCÞ
0,i = ½I − 11T /m�K0,i½I − 11T /m� is the

center of K0,i, i = 1, 2,⋯,m. The objective function OcðKðCÞ
0

, K∗Þ = hKðCÞ
0 , K∗iF/kK∗

CkFkKðCÞ
0 kF , K∗

C is the centered kernel
matrix of K∗, where h·, · iF is the Frobenius norm between
two matrices, i.e., hD, EiF =∑m

i=1∑
m
j=1dijeij = trðDETÞ. Sup-

pose d = ½d1, d2,⋯, dm�, d∗ is solved with the quadratic pro-
gramming (QP) problem:

min vTTv − 2vTη
Subject to vi ≥ 0,∀i,

ð18Þ

where d∗ = v∗/kd∗k2, η =
½hKðCÞ

0,1 , K∗iFhK
ðCÞ
0,2 , K∗iF ,⋯, hKðCÞ

0,m, K∗iF�
T
, and T is defined

by Tij = hKðCÞ
0,1 , K

ðCÞ
0,j iF , i, j = 1, 2,⋯,m. Based on this centered

kernel alignment, the optimization problem can be trans-

formed into a QP problem, which can be effectively solved
with OPTI toolbox [28].

Step 2. Optimize the coefficients of kernels.
The coefficients α = ½b1, b2,⋯, bn� is solved based on the

Fisher criterion and JFisherðαÞ is defined as

JFisher αð Þ = : ð19Þ

Then, JFisherðαÞ/∂α = 2/J22ðJ2ETB0E − J1ETW0EÞα, where
JFisher is solved with the eigenvalue problem of ðETW0EÞ−1ð
ETB0EÞ and α. The matrix ðETW0EÞ−1ðETB0EÞ maybe is not
symmetrical or the matrix ETWE is singular; α is solved as

α n+1ð Þ = α nð Þ + ε
1
J2
ETB0E −

JFisher
J2

ETW0E
� �

α nð Þ, ð20Þ

where ε is the learning rate, εðnÞ = ε0ð1 − n/NÞ is the learning
rate of the nth iteration, ε0 is the initial learning rate, and N is
the number of the total iterations.

2.3. Metric Similarity-Based Learning

2.3.1. Similar/Dissimilar Function. Suppose the initial dis-
tance metric function dðx, yÞ (generally using Euclidean dis-
tance), the purpose of metric learning is to construct a new
distance ~dðx, yÞ based on some prior information, which is
more consistent with the description of the sample features
than the initial distance metric. In order to achieve this, the
new metric function ~dðx, yÞ can be converted into dð f ðxÞ, f
ðyÞÞ, that is, by defining a mapping f and using the original
distance metric function to calculate a new metric function,
thereby converting the metric learning problem into a learn-
ing mapping function f problem.

Given a sample set X ∈ RN , x, y, z is a sample in the sam-
ple set; if a function d : X × X ⟶ R+defined in the vector
space satisfies the following properties, then d is called a dis-
tance measure function: symmetry: dðx, yÞ = dðy, xÞ, non-
negative: dðx, yÞ ≥ 0, distinguishability: dðx, yÞ = 0⇔ x = y,
and triangle inequality: dðx, yÞ + dðy, zÞ ≥ dðx, zÞ. In the met-
ric function that satisfies the above properties, the Euclidean
distance is the most common distance metric function, which
measures the absolute distance between spatial sample
points, which is defined as

d x, yð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x − yð ÞT x − yð Þ

q
: ð21Þ

The Euclidean distance is characterized by simple calcu-
lation, but since the absolute distance measured is directly
related to the coordinates of the position of each point, the
adaptability to the data is poor in terms of feature scale and
coupling degree between features. Cosine similarity mainly
measures the consistency of direction between two vectors,
which is defined as

d x, yð Þ = 1 − x ⋅ y
xk k yk k : ð22Þ
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Compared with the Euclidean distance, the cosine simi-
larity measures the angle between the space vectors, which
reflects the difference in the direction of the vector and is
insensitive to the absolute value.

