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1.1 INTRODUCTION OF KERNEL ANALYSIS

Kernel methods have been widely studied for pattern classification and multidomain
association tasks [1-3]. Kernel analysis (KA) enables kernel functions to operate in
the feature space without ever computing the coordinates of the data in that space,
but rather by simply computing the inner products between the images of all pairs of
data in the feature space [4, 5]. This operation is often less computational than the
explicit computation of the coordinates [3, 6, 7]. This approach is called the kernel
trick. Kernel functions have been introduced for sequence data, graphs, text, images,
as well as vectors [8—14].

Kernel feature analysis attracts significant attention in the fields of both machine
learning and signal processing [10, 15]; thus there are demands to cover this
state-of-the-art topic [16]. In this survey, we identify the following popular trends
and developments in KA, so that we can visualize the merits and potentials in an
organized manner:

e Yield nonlinear filters in the input space to open up many possibilities for opti-
mum nonlinear system design.

e Adapt KA into the traditionally developed machine learning techniques for non-
linear optimal filter implementations.

e Explore kernel selection for distributed databases including solutions of hetero-
geneous issues.
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Constructing composite kernels is an anticipated solution for heterogeneous data
problems. A composite kernel is more relevant for the dataset and adapts itself by
adjusting its composed coefficient parameters, thus allowing more flexibility in the
kernel choice [3, 8, 17-20].

The key idea behind the KA method is to allow the feature space to be updated as
the training proceeds with more data being fed into the algorithm [15, 21-26]. This
feature space update can be incremental or nonincremental. In an incremental update,
the feature space is augmented with new features extracted from the new data, with
a possible expansion of the feature space if necessary [21-27]. In a nonincremental
update, the dimension of the feature space remains constant, as the newly computed
features may replace some of the existing ones [8, 19, 20]. In this survey, we also
identify the following possibilities:

e Alink between offline learning and online learning using KA framework, which
suggests other connections and a potential impact on both machine learning and
signal processing.

e A relationship between online learning and prediction techniques to merge them
together for an adaptive prediction from online learning.

e An online novelty detection with KA as an extended application of prediction
algorithms from online learning. These algorithms listed in this survey are
capable of operating with kernels, including support vector machines (SVMs)
[12, 28-34] Gaussian processes [35-38], Fisher’s linear discriminant analysis
(LDA) [19, 39], principal component analysis (PCA) [3, 9-11, 20, 22, 24-27,
40], spectral clustering [41-47], linear adaptive filters [48-53], and many
others.

The objective of this survey is to deliver a comprehensive review of current KA
methods from offline and online learning aspects [1, 19, 21]. Research studies on KA
are carried out in the areas of computer science or statistics to give precise treatments
to nonlinear pattern recognition without unnecessary computational complexity [4, 5,
28]. This latest survey of KA may stimulate the emergence of neural network studies
in computer science applications and encourage collaborative research activities in
relevant engineering areas [8—12].

We begin to describe the offline kernel methods by basic understanding of KA in
Section 1.2. Then, this survey shows advanced distributed database technology for
KA in Section 1.3. In the following sections, we point out online learning frame-
works (vs offline learning in Section 1.2) using kernel methods in Section 1.4 and
then the prediction of data anomaly in Section 1.5. Finally, we conclude with the
future directions of KA in Section 1.6.

1.2 KERNEL OFFLINE LEARNING

Offline learning is a machine learning algorithm in which the system does not change
its approximation of the target function, once the initial training phase has been
absolved.
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KA mainly deals with two major issues: (i) how to choose the appropriate kernels
for offline learning during the learning phase, and (ii) how to adopt KA into the tradi-
tionally developed machine learning techniques such as neural network (NN), SVM,
and PCA, where the nonlinear learning data space is placed under the linear space
via kernel tricks.

1.2.1 Choose the Appropriate Kernels

Selecting the appropriate kernels is regarded as the key problem in KA, as it has
a direct effect on the performance of machine learning techniques [35, 54—65]. The
proper kernels are identified by priori without the analysis of databases, and the kernel
selection is often implemented in the initial stage of offline learning. Commonly used
kernel functions are as follows [20, 56, 66, 67]:

The linear kernel: K(x,x;) = xTx;

The polynomial kernel: K(x, x;) = (xTxi + Offset)?

The Gaussian radial basis function (RBF) kernel: K(x, x;) = exp(—||x — x;||*/26?)
The exponential Gaussian RBF kernel: K(x, x;) = exp(—||x — x;|| /26?)

The Laplace kernel: K(x,x;) = exp(—y/|lx — x;{|2/c?)

The Laplace RBF kernel: K(x, x;) = exp(—o||x — x;||)

The sigmoid kernel: K(x, x;) = tanh(Byx"x; + f)

The analysis of variance (ANOVA) RB kernel: K(x, x;) = 22’:1 exp (—o(xk — x{.‘)z)d
The Cauchy kernel: K(x,x;) = 1/(1 + ||x — x;||* /o)

The multiquadric kernel: K(x, x;) = v/||x — x;]|> + 2

The power exponential kernel: K(x, x;) = exp((—||x — xl-||2 /262)%)

The linear spline kernel: K(x,x;) = 1 + xx; min(x, x;) — ((x + x;)/2)(min(x, x,»)2 +
(min(x, x,)*/3)).

Many KA studies do not address appropriate kernel functions; instead, they simply
choose well-known traditional kernels empirically by following other studies [56, 57,
68-T71].

As shown in Table 1.1, there are four proposed kernel methods for choosing proper
kernels: (i) linear combinations of base kernel functions, (ii) hyperkernels, (iii) dif-
ference of convex (DC) functions programming, and (iv) convex optimization. The
representative accuracy is calculated as the average of the maximum accuracy with
its standard deviation for each kernel selection approach [(i)—(iv)], according to the
papers listed. On the basis of Table 1.1, the DC approach consistently achieved the
best accuracy, using a 95% level of confidence.

Linear Combinations of Base Kernel Functions The linear combina-
tion of base kernel functions approach is based on the fact that the combination of
kernels satisfying the Mercer’s condition can generate another kernel [73]. In other
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Table 1.1 Kernel selection approaches and related research

Kernel selection approach Relevant studies Representative accuracy

Linear combinations [58, 60, 72, 73] 93.6 + 8.4

Hyperkernels [35, 57, 61-63, 74] 959 + 43

Difference of convex [36, 64,75, 76] 99.1 + 0.76
(DC) functions

Convex optimization [69, 71,77, 81] 96.5 + 4.1

words, the appropriate kernel is chosen by estimating the optimal weighted combi-
nation of base kernels [56, 67], to satisfy the Mercer’s condition / / K(x,x;)g(x)g(x;)
dxdx; > 0.

