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Data integration concerns the process of acquiring and
managing heterogeneous data to be used by means of a
unified view. Data can be merged in a unique data structure
and can reside on different data sources and can be reconciled
in the user view. Data is growing and huge increasing volume
of data is available in different information sources; thus
that furnishing uniquely available user interface is always
more interesting challenge. To address this, data integration
has become, over the last decades, the focus of extensive
computer science theoretical works focusing on schema
alignment and data fusion. Nevertheless, many issues are still
open problems and thus unsolved.

The recent years have seen an impressive growth in the
volume, speed, and heterogeneity of the generated data as
well as in the variety and quality of the data. We are in the
era of big data! Data is generated, collected, and processed at
an unprecedented scale and data-driven decisions influence
many aspects ofmodern society. Data integration contributes
to rapid and efficient decisions and is required in social and
life related areas such as emergency management, life quality,
and health related data management. As a consequence,
there is a growing interest in applying mathematical theories
and methods to model, integrate, and manage massive and
fast changing data and in retrieving the valid and valuable
knowledge they imply.

The target of this special issue was to disseminate recent
research results on data integration and to promote the
integration between data management and knowledge rep-
resentation communities. The aim was to merge articles

describing novel theoretical as well as applied works regard-
ing methodologies for big data modeling, integration, and
management.

In the paper “Big Data Validity Evaluation Based on
MMTD” by N. Zhou et al., mediummathematics systems are
introduced for the evaluation of big data validity. A medium
logic-based data validity evaluation method is proposed.
The contributions of the paper are as follows: based on the
3V properties of big data, dimensions that have a major
influence on data validity are determined; data completeness,
correctness, and compatibility are defined; a medium truth
degree-based model is proposed to measure each dimension
of data validity; a medium truth degree-based multidimen-
sional model is proposed to measure the integrated value of
data validity.

In the paper “A Compound Structure for Wind Speed
Forecasting Using MKLSSVM with Feature Selection and
Parameter Optimization” by S. Sun et al., a compound
MKLSSVM model optimized by HGSA algorithm inte-
grated with signal decomposition technique EEMD, namely,
EEMD-HGSA-MKLSSVM, is proposed for short-term wind
speed forecasting. Four sets of mean half-hour wind speed,
selected randomly from the historical wind speed data in
2015 and collected from a wind farm located in Anhui of
China, are utilized as case studies to evaluate the forecasting
performance of EEMD-HGSA-MKLSSVMmodel.

In the paper “A Negotiation Optimization Strategy of
Collaborative Procurement with Supply Chain Based on
Multi-Agent System” by C. Chen and C. Xu, the process
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of collaborative procurement in which buyers and suppliers
are prone to conflict in cooperation due to differences in
needs and preferences is investigated. The paper provides a
novel perspective for the analysis of intelligent supply chain
managements; it constructs a negotiation model based on
multi-agent system and proposes a negotiation optimization
strategy combined with machine learning.

In the paper “High-Order Degree and Combined Degree
in Complex Networks” by S. Wang et al., several novel
centrality metrics are defined: the high-order degree and
combined degree of undirected network, the high-order out-
degree and in-degree and combined out out-degree and in-
degree of directed network. Those are the measurement of
node importance with respect to the number of the node
neighbors. Centrality metrics are explored in the context
of several best-known networks and it is proved that both
the degree centrality and eigenvector centrality are special
cases of the high-order degree of undirected network, and
both the in-degree andPageRank algorithmwithout damping
factor are special cases of the high-order in-degree of directed
network.

Conflicts of Interest

The editors declare that they have no conflicts of interest
regarding the publication of this special issue.

Acknowledgments

The guest editorial team would like to thank all authors
for their contributions and the reviewer for their insightful
comments.