The Minkowski distance is a general expression of a class
of distance functions. Given two N-dimensional vectors: x
= fx1, x2,⋯, xNg and y = fy1, y2,⋯, yNg, the Minkowski
distance is defined as

d x, yð Þ = 〠
N

s=1
xs − ysð ÞP

 !1/P

, ð23Þ

where P takes a different value; the distance is derived as a
different type of distance. When P = 1, the distance is called
Manhattan distance, that is, dðx, yÞ = ð∑N

s=1jxs − ysjÞ. This
distance is used to indicate the absolute wheelbase sum of
the two points on the standard coordinate system. When P
= 2, the distance is called the Euclidean distance. When P
⟶∞, the Minkowski distance is called the Chebyshev dis-
tance, that is, dðx, yÞ =max

s
ðjxs − ysjÞ, which represents the

maximum value of the numerical difference between the
coordinates. Similar to the Euclidean distance, the Min-
kowski distance is still related to the dimension of the feature,
and the correlation between the features is not considered.

The Mahalanobis distance was proposed by P.C. Mahala-
nobis. It is defined as

d x, yð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x − yð ÞTS−1 x − yð Þ

q
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x − yð ÞTM x − yð Þ

q
, ð24Þ

where S is the data correlation matrix and M = S−1 is the
Mahalanobis matrix. WhenM is a unit array, the Mahalano-
bis distance degenerates into a Euclidean distance, indicating
that the Euclidean distance is a special case of the Mahalano-
bis distance. The greatest advantage of the Mahalanobis dis-
tance is the ability to remove the coupling between various
features and is scale-invariant.

As can be seen from the above definition, the traditional
distance measurement function is fixed in form and can be
calculated directly according to the formula without a pro-
cess of “learning” to the sample. Obviously, this approach
does not meet the diverse task requirements nor does it make
full use of the information contained in the sample features.
Therefore, it is necessary to construct a suitable distance met-
ric function by learning the multidimensional information
provided by the sample features for specific problems, so as
to provide the best expression of feature similarity.

2.3.2. Distance Measure Function. Linear metric learning
refers to obtaining a new metric function by linear transfor-
mation; that is, the form of the mapping function f is f ðxÞ
=ATx, where A is a projection matrix. The purpose of learn-
ing is to be able to find a suitable matrix A. In the case where
the initial distance measure is Euclidean distance, the new
measure function is

~d x, yð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ATx −ATy
� �T ATx −ATy

� �q
: ð25Þ

At this time, for the real matrix A, if M =AAT , M is a
semipositive symmetric matrix. The formula can be written
as follows:

~d x, yð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ATx −ATy
� �T ATx −ATy

� �q
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x − yð ÞTAAT x − yð Þ

q
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x − yð ÞTM x − yð Þ

q
:

ð26Þ

It can be seen from the above equation that under the
effect of matrix A, the sample is linearly mapped to a new fea-
ture space. When A is a unit matrix, the distance is the Euclid-
ean distance. When A is a diagonal matrix, it means that the
original space is scaled, which is equivalent to weighting the
samples. When A is an orthogonal matrix, it means that the
original space is rotated and transformed.WhenA is a normal
square matrix, it means that the original space is simulta-
neously scaled and rotated. When A is not a square matrix,
it is equivalent to a dimensionality reduction operation in
addition to rotation and scale transformation.

The above formula is similar to the Mahalanobis distance
metric in form, but the traditional Mahalanobis distancemetric
uses the inverse of the covariance matrix as the Mahalanobis
matrix. M in the above equation expands to the semipositive
array, representing a more general Mahalanobis matrix, so lin-
ear metric learning is also known as Mahalanobis metric learn-
ing. From the perspective of using sample information, the
traditional Mahalanobis matrix only uses the internal structure
of the data, focusing on describing the distribution properties
of the data, while the Mahalanobis matrix obtained by the met-
ric learning makes full use of the relationship between the fea-
ture and the category label and focuses on features that
adequately reflect sample class differences to achieve a better
metric function. In general, a metric learning problem can be
transformed into a constrained optimization problem:

min
M

LX Mð Þ + λr Mð Þ
s:t:cX Mð Þ,

ð27Þ

whereLXðMÞ represents the loss function on the training set X;
rðMÞ is a regularization term, which is used to correct the over-
fitting; and λ is the preset regularization factor, which is used to
adjust the influence degree of the regularization term in the train-
ing process. cXðMÞ is the constraint on the training set. Different
learning algorithms can be derived depending on the difference
of loss function, the regularization term, and the constraints.