The proper kernels [58, 59, 68, 72, 73] are decided when base kernels &, ..., kp,
are given from Equation 1.1 [60, 73]:

D

K(x,X) = Z w gk (xc, XK (1.1)
d=1

where D is the number of base kernels, and each kernel functionk; : y X y —
R has two inputs and produces a scalar as the output. In addition, w,, ..., wy, are
non-negative weights [60, 73]. As shown in Equation 1.1, this method is effective
because weights w, of useless kernels k, are ideally set to zero.

Hyperkernels Hyperkernels are proposed by Ong et al. [61]; it can be used for
kernel learning for the inductive setting [57]. The definition of hyperkernels is as
follows [35, 57, 61-63, 74]:

Let x be a nonempty set, ¥ =xXx and K : xXx — R with K.(-) = K(},") =
K(-, ¥). Then, K is called a hyperkernel on x if and only if

1. K is a positive definite on X and
2. Forany 7 €%, K, is a positive definite on x.

These hyperkernels are flexible in kernel learning for a vast range of data sets, as
they have the invariant property of translation and rotation simultaneously [63]. In
other studies [35, 57, 62, 63, 74], these hyperkernels are extended into a variety of
aspects as in Table 1.2.

These hyperkernel approaches listed in Table 1.2 have somehow overlapped the
principles and advantages. These extensions include a method using customized opti-
mization for measuring the fitness between a kernel and the learning task.

DC Functions-Programming Algorithm The kernel is selected by specify-
ing its objective function [58, 61, 76—80] by optimizing a predefined family of kernels.
DC-programming is one of the algorithms for those optimization problems, expressed
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Table 1.2 Hyperkernel method comparison

Method Principle Advantage

Iterative Second-order cone Efficient calculation
optimization [57] programming

Invariance [63] Invariant translation and Flexible wide range of data

rotation simultaneously sets
Learning [62] Learning hyperplane Optimal parameters
Gaussian [35] Wishart hyperkernels Less computational
complexity

Structural risk Regularization penalty into Low bias, high variance,

minimization [74] the optimization prevent overfitting

as Equation 1.2 [64, 75]:

minD(p) = min(g(p) — h(p)),

1 1 2
(p) = + and h(p) = —————— (1.2)
¢ 217K 1 n217K, 1 17K ,1

where g(p) and h(p) are convex functions, 1 = {1,..1}7, n is the number of data, and
[K];; = k(x;, x;) for either class 1 or 2. This means the difference of convex func-
tions D(p) can be a nonconvex function. Thus, the DC-programming algorithm can
be applied to both nonconvex and convex problems [64, 68, 75, 36].

To solve the nonconvex problem, Neumann et al. [75] adopt DC functions,
which minimize the difference between convex functions as the kernel choice
method. Argyriou et al. [68] propose the DC-programming algorithm on the basis of
mini-max optimization problems involved in the greedy algorithm. This study [68]
has a significant advantage, as choosing the kernel among basic kernels in advance
is not required.

Convex Opftimization Algorithm The problem for choosing the kernel can
be reformulated as a manageable, convex optimization problem [69, 71, 77, 81].
Kim et al. [69] and Khemchandani et al. [71] address the kernel selection in the
kernel Fisher discriminant analysis (KFDA) to maximize a Fisher discriminant ratio
(FDR). The basic concept of adopting convex optimization is Equation 1.3 as follows
[69, 71]:

max £’ (K) (1.3)

subject to K = 6K, + (1 — 0)K,, where kernel functions K ,7K, € «, and V6 €
[0, 1]. F7} is FDR with a positive regularization parameter 4, and « is a set of kernel
functions K.

Other kernel-based methods select the kernel optimizing over the Gram matrix
with a fixed weight vector, which has similar computational complexity but cannot
ensure that the globally optimal kernel is always found. In the case of the convex, the
global optimization is achieved [69].
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1.2.2 Adopt KA into the traditionally developed machine
learning techniques

KA methods are used for the nonlinear extension to make it more applicable in
addition to the existing offline methods, such as (i) neural network, (ii) SVM, and
(iii) PCA.

Neural Network NN is a very successful technique, which uses input/output
components that are trained to perform nonlinear classification [82]. This structured
approach allows KA to be incorporated within NN in different ways [37, 83-96].

Some studies [37, 83—87] embed KA inside of the normal NN structure. A com-
mon example of combining the NN with KA is the radial basis function neural net-
work (RBF-NN) [97]. This technique successfully uses a RBF kernel algorithm for
the activation functions of the hidden layer in the form (1.4).

S1
new) = Y xi(llx = xill) (1.4)
i=1

where 7 is output, x is input with the hidden layer « (Fig. 1.1).

Other nontraditional KA used in the general structure of the NN can be found in
[88-92]. Although commonly standalone, NN techniques such as back-propagation
and recurrence functions combine to train and expand the use of NN with KA in
the literature [85, 86, 93-96]. Table 1.3 gives key references of back-propagation,
recurrence, RBF, and some nontraditional techniques in conjunction with KA. On the
basis of Table 1.3, many nontraditional approaches are proposed for reaching the best
classification accuracy of each study listed in the relevant studies. The representative
accuracy consists of the mean with 1 standard deviation among these relevant studies.

Output layer

Hidden layer

Input layer

Figure 1.1 General RBF-NN [97]. The input and output layers perform functions simi-
larly to a normal neural network. The hidden layer uses the RBF kernel, denoted as its
activation function as shown in Equation 1.4.
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Table 1.3 Neural network approaches related to kernel algorithm

Algorithms Relevant studies Representative accuracy
Back-propagation [85, 86, 95, 96] 83.6+10.8
Recurrence [93, 94] 91.6 + 10.5
Radial basis function (RBF) [37, 83, 84, 86, 87] 90.0+2.5
Nontraditional [88-92] 96.7 + 4.6

A comparison between KA and NN studies are conducted. Some NN [86, 94, 95]
outperform non-KA-based NN. In the comparison of accuracy, more common KA
techniques outperform standalone NN [98—101]. None of these references provides
definitive evidence that KA or NN is generally better for all situations.