Ester Zumpano
Luciano Caroprese
Pierangelo Veltri

Andrea Cal̀ı
Florin Radulescu



Research Article
A Compound Structure for Wind Speed Forecasting Using
MKLSSVM with Feature Selection and Parameter Optimization

Sizhou Sun ,1,2 Jingqi Fu ,1,3 Feng Zhu,1,3 and Nan Xiong1,3

1School of Mechatronic Engineering and Automation, Shanghai University, Shanghai, 200072, China
2College of Electrical Engineering, Anhui Polytechnic University, Wuhu, 241000, China
3Shanghai Key Laboratory of Power Station Automation Technology, Shanghai University, Shanghai, 200072, China

Correspondence should be addressed to Jingqi Fu; jqfu@staff.shu.edu.cn

Received 8 February 2018; Revised 14 July 2018; Accepted 30 August 2018; Published 14 November 2018

Academic Editor: Luciano Caroprese

Copyright © 2018 Sizhou Sun et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The aims of this study contribute to a new hybrid model by combining ensemble empirical mode decomposition (EEMD)
with multikernel function least square support vector machine (MKLSSVM) optimized by hybrid gravitation search algorithm
(HGSA) for short-term wind speed prediction. In the forecasting process, EEMD is adopted to make the original wind speed
data decomposed into intrinsic mode functions (IMFs) and one residual firstly. Then, partial autocorrelation function (PACF)
is applied to identify the correlation between the corresponding decomposed components. Subsequently, the MKLSSVM using
multikernel function of radial basis function (RBF) and polynomial (Poly) kernel function by weight coefficient is exploited as core
forecasting engine to make the short-term wind speed prediction. To improve the regression performance, the binary-value GSA
(BGSA) in HGSA is utilized as feature selection approach to remove the ineffective candidates and reconstruct the most relevant
feature input-matrix for the forecasting engine, while real-value GSA (RGSA) makes the parameter combination optimization of
MKLSSVM model. In the end, these respective decomposed subseries forecasting results are combined into the final forecasting
values by aggregate calculation. Numerical results and comparable analysis illustrate the excellent performance of the EEMD-
HGSA-MKLSSVM model when applied in the short-term wind speed forecasting.

1. Introduction

Owing to the abundant, renewable, and economical charac-
teristics, the exploitation and utilization technique of renew-
able wind energy have attracted extensive attention of the
scientific researchers. Wind energy has been considered as
an effective way to address the global energy demands and
eliminate green-house gas emissions [1]. In the past few
years, wind energy has experienced fast growth worldwide.
WorldWind Energy Association reports that the total installed
wind turbine capacity of the top 10 countries by the end
of 2016 has approximately amounted to 410.613 𝐺𝑊 and
all the wind turbines worldwide by mid-2016 can generate
about 4.7% of the global electricity demand [2]. However,
for the high fluctuation and nonlinear and uncontrollable
nature of wind speed, the integration of power system with
large capacity of wind power has brought new challenges to
the operation security and reliability of power system and

the management of wind farms. Accurate short-term wind
power output forecasting has been considered as one of the
most economical and effective approaches to eliminate these
problems; therefore, wind speed forecasting is a fundamental
task in the routine operation management of wind farms [2–
4].

Over the past decades, many methods and models,
mainly including physical model, statistical model, and
artificial intelligent method, are widely applied to predict
the short-term wind speed [5, 6]. Physical model is gen-
erally applied in the large-term wind speed forecasting by
usage of detailed meteorological data and environmental
information, while statistical models are constructed com-
monly for short-term wind speed forecasting by revealing
explicitly the linear relationship among the wind speed
time series [7, 8]. Different from physical models and
statistical methods, the artificial intelligent methods can
tackle nonlinear problems better, thus, they are the most
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popular and extensive approaches to apply in the short-term
wind speed forecasting. To name a few here, backpropaga-
tion neural network (BPNN) [9], artificial neural networks
(ANN) [10], fuzzy neural network (FNN) [11], support vector
machine (SVM) [12–14], extreme learning machine (ELM)
[2, 15], and least square support vector machine (LSSVM)
[5] are mainly artificial intelligent methods for wind speed
prediction.