2.4. Similar/Dissimilar Learning Criterions. Two popular cri-
terions, Fisher criterion and large margin nearest neighbor
criterion, are used in similar-/dissimilar-based learning.

2.4.1. Fisher Criterion. The method is based on the pairwise
constraint information provided by the sample as a priori
information to minimize the similar sample pairs and control
the distance between the nonsimilar sample pairs as the basic
idea to construct a convex optimization problem and achieve
the purpose of learning the Mahalanobis distance matrix.
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First, given a sample set X : fxigMi=1 ⊂ℝN , depending on
whether the sample pairs belong to the same category, two
constraint sets can be obtained: a homogeneous constraint
set W and a nonlike constraint set B. If the categories of the
sample pairs are the same (similar), then the sample pair
belongs to the setW, and if the categories of the sample pairs
are not the same (similar), the sample pair belongs to the set
B. If the Euclidean distance is used as the initial distance met-
ric, considering that the postlearning metric can make the
distance between the pairs of similar samples as small as pos-
sible, a convex optimization problem can be constructed:

min
M≥0

〠
xi ,x jð Þ∈W

d2M xi, xj
� �

s:t: 〠
xi ,x jð Þ∈B

dM xi, xj
� �

≥ 1,
ð28Þ

where d2Mðxi, xjÞ = ðxi − xjÞTMðxi − xjÞ and M are semiposi-
tive definite matrices. The constraint is added mainly to
remove the trivial solution of M = 0. In the specific solution,
an iterative update method can be used to solve. In each iter-
ation, the mature Newton downhill method is used to per-
form the gradient descent process to obtain an updated
Mahalanobis matrix. The matrix is then iteratively mapped
onto the constraint set. Although the algorithm is relatively
simple in implementation, the corresponding calculation

amount is large in the case of large data size because the algo-
rithm needs to construct all pairs of similar samples and non-
similar samples in the whole dataset. And the convergence
speed of the algorithm is also slow.

First, by introducing the projection matrix A, the distance
between the pair of points becomes

dM xi, xj
� �

=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ATxi −ATxj
� �T ATxi −ATxj

� �q
: ð29Þ

Considering the constraint set W, after the action of the
projection matrix A, the sum of the squares of the distances
between all pairs of points is

dW = 〠
xi ,xjð Þ∈W

ATxi −ATxj
� �T ATxi −ATxj

� �
: ð30Þ

The sum of the squares of the distances between all pairs
of points in constraint set B can be calculated as

dB = 〠
xi ,x jð Þ∈B

ATxi −ATxj
� �T ATxi −ATxj

� �
= tr ATSBA
� �

:

ð31Þ

Considering an excellent projection matrix A, it should
maximize the distance between the samples in the constraint
set B and reduce the distance between the samples in the
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constraint set W. Therefore, an objective function can be
constructed by using the ratio of dW and dB to get an optimi-
zation problem; the optimal A ∗ for the solution is

A∗ = arg max
ATA=I

tr ATSBA
� �

tr ATSWA
� � : ð32Þ

Thus, calculating the Mahalanobis distance matrix is
M∗ =A∗ðA∗ÞT after learning.

2.5. Procedural Steps and Discussion. The procedure is
shown in Figure 2. The procedure includes three stages:
the multikernel optimization, training, and testing. The
first step is optimizing the weight vector of multiple
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Figure 3: One example of Indian Pines data.
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Figure 4: One example from D.C. Mall data.

Table 1: Performance on the Indian Pines data (%).

Class 1 2 3 4 5 6 7 8 9 10 11 12

SVC (polynomial) 49.32 58.73 96.45 39.26 65.82 93.65 62.92 85.33 99.01 65.83 72.33 58.41

SVC (Gaussian) 78.02 73.65 99.16 76.92 80.52 97.12 79.78 89.80 99.79 83.64 86.04 80.74

KSRC (polynomial) 51.83 59.68 96.13 49.12 78.56 93.87 62.83 84.72 98.23 67.57 75.27 60.77

KSRC (Gaussian) 77.84 76.47 99.12 75.56 79.06 97.42 82.71 88.73 98.69 83.93 86.38 81.12

SVC (Q-kernel) 78.32 80.49 99.97 82.55 90.25 99.29 82.70 98.57 99.89 86.85 90.26 84.46

QMK (Q-kernel) 79.45 83.56 99.82 83.45 92.63 99.41 82.87 98.30 99.24 87.86 91.02 85.66
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quasiconformal kernels with Fisher and maximum margin
criterions; the second step is optimizing multiple kernels
for the classification. And the final step is classifier design
with the optimal kernels.