Support Vector Machine SVM originates from statistical learning theory
developed by Vapnik [102], as a binary classifier. SVM is developed as a margin
classifier [103]. The task in SVM is to find the largest margin separating the
classifier hyperplane [104]. Equation 1.5 is an optimization problem that involves
the cross-product of training data.

m m
1
L(a) = Z %= 5 Z ViYj®aX; « X; (1.5)
i=1 ij=1

where X is the input, @ is a Lagrange multiplier, and y is the label for the distance
criterion L. Equation 1.5 is a formulation of SVM for linearly separable data. The
cross-product is also called linear kernel [105]. In order for SVM to work in non-
separable (i.e., nonlinear) data, the data is mapped into a higher dimensional feature
space, defined by the kernel function [52]. Kernel function is the inner product in the
feature space and in the form of Equation 1.6:

K(x;.x)) = ®(x,) - O(x)) (1.6)

Tolerance to error needs to be introduced. The SVM learning task then becomes
to minimize (Eq. 1.7),

m 1 m
L(a) = 2 -5 z VoK (x;, ) (1.7)
i=1 ij=1

subject to 0 < a; < C and z ay is a measure of tolerance to error. C is an addi-
tional constraint on the Lagrange multiplier. Equation 1.7 is a quadratic programming
problem and can be solved using standard Quadratic Programming solver, called
the C-SVM formulation [106]. A review on different methods to solve the opti-
mization problem is discussed in [107]. Sequential minimal optimization (SMO) and
other decomposition methods are used to solve the optimization problems listed in
Table 1.4. This table shows SVM approaches consistently reach high classification
accuracy.



8 SURVEY

Table 1.4 SVM approaches relevant to solve optimization problem

Algorithm Relevant studies Representative accuracy
Sequential minimal optimization (SMO) [108, 109] N.A.
Decomposition methods [110, 111] 99.9+0.0

Other methods [112, 113] 92.3+10.1

Among kernel functions used for SVM [37, 114], the three most common ker-
nel functions used are polynomial, Gaussian, and sigmoid functions. SVM shows
competitive performance for classification but does not outperform other techniques
in regression problems [115]. Recent SVM developments introduce a new variant
called twin support vector machine (TSVM) [116, 117], which uses nonparallel sep-
arating hyperplane unlike original formulation of SVM. Nonparallel hyperplanes are
beneficial for preferential classification task, where one class is more significant than
the others.

Principal Component Analysis PCA, also known as Karhunen—Loéve trans-
form (KLT) or proper orthogonal decomposition (POD), is a mathematical method
for reducing dimension of feature space by representing in the orthogonal eigenvector
space as shown in Fig. 1.2.

The transformation incorporates an eigenvector and eigenvalue calculation and is
a linear transformation. The transformed space, in descending order of accounted
variance, is orthogonal if the original dataset is jointly normally distributed. PCA is
sensitive to relative scaling and expected value of the original feature. Being a linear
model, PCA efficiently uses the nonlinearity provided by kernel association [118] in
the form of higher dimension—making kernel principal component analysis (KPCA)
a nonlinear component analysis tool. Bouveyron et al. [41] conduct an evaluation of
PCA and KPCA in comparison to other similar methods for high-dimensional data
clustering. In [119] PCA is generalized to use kernel for higher dimension input space.
The developed supervised PCA as well as the supervised KPCA aims to find the

(a) b

Figure 1.2 Principle of kernel PCA. (a) nonlinear in input space. (b) high-dimensional
feature space corresponding to nonlinear input space. The contour lines of constant
projections generate the principal eigenvectors. Kernel PCA does not actually require
@ fo be mapped info F All necessary computations are executfed through the use of a
kernel function k in input space R2.
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principal components with maximum dependence on the response variables, which
can be achieved by Equation 1.8.

argmax tr(U' XHLHXTU)
U

subject to UTU =1 (1.8)

where U is the optimal solution space, X is the input set, H is the Hilbert—Schimdt
space, and L is the space orthogonal to U.

Scholkopf et al. [118] have introduced KA into PCA. Yang et al. [120] extend
Fisher discriminant analysis to associate kernel methods by incorporating KPCA
and Fisher’s LDA. In the LDA algorithm, firstly, the feature space is transformed by
KPCA, then between-class and within-class scatter matrices S, and S,, are computed.
Finally, regular and irregular discriminant features are extracted and fused using a
cumulative normalized-distance for classification.

Girolami [42] uses KPCA to develop one of the early iterative data clustering
algorithms that uses KPCA. The implicit assumption of hyperspherical clusters in
the sum-of-squares criterion is based on the feature space representation of the data,
defined by the specific kernel chosen. Proposed generalized transform of scatter
matrix is given by Equation 1.9.

K
Tr(S5,) = 1= ) nREICy) (1.9)
k=1

where R (x|C}) denotes the quadratic sum of the elements, which are allocated to the
kth cluster and y;, = N, /N.

Liu [121] applied an extension of KPCA on Gabor-wavelet representation of face
images for recognition. He uses a subset of fractional power polynomial models,
which satisfies Mercer condition to compute the corresponding Gram matrix. Lemm
et al. [122] used KPCA in brain imaging and makes an analytic comparison with
LDA. KPCA is also used for feature space dimension reduction in biodiesel analysis
[123], characterization of global germplasm [124], and bioprocess monitoring for
its derivatives [125]. Zhang and Ma [126] use multiscale KPCA for fault detection
in nonlinear chemical processes. Yu develops a Gaussian mixture model for fault
detection and diagnosis of nonlinear chemical processes [38]. These studies are listed
in Table 1.5. All these studies are shown in Fig. 1.3, with the publication year and
number of citations. Table 1.5 shows that PCA approaches cover many applications,
with relatively high performances.

1.2.3 Structured Database with Kernel

Structured databases pose an interesting extension of offline kernel learning. Kernel
methods in general have been successful in various learning tasks on numerical (at
least ordered) data represented in a single table. Much of “real-world” data, how-
ever, is structured—has no natural representation in a single table [137]. Usually, to
apply kernel methods to “real-world” data, extensive preprocessing is performed to
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Table 1.5 PCA approaches related to kernel algorithm

Field of application Relevant studies Representative accuracy
RADAR detection/prediction [123, 128, 131] 94.6+75
Sensor/fault detection [125, 126, 130, 132] 96.1 +54
Prediction analysis/algorithm [38,41,42,119, 133, 135] 96.7+34
Computer vision/biometrics [120-122, 124, 127, 134] 9.1+1.2
Geography/satellite [129] 88.0