As stated in [5], the single artificial intelligent model
cannot work well when applied in wind speed forecasting
in that wind speed exhibits high nonlinearity. Wind speed
forecasting by the single model using directly the raw
wind speed data without disposal is easily subjected from
large errors; hence, multiscale decomposition or denoising
processing techniques are utilized to preprocess wind data,
and intelligent algorithms are used to tune the parame-
ters in the forecasting engine. For example, Liu at al. [13]
developed a hybrid forecasting model combining Wavelet
Transform (WT)with SVM tuned by general algorithm (GA).
Meng et al. [16] applied the signal analysis method WPD
to realize the decomposition of the original wind speed
data into several different subseries; then, each decomposed
component with different frequency was submitted to ANN
tuned by crisscross optimization algorithm for the multistep
wind speed forecasting. Wang et al. [17] developed a hybrid
prediction method using EEMD and BPNN. Abdoos [18]
took advantages of the combination of VMD with ELM for
short-term wind power prediction. These hybrid forecasting
models discussed above improve the prediction performance
mainly by integration of the individual advantages of signal
preprocessing technique and optimization algorithm and
artificial intelligent model.

Among these data preprocessing-based techniques as
discussed and analyzed above, WT has sensitivity in the
choice of threshold and the figuration of its wavelet basis
should be determined beforehand, while EMD is sensi-
tive to noise and suffers from mode mixing problems [6,
19]. EEMD method can eliminate the drawbacks of the
decomposition approaches to some extent. EEMD is an
empirical and self-adaptive signal processing approach which
is widely used to analyze the nonlinear and nonstationary
signal so that we use EEMD to decompose and analyze
the original wind speed data in this study. LSSVM, pro-
posed by Suykens [20], is an improved version of SVM,
which lowers calculation complexity by translating convex
quadratic programming problems into solving linear equa-
tions [21]. LSSVM can exhibit some advantages in solving
small samples, nonlinearity, and pattern recognition with
excellent generalization ability [22] and has been success-
fully applied in time series-based wind speed forecasting
[10, 21, 23], and therefore LSSVM algorithm is adopted
as the core forecasting engine for short-term wind speed
forecasting.

Even though these signal decomposition based models
have obtained good forecasting results, Wang et al. [24]
pointed out that not all decomposed subseries are a benefit
for the final wind speed forecasting. To address this problem,
the feature selection method is utilized widely [25, 26].
In [8], Kullback-Leibler divergence-based and energy-based

feature selections were exploited to identify the illusive
components caused by the decomposed method EEMD. In
[27], Salcedo-Sanz developed a hybrid model of physical
model and ELM, where coral reefs optimization algorithm
(CRO) was utilized as feature selection to select the useful
meteorological predictive information from the output of
the physical approach. In the hybrid model, removing the
ineffective input candidate and decreasing the dimension
of the input-matrix by feature selection, ELM model can
better train and regress, thus improving the forecasting
performance. In [28], a hybrid GSA integrating the binary-
value GSA and real-value GSA is introduced for feature
selection and optimization of the weights and biases in the
ELM to diagnose fault of rolling element bearings. In these
hybrid algorithms, feature selection removes the ineffective
variables and determines the useful input candidate to con-
struct the input-matrix for the forecasting engine while the
optimization algorithm tunes the parameters in the forecast-
ing engine other than random initialization, and therefore
the hybrid forecasting model can obtain better forecasting
results.

Inspired by these forecasting mechanisms, a novel hybrid
model EEMD-HGSA-MKLSSVM is proposed for short-term
wind speed prediction. Four sets of actual historical wind
speed data from a wind farm located in Anhui of China are
utilized as training and test samples to evaluate the proposed
forecasting model. Considering the previous studies in the
same research fields, themainworks and contributions of this
paper are summarized as

(i) A novel proposed forecasting model takes individual
advantage of EEMD and HGSA and MKLSSVM to
enhance wind speed prediction accuracy.

(ii) To improve the regression performance, radial basis
function (RBF) with local exploitation capacity and
polynomial (poly) kernel function with global explo-
ration capacity are employed to construct multikernel
function by weight coefficient for LSSVM, namely,
MKLSSVM.