On learning bounds of the proposed algorithm, the learn-
ing criterion is to maximize the accuracy of the test data.
Given the function f : x⟶ R, the threshold version of f is
defined as

er fð Þ = 1
n

n + 1 ≤ i ≤ 2n : yi f xið Þ ≤ 0f gj j, ð33Þ

where the kernel-based classifiers are the threshold of kernel
expansions of the form, and the bounded norm is

wk k2 = 〠
2n

i,j=1
αiαjk xi, xj

� �
= αTKα ≤

1
γ2

: ð34Þ

For any γ > 0 with a probability at least 1 − δ over the
data xi, yi, each function f ∈ Fk has erð f Þ no more than 1/n
∑n

i=1 max ð1 − yi f ðxiÞÞ + 1/ ffiffiffi
n

p ð4 + ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 log ð1/δÞp

+

Table 2: Performance on the Pavia University data (%).

Class
SVM

(polynomial)
SVM

(Gaussian)
MKL

(polynomial)
MKL

(Gaussian)
KSRC

(polynomial)
KSRC

(Gaussian)
Proposed
(Q-kernel)

1 83.93 84.45 84.24 88.22 84.93 85.42 92.24

2 85.23 91.45 90.29 93.15 86.26 92.45 94.36

3 70.24 74.14 74.61 78.23 71.27 75.13 83.27

4 87.27 90.47 90.26 89.22 88.28 91.45 91.93

5 96.28 97.62 97.23 97.24 97.23 98.65 98.73

6 70.41 78.77 77.47 84.26 71.47 79.72 84.15

7 69.33 71.13 70.16 76.27 69.92 72.17 82.62

8 76.24 81.53 80.22 82.93 77.26 82.56 86.27

9 98.56 99.42 99.24 99.26 98.85 99.93 99.93

(a) Euclidean-MKL1 (b) Mahalanobis-MKL1 (c) Euclidean-MKL2

(d) Mahalanobis-MKL2 (e) True ground

Figure 5: Classification results of different methods on the Indian Pines dataset.
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ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ςðkÞ/nγ2p Þ, where ςðKÞ = E max

K∈K
σTKσ is the expectation

over σ. So, ςðKÞ = cE max
K∈K

σTK/ðtraceðKÞÞσ and

ς Kð Þ ≤ c min m, n max
j

λj

trace K j

� �
 !

, ð35Þ

where λ j is the largest eigenvalue of Kj.

3. Experiments and Analysis

3.1. Experiment Setting. The performance of the proposed
intelligent hyperspectral instrument is evaluated. The accu-
racy of spectrum classification is an important index to
evaluate the performance of spectrum classification. The
experiment was carried out on two sensing datasets of a
hyperspectral imager, i.e., Indian Pines dataset and Pavia
University dataset. The dataset of Indian Pines is based
on an airborne platform, under the various spectral and
the spatial resolutions. The data includes 224 0.4-2.5μm
bands. Nine kinds of 145 × 145-pixel images are realized
in the experiment. The data collection at the University
of Pavia is based on a reflective optics system imaging
spectrometer (ROSIS). The data includes 115 bands. In
the experiment, the performance of 9 kinds of 610 × 340
images is verified. Except for the feature dimensions of
the participating categories, the rest of the two experi-
ments were identical. In the use of classification features,
considering the computational efficiency and stability of
the Mahalanobis matrix, the dimension of original spectral
features is reduced by PCA. After the dimension reduc-
tion, the features are normalized to eliminate the deviation
caused by the sampling method. For the first experiment,
the top 30 principal components are selected to participate
in the classification; that is, the feature dimension was 30.
For experiment 2, the first 40 principal components are