W Cortes [65
2048 165] m Kernel selection

W Burges [66]
© Burges [108] Neural network

1024 * Schc‘j.lkopf [118] ¥ Bach [79] ® Support vector machine
Vapnik [102
prik [102] W Jebara [73] # Principal component analysis
512
Melgani [84]
Scholkopf [37] v [120]
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T Meyer [115]
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3 Campbell [52] m Gunn [72] Ar%ynou [68]
< ®Scholkopt [80] Kim [69]
= 64 ® YiLin[76] m Ali [54]
2 Doniger [85] Neumann [75]
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S Oyang [87], g
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E 16 mola [102] - W Liberati [56]
z Micheli [93] Yang [55] Khemchandani [70]
® Tsang [57] ¥ Khemchandani [71]
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Dai [81] Yang [125] Yu.Jie [38]
" Jia [125] ® Taylor [107]
4 - #Barshan [119]
J. Sun [64] Leek [127]
® Silva [136]
> Niu [90] Cortes [122]
1997 1999 2001 2003 2005 2007 2009 2011

Publication year

Figure 1.3 Significant research publications in various fields of KA and kernel selection
for offline learning. Works related to neural network, SVM, PCA, and kernel selection are
displayed according fo citation number versus publishing year.

embed the data into a real vector space and thus in a single table. These preprocess-
ing steps vary widely with the nature of the corresponding data. Several approaches
of defining positive definite kernels on structured instances exist. Under this condi-
tion, structured databases are handled in different manners by analytically optimized
algorithms. We briefly discuss those five kernel methods respectively: (i) kernel par-
tial least squares (KPLS) regression [138], (ii) kernel canonical correlation analysis
(KCCA) [139], (iii) kernel-based orthogonal projections (KOP), (iv) kernel multivari-
ate analysis (KMA), and (v) diffusion kernels (DK) [140]. For the interested readers,
we also include a comprehensive list of recent significant works on kernel methods
for structured databases in Table 1.6.
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Table 1.6 Application of kernels for structured databases

Method Field of application Research works
KPLS [138] Algorithm [141-143]
Signal processing [144, 145]
Pattern recognition/Classification [145, 146]
KCCA [139, 147, 148] Classification [149, 150]
Statistical analysis [151, 153]
KOP [166, 167] Data compression [152, 154]
Classification [155-157]
KMA [158, 159] Image analysis/Classification [160, 161]
Statistical analysis [162, 163]
DK [140] Computer vision/Graph analysis [164, 165]

Kernel Partial Least Squares Regression A family of regularized least
squares regression models in a Reproducing Kernel Hilbert Space is extended by the
KPLS regression model [138]. Similarly to principal components regression (PCR),
partial least square (PLS) is a method based on the projection of input (explanatory)
variables to the latent variables (components). However, in contrast to PCR, PLS cre-
ates the components by modeling the relationship between input and output variables
while maintaining most of the information in the input variables. PLS is useful in situ-
ations where the number of explanatory variables exceeds the number of observations
and/or a high level of multicollinearity among those variables is assumed.

Kernel Canonical Correlation Analysis (KCCA) Lai et al. propose a
neural implementation of the statistical technique of canonical correlation analysis
(CCA) [147] and extend it to nonlinear CCA. They derive the method of kernel-based
CCA and compare these two methods on real and artificial data sets before using both
on the blind separation of sources [139]. Hardoon et al. develop a general method
using kernel canonical correlation analysis to learn a semantic representation to web
images and their associated text. The semantic space provides a common representa-
tion and enables a comparison between the text and images [147]. Melzer et al. [ 148]
introduce a new approach to constructing appearance models on the basis of KCCA.

Kernel-based Orthogonal Projections (KOP) Kernel-based classification
and regression methods have been applied to modeling a wide variety of biological
data. The kernel-based orthogonal projections to latent structures (K-OPLS) method
offers unique properties facilitating separate modeling of predictive variation and
structured noise in the feature space [166]. While providing prediction results
similar to other kernel-based methods, K-OPLS features enhance interpretational
capabilities—allowing detection of unanticipated systematic variation in the data
such as instrumental drift, batch variability, or unexpected biological variation.

The orthogonal projections to latent structures (OPLS) method have been
successfully applied in various chemical and biological systems as well for mod-
eling and interpretation of linear relationships between a descriptor matrix and
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response matrix. A kernel-based reformulation of the original OPLS algorithm is
presented where the kernel Gram matrix is used as a replacement for the descriptor
matrix. This enables usage of the “kernel trick” to efficiently transform the data
into a higher dimensional feature space where predictive and response-orthogonal
components are calculated. This strategy has the capacity to considerably improve
predictive performance, where strong nonlinear relationships exist between descrip-
tor and response variables with retaining the OPLS model framework. The algorithm
enables separate modeling of predictive and response-orthogonal variation in the
feature space. This separation can be highly beneficial for model interpretation
purposes, which provides a flexible framework for supervised regression [167].

Kernel Multivariate Analysis (KMA) Feature extraction and dimensionality
reduction are important tasks in many fields of science dealing with signal process-
ing and analysis. The relevance of these techniques is increasing as current sensory
devices are developed with ever higher resolution, and problems involving multi-
modal data sources become more common. A plethora of feature extraction methods
are available in the literature collectively grouped under the field of multivariate anal-
ysis (MVA) [158]. Other methods for classification and statistical dependence deal
with the extreme cases of large-scale and low-sized problems. Aitchison and Aitken
[159] develop an extension of the kernel method of density estimation from continu-
ous to multivariate binary spaces. This simple nonparametric has consistent properties
in discrimination problems, with some advantages over already proposed parametric
counterparts.

Diffusion Kernels (DK) DK may be viewed as a distinguished example of expo-
nential kernels [140]. These applications of DK-based learning algorithms are appli-
cable to real valued data and a few special data types, such as strings. Kondor and
Lafferty [140] propose a general method of constructing natural families of kernels
over discrete structures on the basis of the matrix exponentiation idea.

1.3 DISTRIBUTED DATABASE WITH KERNEL

Various KA using offline learning may be extended to address big data by consid-
ering distributed databases. In this section, we show how KA adaptation can benefit
distributed databases by the procedure described in the following three subsections:
Sections 1.3.1-1.3.3.

1.3.1 Multiple Database Representation

Providing enhanced multiple databases to users has received a lot of attention in
the field of data engineering [43, 44, 168—172]. As shown in Fig. 1.4, the multiple
databases consist of various datasets in the forms of distributed databases and sin-
gle databases. They are sometimes separately stored on multiple storage spaces in a
network [169, 170, 173].



&

1.3 DISTRIBUTED DATABASE WITH KERNEL 13

Multiple database

(Distributed| (Distributed| (Distributed )

database 1| |database 2| |database 3
Dataset 1 Dataset 5 -
" |

| Dataset 1 | | Dataset 5 | Dataset 2 Dataset 6 Dataset 10 Extraction
Dataset 7 - from big data
Dataset 8 Dataset 12
g / i

Simultaneous
access and
modification

| Y Distributed
Kernels clustering

Figure 1.4 The composition of the multiple databases. The mulfiple databases include
distributed databases and single databases, which are stored on different storage
spaces connected within a network. Three key aftributes of the multiple databases
are (i) simultaneous access and modification, (ii) extraction from huge amounts, and
(iii) distributed clustering/classification.