(iii) The forecasting accuracy and stability of the fore-
casting engine are enhanced by identification of the
useful input variables and determination of optimal
parameters throughHGSAalgorithm simultaneously.

(iv) To examine the performance of the proposed com-
bined architecture, a number of simulation experi-
ments are carried out and compared using four sets
of wind speed data.

The remaining of this study are structured as follows.
In Section 2, the individual models, including EEMD
and HGSA and MKLSSVM, are introduced. Section 3
illustrates the detailed working principle of the proposed
EEMD-HGSA-MKLSSVM model and performance evalua-
tion indices. Case studies are implemented to evaluate the
proposed hybrid model for short-term wind speed fore-
casting in Section 4. Conclusions are drawn in the final
section.
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2. Methodology

2.1.Wind SpeedDecompositionMethod. EMD, a self-adaptive
signal analysis technique, is developed to analyze and decom-
pose nonlinear signals by sifting process [6]. However, EMD
easily suffers from the mode mixing problem that defined as
a single IMF containing signals with dramatically disparate
scales or a component of a similar scale residing in different
IMFs, which causes easily intermittency in analyzing signals
[6]. To eliminate the mode mixing problems caused by the
EMD, a novel nonlinear signal analysis method EEMD was
developed by adding white noises with finite amplitude to the
original signals and offsetting themselves through ensemble
averaging [17]. The analysis process of signals by EEMD
algorithm can be described as in the following steps:

(i) Step1. Add Gaussian distribution white noise 𝑛(𝑡)
with finite amplitude to the original signal data 𝑥(𝑡)
to obtain a new signal 𝑠(𝑡) expressed as

𝑠 (𝑡) = 𝑥 (𝑡) + 𝑛 (𝑡) . (1)

(ii) Step2. Decompose 𝑠(𝑡) into a series of IMF compo-
nents 𝑐𝑖 and residual component 𝑟𝑛 using a standard
EMDmethod.After decomposition, 𝑠(𝑡) can bemath-
ematically expressed as

𝑠 (𝑡) = 𝑁∑
𝑖=1

𝑐𝑖 + 𝑟𝑁. (2)

(iii) Step3. Repeating step from 1 to 2 and add random
white noise each time, these 𝑁 groups of different
white noise have characteristics of uncorrelated rela-
tionship and its statistical mean is zero.

(iv) Step4. Offsetting the impact of the Gaussian white
noise by the final mean of the corresponding IMFs as
(3), by the same way, the final residue can be obtained
as

𝑐𝑗 = 1𝑁
𝑁∑
𝑖=1

𝑐𝑖𝑗. (3)

(v) Step5. In the end, the noise-free signal data are
obtained by reconstruction of the IMF components𝑐𝑗 and the residual component 𝑟𝑁.

The effects of the added Gaussian distribution white noise
are ensured by the statistical rule proved by Wu and Huang
[29],

𝜀𝑛𝑒 = 𝜀√𝑁𝑒 , (4)

where𝑁𝑒 is the ensemble members, 𝜀 is the amplitude of the
added noise, and 𝜀𝑛𝑒 is defined as the difference between the
input signal and the corresponding IMFs.

To better illustrate the effectiveness of EEMD in overcom-
ing the mode mixing problem, a given synthetic test signal𝑦(𝑡) expressed as (5) consisting of a sinusoid signal 𝑦1(𝑡)
expressed as (6) and an intermittent signal 𝑦2(𝑡) expressed as
(7), which are displayed in Figure 1, is utilized to test EMD
and EEMD.
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Figure 2: Decomposed results of the synthesized signal 𝑦 by EMD.

𝑦 = 𝑦1 + 𝑦2, (5)

𝑦1 = sin (20𝜋𝑡) 0 ≤ 𝑡 ≤ 0.4, (6)

𝑦2 =
{{{{{{{{{{{{{{{

0.3 sin (100𝜋𝑡) 0.05 ≤ 𝑡 ≤ 0.15,
0.2 sin (300𝜋𝑡) 0.325 ≤ 𝑡 ≤ 0.375,
0.3 sin (500𝜋𝑡) 0.225 ≤ 𝑡 ≤ 0.275,
0 .