selected to participate in the classification; that is, the fea-
ture dimension is 40. On the classifier settings, the preset
parameter values are selected by cross-validation by a
standard multiclass SVM. In the kernel function setting,
the Gaussian kernel function and the Mahalanobis Gauss-
ian kernel function are used as the basis kernel functions,
respectively. The scale parameter σ is set between [0.01, 2],
and the number of basis kernels is 10. In terms of the
evaluation index, the overall classification accuracy (OA)
and Kappa coefficient (KC) are used as performance eval-
uation indicators, and information such as classifier train-
ing time, test time, and support vector number is
collected. In the comparison method, the average multi-
kernel and different multiple kernel learning methods are
used as the multikernel combination coefficient algorithm,
and the Euclidean distance Gaussian kernel and the Maha-
lanobis Gaussian kernel are, respectively, used for compar-
ison. In these experiments, we implement four algorithms
as follows.

The Indian Pines dataset is collected under various spec-
tral and spatial resolutions. The spectral curves denote the
different remote sensing environments with an airborne plat-
form. The data cube has 224 bands of spectral resolution
through 0.4-2.5μm range, and it has the spatial resolution
of 20m per pixel. We removed the noisy and water vapor
absorption bands, and 200 bands of images are used in the
experiments. The whole scene consists of 145 × 145 pixels
and 16 classes of interested objects with the size ranging from
20 to 2468 pixels; 9 classes are used in the experiments. One
example is shown in Figure 3.

Pavia University data was acquired by the reflective
optics system imaging spectrometer (ROSIS) over the
urban area of the University of Pavia, Northern Italy.
The dataset consists of 115 spectral bands and 610 × 610
pixels with the spatial resolution of 1.3m by pixel. Several
undesirable bands influenced by the atmospheric absorp-
tion are discarded, leaving 103 bands in the 0.43–0.86 lm
region. We cut a patch sized 610 × 340, consisting of 9
classes of land covers from the set. The example is shown
in Figure 4.

3.2. Experiments on the Performance on Quasiconformal
Kernel Mapping. In the experiments, we evaluate the perfor-
mance on quasiconformal kernel mapping on the two data-
bases. The performance of quasiconformal kernel mapping
is testified and evaluated with the polynomial kernel and
Gaussian kernel. We have the Kernel Sparse Representation
Classifier (KSRC) and Support Vector Classifier (SVC) for

Table 4: Kappa coefficient of different methods on the Indian Pines
dataset.

Method
Feature dimension

10 20 30 40 50

Euclidean-MKL1 0.532 0.598 0.595 0.678 0.696

Euclidean-MKL2 0.544 0.612 0.663 0.698 0.728

Mahalanobis-MKL1 0.565 0.641 0.682 0.712 0.732

Mahalanobis-MKL2 0.570 0.648 0.689 0.729 0.742

Table 3: OA (%) of different methods on the Indian Pines dataset.

Method
Feature dimension

10 20 30 40 50

Euclidean-MKL1 57:23 ± 2:13 65:42 ± 1:95 67:98 ± 1:90 72:05 ± 1:24 74:23 ± 1:16
Mahalanobis-MKL1 62:25 ± 2:45 67:84 ± 2:33 71:97 ± 1:51 74:69 ± 1:23 75:10 ± 0:98
Euclidean-MKL2 59:10 ± 2:24 66:75 ± 1:82 71:08 ± 1:92 73:90 ± 1:24 76:07 ± 1:21
Mahalanobis-MKL2 62:04 ± 2:34 68:63 ± 2:43 73:34 ± 1:59 74:97 ± 1:29 77:12 ± 1:10
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classification. For comparisons, we also implement other
algorithms, including SVM [29], RMKL-SVM [30], and
POL-KSRC [31]. The experimental results on two datasets
are shown in Tables 1 and 2.

3.3. Experiments on the Performance on Mahalanobis
Distance Kernel. In the comparison method, the average mul-
tikernel and different multiple kernel learning methods are
used as the multikernel combination coefficient algorithm,

(a) Euclidean-MKL1 (b) Mahalanobis-MKL1 (c) Euclidean-MKL2

(d) Mahalanobis-MKL2 (e) True map

Figure 6: Classification results of different methods on the Pavia University dataset.