The multiple databases have the following three key attributes. Firstly, users of
multiple databases can access and modify data in the distributed database simultane-
ously [169, 170]. Secondly, they can extract what they need among a huge amount
of data in the distributed environments. Thirdly, all data stored in multiple databases
can be clustered/classified [43, 44, 171, 172].

In order to bolster these key attributes of the multiple database, the data needs to be
efficiently processed in separated storage spaces, to be classified, or to be gathered
accurately per the requests of users [43, 44, 171, 172, 174]. Hence, the studies of
multiple databases can be linked to multiple-learning or meta-learning, clustering,
and classification problems. KA-based machine learning can be effective solutions
of those issues due to KA flexibility [54, 70, 169].

1.3.2 Kernel Selections among Heterogeneous Multiple
Databases

Sets of KA can be used to sort distributed databases for quick and efficient access.
Lin shows that Kernel SVM can be used to decrease the total loading time of large
distributed datasets at the cost of increased processing [175-178]. This is impor-
tant because the data may not be accessible otherwise. The reason for the increased
computational load is that the Kernel SVM must be retrained with each new dataset
[175]. That is why kernels themselves are distributed and the computational power is
divided. An early method of such distributed KA is described in [179]. Other more
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f Distributed \

database 1
. ata o

Distributed
database 2
Dataset5
Dataset 6
Dataset 7
_Dataset8
Distributed
database 3

Figure 1.5 Several pregenerated kernels are trained to access different features in sev-
eral distributed databases. The output of this kernel network is a sum of the kernel func-
fions that maps to the data of inferest. The summation and biasing make this method
behave similarly to a neural network [178].

recent methods can be seen in [16, 178, 180—183]. Fig. 1.5 gives an example where
multiple kernels (MKs) can be used in a network setting, in which each kernel holds a
different configuration of the dataset [178]. The non-kernel SVM has a faster run-time
but less precision than that of KA distributed SVM [175, 184].

1.3.3 Multiple Database Representation KA Applications
to Distributed Databases

KA is applied for a wide range of learning problems in distributed environment.
Some examples of these applications include anomaly/fault detection, medical
field/biometrics/computer vision, and economic modeling/forecasting/prediction.
In Table 1.7, some relevant KA applications of distributed databases are listed.
Table 1.7 shows that many SVM approaches exist for a broad range of applications.

We show specific applications as follows to demonstrate how KA distributed
databases using SVM-related algorithms are practically implemented in the
real-world setting: (i) market analysis, (ii) wireless sensor networks, and (iii)
distributed text classification.

Market Analysis One field that will benefit from the distributed computing task
is the study of market behavior because it involves large and diverse datasets from
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Table 1.7 Distributed database application-wise concentration

Distributed
database
application field NN SVM PCA
Anomaly/Fault detection [43] [48, 171, 176, 177, 182] [173]
100 90.2 +10.7 100
Medical field/Biometrics/ [170] [136, 168, 172, 180, 184, 187] [44, 45]
Computer vision
96.2 98.1+1.1 91 + 8.5
Economic modeling/ [169] [16, 174, 178, 185, 186, 188] [239]
Forecasting/Prediction
95 90.0 +10.7 99.2

various sources. In [186], customer behavior prediction is stored in separate places,
so that the proposed machine learning technique can be implemented in a distributed
manner. Multiple kernel support vector machines (MKSVM) and author-developed
approach called collaborative MKSVM are compared. The MKSVM is a variant of
SVM that uses MKs in computation, while Collaborative MKSVM is a derivation
of MKSVM to accommodate the distributed and diverse manner of data stored in a
market problem. The task of learning in this study is to classify customers (return-
ing or reluctant) and their willingness (willing to repeatedly purchase some group
of products or not). Experiment results show that Collaborative MKSVM obtains
higher accuracy and lower computational time and is more robust to noise data than
MKSVM.

Wireless Sensor Networks This study implements SVM in classification prob-
lem over distributed WSN [16] on the basis of a sequential ascent-based algorithm.
This algorithm essentially works in a parallel way with a discriminant function to
appropriately handle this distributed scheme. SVM is trained locally for each network
node to get the Lagrange multiplier corresponding to the local dataset. This scheme
tests the data from the UCI machine learning repository [189]. Results show no sig-
nificant difference in effectiveness compared to the original SVM, but the scheme
minimizes the exchange of information between networks (and hence increases secu-
rity) and is scalable for large-scale network.

Distributed Text Classification Another implementation of SVM is applied
to classification of text in distributed computing [136]. In addition to SVM, the Rel-
evance Vector Machine is proposed. The texts data to be classified is obtained from
Reuters-21578 financial corpus and Reuters Corpus Volume 1. This text classifica-
tion task is split into subtasks that can be disposed in a directed acrylic graph (DAG).
The DAG is then optimized for distributed computing [190]. This distributed com-
puting framework shows that the performance of the classification task is better using
distributed scheme compared to sequential processing.
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1.4 KERNEL ONLINE LEARNING

In contrast to offline learning, online learning handles one instance at a time as
new data becomes available. Online learning may be used as a faster, more efficient
replacement for batch processing due to its lower computational and memory
requirements, or it may be implemented in a real-time system [15]. Because new
data is continuously used for training, online algorithms must make use of memory
resources to prevent unbounded growth of the support of the classifier or regression
curve. This results in unbounded memory consumption and growth in computational
complexity [15, 191-193].

In Section 1.4.1, we illustrate general principles of kernel-based online learning
algorithms, and in Section 1.4.2, we demonstrate how an online kernel framework
is adopted into some traditionally developed machine learning techniques such as
(i) NN, (ii) SVM, and (iii) PCA. Finally, in Section 1.4.3, we establish the link
between online learning and prediction.

1.4.1 Kernel-Based Online Learning Algorithms

The kernel-based online learning is introduced by shifting kernel methods to an online
format in the growth of the dictionary size over time as new data is added as shown in
Fig. 1.6. This growth is super-linear when batch-type offline techniques are directly
applied [194] and linear when incremental methods are applied to naive application
[49]. To remedy the data size, a variety of techniques are used to discard or ignore
the data on whether any new information is added to the classifier or filter [15, 49].

The so-called “growing sum problem” [192] is tackled by a variety of means. The
NORMA algorithm [15] uses a “forgetting factor” such that samples are weighted in
a sliding-window manner, with older samples weighted less than newer ones. This
technique assumes that we are interested only in the statistical structure of the newest
samples in a nonstationary series.