(7)

The decomposed results of the synthesized signal 𝑦
by EMD and EEMD are shown in the Figures 2 and 3,
respectively. It is obviously seen from Figures 2 and 3 that
the mode mixing problems exist in the different components
decomposed by EMD, while the mode mixing problems
have been eliminated by EEMD and the intermittent signals
embedded in the synthesized signal have been extracted
successfully.
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Figure 3:Decomposed results of the synthesized signal 𝑦 by EEMD.

2.2. Multikernel LSSVM(MKLSSVM). In this study, LSSVM
is adopted in that it is expert in addressing small sample
problems [21] and has high generalization performance [30].
LSSVM is a type of powerful artificial intelligence technology
based on the structural riskminimization.The basic principle
of single output LSSVM regression is shown as follows.

Assume that the training sample set {𝑥𝑖, 𝑦𝑖}, where 𝑖 =1 ⋅ ⋅ ⋅ 𝑁, 𝑁 is the total number of training samples; 𝑥𝑖 is
input training sample and 𝑦𝑖 is its corresponding output. The
regression function can be expressed as

𝑦 = 𝑤𝑇𝜑 (𝑥) + 𝑏, (8)

where 𝑤 and 𝑏 denote the weight vector and the bias term,
respectively. 𝜑(⋅) is a nonlinear mapping function which
maps the training samples into a high-dimension feature
space where regression is carried out. The regression can be
calculated by minimizing a cost function expressed as

min𝐶 = min(12𝜔𝑇𝜔 + 12𝛾 𝑁∑
𝑖=1

𝑒2𝑖) , (9)

subject to the equality constraints as

𝑦𝑖 = 𝜔𝑇𝜑 (𝑥𝑖) + 𝑏 + 𝑒𝑖, 𝑖 = 1 ⋅ ⋅ ⋅ 𝑁. (10)

The first part of the cost function in (9) is utilized
to regularize the weight sizes and penalize weights and 𝛾
is a regularization parameter which is optimized by user
to control the trade-off between the bias and variance of
LSSVM. The Lagrange function is constructed as follows to
solve the convex optimization problem:

𝐿 (𝜔, 𝑏, 𝑒, 𝛼) = 𝐶 − 𝑁∑
𝑖=1

𝛽𝑖 (𝜔𝑇𝜑 (𝑥) + 𝑏 − 𝑦𝑖 + 𝑒𝑖) , (11)

where 𝛽𝑖 are Lagrange multipliers. By partially differentiating
with respect to𝜔, 𝑏, 𝑒, and𝛽𝑖 , eliminating𝜔 and 𝑒, the solution

of (11) can be obtained by the following linear regression
function:

𝑦 = 𝑁∑
𝑖=1

𝛽𝑖𝑘 (𝑥, 𝑥𝑖) + 𝑏, (12)

where 𝑘(𝑥, 𝑥𝑖) is a positive definite kernel function which
meets Mercer’s condition. The different type of kernel func-
tion influences the regressive performance of LSSVMmodel.
In this paper, to improve the generalization capacity, a
weighted multikernel LSSVM combining RBF kernel func-
tion and Poly kernel function is constructed and expressed
as

𝑘𝑚𝑖𝑥 (𝑥𝑖, 𝑥𝑗) = 𝜇𝑘𝑅𝐵𝐹 (𝑥𝑖, 𝑥𝑗) + (1 − 𝜇) 𝑘𝑃𝑜𝑙𝑦 (𝑥𝑖, 𝑥𝑗) , (13)

where 𝜇 represents the weight coefficient within [0 1] and
RBF kernel function and Poly kernel function are expressed
as (14) and (15), respectively.