Table 5: OA (%) of different methods on the Pavia University dataset.

Method
Feature dimension

10 20 30 40 50

Euclidean-MKL1 61:98 ± 3:16 67:78 ± 3:24 71:35 ± 2:39 75:35 ± 1:62 78:69 ± 1:12
Mahalanobis-MKL1 62:53 ± 3:23 69:34 ± 2:78 72:80 ± 2:10 76:24 ± 1:19 79:78 ± 1:05
Euclidean-MKL2 61:92 ± 3:21 66:97 ± 3:28 71:76 ± 2:39 75:56 ± 1:67 79:24 ± 1:33
Mahalanobis-MKL2 62:89 ± 3:22 69:42 ± 2:81 73:10 ± 2:23 76:34 ± 1:23 79:86 ± 1:16
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and the Euclidean distance Gaussian kernel and the Mahala-
nobis Gaussian kernel are, respectively, used for comparison.
In these experiments, we implement four algorithms as fol-
lows: Euclidean-MKL1 [32]: the Euclidean distance kernel
function. Each kernel function is combined according to
the same weight; that is, the combination coefficient of each
kernel function is the reciprocal of the number of kernel
functions (see the description of literature [32] for details).
Mahalanobis-MKL1: the Mahalanobis distance kernel func-
tion is used for kernel learning. Euclidean-MKL2 [33]: the
Euclidean distance kernel function is used, which describes
the combination coefficient as described in [33]. Mahalano-
bis-MKL2: the Mahalanobis distance kernel function is used,
and the kernel learning is the same as Euclidean-MKL2.

The experimental results of different methods on the
Indian Pines dataset are shown in Figure 5 and Tables 3
and 4. The experimental results of different methods on the
Pavia University dataset are shown in Figure 6 and Tables 5
and 6. As these results, the proposed Mahalanobis distance
kernel has the highest performance on the accuracy.

3.4. Experiment Comparisons. For the comparisons, we have
some experiments to compare the performance of the pro-
posed algorithm, and the following 14 methods are imple-

mented as the comparison: (1) RBF: RBF Euclidean kernel as
the kernel function in the SVM [31]; (2) Poly: polynomial
Euclidean kernel as the kernel function in the SVM [31]; (3)
Mahal-RBF: Mahalanobis distance-based RBF kernel as the
kernel function in the SVM [34]; (4)Mahal-Poly:Mahalanobis
distance-based polynomial kernel as the kernel function in the
SVM [34]; (5) SK-CV (RBF): a SVM with a single kernel and
adopting the RBF kernel as the kernel function in the SVM
[35]; (6) SK-Poly: standard SVM with a single kernel and
adopting a polynomial kernel as the kernel function in the
SVM [35]; (7) NMF-MKL: the nonnegative matrix factoriza-
tion (NMF) MKL proposed by Gu et al. [28], which combines
multiple kernels with NMF; (8) KNMF-MKL: the kernel-
based nonnegative matrix factorization (KNMF) MKL
method, also proposed by Gu et al., which combines multiple
kernels with the KNMF method; (9) Euclidean-MKL1 [32]:
the Euclidean distance kernel function. Each kernel function
is combined according to the same weight; that is, the combi-
nation coefficient of each kernel function is the reciprocal of
the number of kernel functions (see the description of litera-
ture for details). (10) Euclidean-MKL2 [33]: the Euclidean dis-
tance kernel function is used, which describes the combination
coefficient as described in [33]; (11) Mahalanobis-MKL1: pro-
posed the Mahalanobis distance-based multiple kernel func-
tion, and learning criterions are same as Euclidean-MKL1;
(12) Mahalanobis-MKL2: the Mahalanobis distance kernel
function is used, and learning criterions are the same as
Euclidean-MKL2; (13) Mahalanobis-QMKL1: proposed the
Mahalanobis distance-based multiple quasiconformal kernel
function, and learning criterions are the same as Euclidean-
MKL1; (14) Mahalanobis-QMKL2: the Mahalanobis distance
quasiconformal kernel function is used, and learning criteri-
ons are the same as Euclidean-MKL2.