Kernel augmented
training space

Kernel center
Training | Feature space l \

sample i x%d)opt(x) Update

kernel

°
°
° Prediction
error

New data added .,

Training ’ \?/_
P

sample i + 1 redict

Figure 1.6 Online kernel-based learning algorithm. As a new training sample is added,
the kernel is updated on the basis of the online learning algorithms described in the
following section.
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Alternatively, when it is desired to take older data into account, sparsification tech-
niques may be used [49]. In these methods, only data that add new information to the
classifier or filter are added to the support. Various information criteria are proposed,
such as the approximate linear dependency criterion [195], the surprise criterion [50],
and the variance criterion [196].

While sparsification methods seek to discard redundant data, quantization meth-
ods instead limit the number of possible input space regions that will lead to support
expansion [197]. The input space is divided into discrete regions of a given size.
The region expands the support only if it has no assigned support vector. Other-
wise, the coefficient for that region is updated instead, which limits the growth of the
system [197].

Other methods are proposed for dealing with the growth problem, including [192],
which uses only finite-dimensional kernels and replaces infinite-dimensional kernels
with finite-dimensional approximations. This method achieves constant computa-
tional complexity over time [192]. Another method is presented in [193], which
projects new inputs into a feature space spanned by the previous hypothesis. This
method is guaranteed to be bounded and outperforms other Perceptron-based meth-
ods [193].

The complication of online kernel methods is the selection of the kernel itself.
Often, it is assumed that a suitable function is known as a priori, while in reality, this
is not necessarily the case [49, 198]. This issue is less well addressed in the literature
but is handled through the use of MK algorithms, which select the best kernel or
combination of kernels from a dictionary of possible choices on the basis of the data
[198, 199]. Rosenblatt [200] uses a combination of the Perceptron algorithm and the
Hedge algorithm [191] to learn the kernel combination and the classifier and present
both deterministic and stochastic [201] algorithms for doing so.

1.4.2 Adopt "Online” KA Framework into the Traditionally
Developed Machine Learning Techniques

Figure 1.7 shows the representative online learning studies on Kernel-based online
learning using (i) NN, (ii) SVM, and (iii) PCA.

Neural Network (NN) Online NN is designed to have the learning capabilities
of online time systems [202]. Online NN also consists of input, hidden, and output
layers interconnected with directed weights (w). w;; denotes the input-to-hidden layer
weights at the hidden neuron j, and wy, denotes the hidden-to-output layer weights at
the output neuron k. Learning is accomplished by comparing the actual output to the
desired output, then adjusting the weights accordingly. A typical kernel online NN is
depicted in Fig. 1.8.

Online updates to the weights of a NN relies on algorithms such as the com-
monly used Gaussian RBF, which resides in the hidden layer of the NN. The cen-
ters of the RBF function are initially chosen on the basis of prior knowledge of
the structure of the uncertainty, and typically, we assume that the RBF centers are
fixed. The application of kernel methods allows this assumption to be relaxed [219].
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Figure 1.7 Key papers for Kernel Online learning based on the number of citations for
the years 1998-2013, for Principal Component Analysis (PCA), Support Vector Machine
(SVM), Neural Network (NN), Autoregressive Moving Average (ARMA), and Finite-State
Model (FSM).
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Figure 1.8 Online NN learning algorithm. An artificial neural network consists of
input, hidden, and output layers inferconnected with directed weights (w), where w;;
denoftes the input-to-hidden layer weights at the hidden neuron j and w;, denotes the
hidden-fo-output layer weights at the output neuron k [218].

Kingravi et al. propose an online algorithm that connects kernel methods to persis-
tently exciting (PE) signals, known as budgeted kernel restructuring (BKR) for model
reference adaptive control (MRAC).

Similar techniques have been applied to such problems as time-series prediction
[203], and pattern classification tasks such as facial recognition [15]. NN is frequently
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applied in engineering applications that require optimization of nonlinear stochastic
dynamic systems [220]. Yuen et al. [218] propose a kernel-based hybrid NN for online
regression of noisy data, combining fuzzy ART (FA) and general regression neural
network (GRNN) models. The performance of kernel NN continues to improve due
to the recent development of new algorithms; Liu et al. [204] describe kernel affine
projection algorithms (KAPA), which outperforms other recently developed algo-
rithms such as the kernel least-mean-square (KLMS) algorithm in online time-series
prediction, nonlinear channel equalization, and nonlinear noise cancellation.

Support Vector Machine (SYM) Online SVM [208, 209] preserves the skele-
ton samples on the basis of the geometric characteristics of SVM as shown in Fig. 1.9.
The SVM classifier is updated when the distances between samples in the kernel
space and the newly arriving samples are within a given threshold to the current clas-
sification hyperplane. Online updating of the classifier can be achieved, as only very
limited training samples are maintained in the offline step [208].

The implementation of online SVM has two possible cases. One case is to replace
batch processing when more than a feasible amount of memory is required to generate
the classifier. The second case involves data arriving in real time, when the algo-
rithm classifies data as it is received. In this case, we consider nonstationary aspects
so that the classifier can adapt—that is, retrain—to the changing distribution of the
input data. This illuminates the need for specially designed algorithms, as the training
process for traditional batch SVMs is notoriously slow [15].

Gruber et al. adopt an online SVM to signature variation, using kernel functions
based on the longest common subsequences (LCSS) detection algorithm. The model
compensates local variability of individual signatures, performs more reliably than
other SVM kernel algorithms such as dynamic time warping, and easily defeats them
[208].
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Figure 1.9 Scheme for naive online SVM classification. The input data are mapped
to the kernel Hilbert space, and the hyperplane is generated as in offine SVM. If an
optimal solution cannot be found, a new kernel is selected. The process repeats for
newly incoming data.
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Online SVM is also widely used for novelty detection, known as anomaly detec-
tion. The novelty detection is the process when a learning system recognizes unprece-
dented inputs [209]. SVMs adapted to online novelty detection are referred to as
one-class support vector machines (1-SVM). 1-SVM distinguishes between inputs in
the “normal” class and all other inputs, which are considered outliers or anomalies.
Because such a classification does not require expert labels, 1-SVMs are consid-
ered unsupervised methods. The classifying function of a I-SVM returns +1 within
a region capturing most of the data points, and —1 elsewhere in the input space
[204]. This is accomplished by separating the data from the origin using the greatest
possible margin [204, 221]. Similarly to other online SVMs, online 1-SVMs typi-
cally prune old or redundant data from the classifier to prevent indefinite complexity
expansion [209].

Desobry et al. [210] propose an adaptive online 1-SVM method called kernel
change detection (KCD), designed for the online case of the sequential input data.
For T feature vectors x,, t =1, 2, ... T, they train two 1-SVMs independently: one
on the set of preceding feature vectors, and one on the set of future vectors. Using the
outputs from each SVM, they compute a decision index and compare it to a predeter-
mined threshold to ascertain whether a change has occurred in the feature statistics
at the given ¢. They find that KCD is capable of segmenting musical tracks into their
component notes.

Zhang et al. implement a sliding-time-window 1-SVM using quarter-sphere
formulation of the SVM, which applies to one-sided non-negative distributions
of features [211]. Rather than fitting a hyperplane to the data, this method fits
a quarter-(hyper)sphere, centered at the origin [211]. This reduces the quadratic
programming solution of the SVM dual problem to a linear programming solution,
reducing the computational effort required for training at each time window.

Gomez-Verdejo et al. [212] create an adaptive one-class support vector achine
(AOSVM) that updates the SVM at every time-step using a recursive least squares
algorithm. AOSVM weights old patterns with an exponential window and allows
them to decay so that the SVM can adapt to changing data statistics. Sofman et al.
[222] use a modified version of the NORMA algorithm [15] for online novelty detec-
tion in the context of mobile robot terrain navigation. NORMA is a stochastic gradient
descent algorithm suitable for online kernel-based learning. Sofman uses a hinge loss
function, such that its gradient is nonzero only in the case of novel inputs.

Principal Component Analysis (PCA) Online KPCA extracts principal
components in the feature space related to nonlinear inputs. The algorithm for
extracting the components is Equation 1.10 expressed mathematically as

M
VD) = ) alk(x;,x) (1.10)
i=1

where k(x;, x) = (®(x;) - P(x)) is the kernel function, «; the eigenvectors, and V" the
corresponding eigenvectors in the feature space [118]. The success of online KPCA
depends heavily on the kernel updates from the modified Gram matrix; thus, the clas-
sification accuracy relies on kernel iteration for problem-specific datasets [240-242].
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Figure 1.10 Online KPCA diagram. In the initial (offline) training phase, the initial kernel
parameters and eigen-feature space are calculated. As new training setfs are infro-
duced, incremental (online) adjustments are made to the parameters and an updated
eigen-space is generated.

Most online methods begin with one or more offline learning steps to determine
suitable kernel parameters [223]. The incremental kernel principal component
analysis (IKPCA) developed by Ozawa et al. [224] progresses in two stages: (i) in
the initial learning phase, a number of training sets are presented offline and the
initial eigen-feature space is found, and (ii) in the incremental learning phase, the
feature space is defined by solving the eigenvalue problem with dimensions deter-
mined by the amount of independent data. Online KPCA algorithm is depicted in
Fig. 1.10.

Hoffman [205] demonstrates the use of online KPCA in novelty detection, specifi-
cally applied to recognition of handwritten digits and breast cancer detection. Classi-
fication performance is measured against results from the Parzen window density
estimator, standard PCA, and 1-SVM. By adjusting the parameters g (number of
eigenvectors) and o (kernel width), KPCA achieves better generalization than Parzen
density and greater resistance to noise. Online KPCA methods are applied to the
denoising of chaotic time series [206] and Gaussian noise in images [207].

1.4.3 Relationship Between Online Learning and Prediction
Techniques

Prediction is a scheme to estimate the future behavior of a system. It is intimately
connected with regression [52, 225] and system modeling [51, 214], each of which
seeks to build a mathematical representation of an unknown system or process. This
mathematical representation model can be subsequently used to predict future states.

Prediction and online learning have traditionally been studies of two independent
communities: (i) in signal processing and (ii) in machine learning. The two disciplines
possess different momentum and emphasis, which makes it attractive to periodically
review trends and new developments in their overlapping spheres of influence. These
two existing communities notice that this is the key area of study for the next gener-
ation of any intelligent systems [191, 214, 215].
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Table 1.8 Comparisons of prediction and online learning algorithms

Methods Purpose Main community

Prediction Estimate forthcoming outcomes Statistics/signal processing

Online learning Induce the coming new data for Statistics/machine leaning
prediction

As shown in Table 1.8, the term “prediction” implies learning how to forecast, that
is, what will happen in the forthcoming data? Online learning, on the other hand, is
a more general term, in which newly arriving data may be used to update a classifier
without necessarily generating a prediction of the next data point. However, they are
often used to mean the same thing, as knowledge of the structure of a system allows
one to predict its future behavior [52, 225].

A prediction is a future function, as a forecast of the new coming dataset will be
automatically classified on the basis of the knowledge of offline or online learning.
As shown in the previous section, there are many prediction approaches. These pre-
dictions can be incorporated with KA representation, in a manner that may extend the
learning space through the nonlinear online learning. In the following section, “pre-
diction” will be examined, specifically how the coming datasets are used for testing
a future feature space prediction [213, 214] as “online learning” has been shown.

1.5 PREDICTION WITH KERNELS

Prediction is represented by top-down model-based representation. In this section, we
show how kernels may enhance the prediction through the four major representations:
(1) linear prediction, (ii) Kalman filter, (iii) finite-state model, and (iv) autoregressive
moving average model. Finally, we compare them in (v) comparison of four models.

1.5.1 Linear Prediction

A linear prediction is a simplified model where future output values are estimated as
a linear function (Eq. 1.11) of previous values and predictor coefficients, as follows

[226]:
k

) =ag+ax(n—1)+---+ax(n—k) = Za,.x(n — i) (1.11)
i=0

where X (n) is the predicted value or position at 7. By applying a kernel to the input
data, the dataset can be mapped to a space where it is linear.

The predicted value is a linear combination of previous observations x(n — k) and
predictor coefficients a,,, as shown in Fig. 1.11. The key is to solve a linear equation
to find out the coefficients, a,,, that can minimize the mean squared error between the
predicted values and previous values [227]. The linear model is widely used in the
early stage to compare the prediction performance with other models, for example,
Kalman filtering [226].
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Figure 1.11 Linear predictor with an initial kernel mapping. The input data is mapped
from its original space fo a new Hilbert space where x(n) is linear, by the function @ to
allow for the use of the kernel frick. The model is optimized by minimized the function
e(N). which is the difference in the current and previous predicted value.