As shown in Table 7, the proposed scheme is effective to
the hyperspectral image classification. The quasiconformal
mapping-based multiple kernel learning network framework
is effective and feasible for hyperspectral data classification,
and the Mahalanobis distance kernel function is as the net-
work nodes with the higher discriminative ability than
Euclidean distance-based kernel function learning, and the
objective function of measuring the class discriminative abil-
ity is proposed to seek the optimal parameters of the quasi-
conformal mapping projection. Compared with other
kernel-based learning methods, the proposed algorithm is
effective and performs best.

3.5. Computation Efficiency and Practical Applications. In the
experiments, the computational cost was recorded with a PC
with a 2.6GHz i5-3320 processor and 4GB RAM. The differ-
ent computational costs are achieved under the different fea-
tures. The proposed algorithms omit the parameter
optimization process under the same dimension of feature
vector, so the high computation efficiency is achieved. Both
Euclidean-based method and Mahalanobis-based method
adopt nonnegative matrix factorization to optimize the ker-
nel weights, and a higher dimension of features requires
more time because it needs more memory to save the kernel
matrix and has more dimensions to compute. So,
Mahalanobis-based kernel learning has the higher

Table 6: Kappa coefficient of different methods on the Pavia
University dataset.

Method
Feature dimension

10 20 30 40 50

Euclidean-MKL1 0.548 0.608 0.658 0.704 0.721

Euclidean-MKL2 0.549 0.611 0.662 0.710 0.729

Mahalanobis-MKL1 0.554 0.619 0.672 0.716 0.734

Mahalanobis-MKL2 0.555 0.622 0.678 0.721 0.741

Table 7: Performance comparisons on two databases.

Datasets
Indian Pines

dataset
Pavia University

dataset
Methods OA (%) KC (%) OA (%) KC (%)

RBF 73.23 63.73 75.43 68.76

Poly 75.77 66.28 78.08 72.07

Mahal-RBF 76.92 67.79 76.26 69.87

Mahal-Poly 77.64 68.62 79.07 73.24

SK-CV-RBF 67.03 64.23 75.71 69.14

SK-Poly 69.37 66.96 77.62 71.37

NMF-MKL 67.48 64.81 71.57 64.42

KNMF-MKL 68.22 65.63 72.80 65.81

Euclidean-MKL1 74.23 69.63 78.69 72.11

Euclidean-MKL2 76.07 72.84 79.24 72.92

Mahalanobis-MKL1 75.90 73.25 79.78 73.43

Mahalanobis-MKL2 78.22 74.25 79.86 74.16

Proposed
Mahalanobis-QMKL1

76.96 74.35 80.27 74.52

Proposed
Mahalanobis-QMKL2

79.28 75.85 80.96 75.34
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computation efficiency than Euclidean-based method under
the same dimension of the features.

In the practical application system, the system framework
is shown in Figure 7. For the quasiconformal mapping kernel
machine learning-based intelligent hyperspectral data
retrieval under internet environment, the framework
includes three stages: image collection, image processing
online, and image transmission. In the framework, the sec-
ond stage is important. Different from the experiment set-
ting, the practical application system includes the image
collection and image transmission.

4. Conclusion

In this paper, we present the quasiconformal mapping kernel
machine learning-based intelligent hyperspectral data classi-
fication algorithm for the internet-based hyperspectral data
retrieval and with the wide application in intelligent internet
data mining as the application of AIoT (Artificial Intelligence
of Things). The contributions of the algorithm lie in the fol-
lowing points: the quasiconformal mapping-based multiple
kernel learning network framework is proposed for hyper-
spectral data classification, and the Mahalanobis distance
kernel function is as the network nodes with the higher dis-
criminative ability than Euclidean distance-based kernel
function learning, and the objective function of measuring

the class discriminative ability is proposed to seek the opti-
mal parameters of the quasiconformal mapping projection.
Experiments show that the proposed scheme is effective to
the hyperspectral image classification. The proposed algo-
rithm has advantages on the large training sample construc-
tion with the data from the internet, including images,
videos, and other information.

Data Availability

We have not used specific data from other sources for the
simulations of the results. The two popular hyperspectral
datasets in this paper, Indian Pines dataset and Pavia Univer-
sity data, are downloaded free from the website: http://www
.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_
Sensing_Scenes. The proposed algorithm is implemented in
Python.
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