1.5.2 Kalman Filter

The Kalman filter (KF) is one of the most commonly used prediction methods in
real-time filtering technologies [53, 226, 228-233]. KF provides a recursive solution
1.12 to minimize mean square error within the class of linear estimators, where linear
process and measurement equations can be expressed as follows [228]:

) = Fx(t— 1)+ Bu(t — 1)+ W, z(t) = HX(¢) + V (1.12)

where we denote the state transition matrix as F, the control-input matrix as B, and
the measurement matrix as H. u(t) is an n-dimensional known vector, and z(f) is
a measurement vector. The random variables W and V represent the process and
measurement noise with the property of the zero-mean white Gaussian noise with
covariance, E[W(1)W(1)T] = R(t) and E[V(t)V(¢)"] = Q(¢), respectively. The matri-
ces F, B, W, H, and V are assumed known and possibly time varying.

Ralaivola and d’ Alche-Buc [233] develop a kernel Kalman filter (KKF) method
for implementing a KF on a nonlinear time-series dataset. By mapping the input data
from a nonlinear space to a Hilbert space (shown in Fig. 1.12), the mercer kernel
function can be satisfied. In KKF, the predicted position X(¢) can be derived from the
previous state x(z — 1) and the current measurement z(¢) [226, 232]. Because of the
state update kernel process with new data, KF is effective for predicting changes in
both linear and nonlinear dynamic systems of multivariate Gaussian distribution [53].

KF can be enhanced to an interactive multiple model (IMM) filter with constant
velocity (CV) and constant acceleration (CA) [232]. Hong et al. [53] suggest the
first-order extended Kalman filter (EKF) with a kernel type method can be used to
process and update the state estimate.

1.5.3 Finite-State Model

Finite-state model (FSM), or finite-state machine, consists of a finite number of dis-
crete states, only one of which the model can occupy at any given time. FSM under-
goes a change of state upon a triggering event. Kernel methods have been applied
to FSM [234, 235]. Separated-kernel image processing using finite-state machines
(SKIPSM) is an online kernel method used to speed processing time when dealing
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Figure 1.12 For processing a nonlinear time series, a kernelized Kalman filter is an opti-
mal way fo execute the Kalman filter. With a nonlinear series x, and an associated series
x® . x, is mapped to x®, by the nonlinearmap @ : RY — H, where R is the input space,
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with large numbers of states, as in processing of grayscale images [234]. FSM is
expressed mathematically as a sextuple M = (I, O, S, 6, 4, s0), where [ is the
input alphabet, O is the output alphabet, S is the finite set of states, and s0 is the
initial state. 6 is the next state function (6 : S X I — S), and A is the output function
(A:8%1 — 0). Most FSM are classified as either a Mealy machine, in which the
inputs always affect the outputs, or a Moore machine, in which inputs affect outputs
only through the states [216, 236].

1.5.4 Autoregressive Moving Average Model

Autoregressive moving average (ARMA) model is a mathematical generalization of
the linear model with time-series data and signal noise and is widely used to predict
motion patterns of a time series from past values. Martinez-Ramon et al. [217] use the
kernel trick to formulate nonlinear SVM-ARMA in reproducing kernel Hilbert space
(RKHS). Discrete-time processes (DTP) that are nonlinear cannot be directly mod-
eled using ARMA, but the use of composite kernels allows for a nonlinear mapping
into an RKHS. The input and output DTP are represented by the composite kernel
formulation 1.13:

K(z;.2) = F({d, i )" b, )" 17, 1,0 )T b, 1T)
= Ky(yi_1’}{;_1)+Ku(ui,Mj) (1.13)
where y and u are the input and output DTP, respectively. Shpigelman et al. [237]

describe a kernel autoregressive moving average (KARMA) for the tracking of hand
movement in 3D space.
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Figure 1.13 A kernel autoregressive moving average (KARMA) model with online learn-
ing for tracking of hand movement.

As shown in Fig. 1.13, ARMA consists of two models: (i) an autoregressive (AR)
model represented by a weighted sum of the present and past positions with a poly-
nomial order p, and (ii) a moving average (MA) model represented by a weighted
sum of the present and past signal noise with a polynomial order g. The notation
ARMA(p, q) is represented by the polynomial orders of p AR and ¢ MA [237, 238].

1.56.5 Comparison of Four Models

The four prediction models, linear prediction, KF, FSM, and ARMA, are
quantitively compared to illustrate the overall advantages of each model, as
shown in Table 1.9. The prediction error is defined as root mean square error
(RMSE = \/ C@; =92 /2@y, — m,)?), where y; is the ith measurement, 9, is the
estimation of the ith measurement, and m,, is the mean of all the measurements).
RMSE is used to convert each quantitive error to a universal metric for proper com-
parison. On the basis of these various conditions, we cannot definitively state which
method performs better than the others. The performance of the computational speed
is separately examined for the comparison by listing the primary factor contributing
to model complexity.

These methods also list in Table 1.10 the computational speed to describe the over-
all computational complexity. In general, the number of datasets dictates the speed
of each method, although some methods depend on additional experimental factors.
For example, the main factors to determine the computational speed using Kernel
Predictive Linear Gaussian models [227] are the number of base functions and total
amount of feature dimensions.

Table 1.9 Quantitative comparisons of prediction error

Methods Error range Mean + SDV Data type

Linear [227] [0.0,0.05] 0.026 +0.018 k-fold cross-validation
KF [233] [0.03, 0.73] 10.37 +10.62 Three noisy datasets
FSM [234, 235] [0.0, 0.135] 0.042 +0.042 10 uniform

ARMA [217] [-2.9, —1.7] —-2.3+0.60 Normalized validation
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Table 1.10 Comparisons of computational speed

Methods Speed Main variables
Linear [227] on?) J: base functions

n: feature dimension
KF [233] oP) [: time series length
FSM [234, 235] 8.34 + 7.2 frame/s Morphological structure
ARMA [217] O(n) n: data

1.6 FUTURE DIRECTION AND CONCLUSION

In this survey, we have shown the state-of-the-art techniques related to KA, mainly
for classification and prediction including online and distributed extension and
selected applications. We have also explained KA prediction approaches including
model-based and hybrid prediction algorithms. The cross-section between clas-
sification and prediction is a new research area, considering the uncertainty and
irregularity of data sequential configuration. Originating from physical phenomena
and technical limitations, these open areas may lead to further investigations of
sophisticated KA techniques. In successful implementations of KA for big-data
analysis, the prediction and online classification are sometimes merged together.
Unlike classical partitioning clustering algorithms for offline machine learning,
modern KA for online learning and prediction are able to solve real-world problems
despite the big data size. To maximize the potential innovation furthermore, an
extensive validation on real-world applications remains a big challenge for these
KA techniques. To realize this future direction, collaborative research activities with
various disciplines including engineering (signal processing), computer science
(machine learning), and statistics (data regression) are preferable.
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