𝑘𝑅𝐵𝐹 (𝑥𝑖, 𝑥𝑗) = exp(−𝑥𝑖 − 𝑥𝑗22𝛿2 ) , (14)

𝑘𝑝𝑜𝑙𝑦 (𝑥𝑖, 𝑥𝑗) = [(𝑥𝑖 ⋅ 𝑥𝑗) + 𝑟]𝑑 . (15)

When 𝜇 = 1, the weighted multiple-kernel function
exhibits the characteristic of RBF function and 𝜇 = 0; this
shows the characteristic of Poly function. By adjusting the 𝜇
value, the weighted multiple-kernel function can be suitable
for different input samples.

2.3. Hybrid Gravitational Search Algorithm (HGSA). GSA, a
novel heuristic optimization algorithm, was firstly developed
by Rashedi [31], and the standard GSA has been successfully
used to solve the engineering optimization problems in real-
value parameters domain. However, in the actual engineering
application, there exist many binary-encoded optimization
problems, such as feature selection, which need to be solved.
In this study, the optimization objectives including input
variables binary feature selection as well as the real-value
kernel parameters and weighted coefficients in MKLSSVM
are dealt simultaneously; thus, we develop a hybrid GSA
combing BGSA for feature selection with standard GSA for
parameter optimization.

2.3.1. Gravitational Search Algorithm (GSA). In GSA algo-
rithm, the performance of the agent is evaluated by their
masses, namely, the heavier agent represents the optimal
solution; thus the agent’s mass is considered as the objective.
All the agents move towards the agents with heavier masses
by the gravitational force between them. As a result, after
many iterations, the heavier masses with the higher fitness are
obtained.

Assume that there are 𝑁 random agents in the GSA.
Firstly, the speed and position of each agent should be
initialized and the position of 𝑖th agent is {(𝑋𝑖 = 𝑥1𝑖 , 𝑥2𝑖 , ⋅ ⋅ ⋅ ,𝑥𝑑𝑖 , . . . , 𝑥𝐷𝑖 ) | 𝑖 = 1, 2, . . . ,𝑁} and𝐷 denotes the dimension of
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the search space. At the 𝑡th iteration, the mass of the 𝑖th agent
is mathematically expressed as

𝑚𝑖 (𝑡) = 𝑓𝑖𝑡𝑖 (𝑡) − 𝑤𝑜𝑟𝑠𝑡 (𝑡)𝑏𝑒𝑠𝑡 (𝑡) − 𝑤𝑜𝑟𝑠𝑡 (𝑡) ,
𝑀𝑖 (𝑡) = 𝑚𝑖 (𝑡)∑𝑁𝑗=1𝑚𝑗 (𝑡) ,

(16)

where 𝑓𝑖𝑡(𝑡), 𝑀(𝑡), 𝑤𝑜𝑟𝑠𝑡(𝑡), and 𝑏𝑒𝑠𝑡(𝑡) are fitness value,
mass, worst, and best value, respectively. For the wind speed
forecasting error minimization problem, the 𝑤𝑜𝑟𝑠𝑡(𝑡) and𝑏𝑒𝑠𝑡(𝑡) are expressed as

𝑏𝑒𝑠𝑡 (𝑡) = min
𝑗∈{1,⋅⋅⋅𝑁}

(𝑓𝑖𝑡𝑗 (𝑡)) ,
𝑤𝑜𝑟𝑠𝑡 (𝑡) = max

𝑗∈{1,⋅⋅⋅𝑁}
(𝑓𝑖𝑡𝑗 (𝑡)) , (17)

The gravitational force that the 𝑖th mass 𝑥𝑑𝑖 (𝑡) acts on
the 𝑗th mass 𝑥𝑑𝑗 (𝑡) is expressed as follows according to the
Newton gravitation theory:

𝐹𝑑𝑖𝑗 (𝑡) = 𝐺 (𝑡) 𝑀𝑖 (𝑡) × 𝑀𝑗 (𝑡)𝑋𝑖 (𝑡) , 𝑋𝑗 (𝑡)2 + 𝜀 (𝑥𝑑𝑗 (𝑡) − 𝑥𝑑𝑖 (𝑡)) ,
𝐺 (𝑡) = 𝐺0 × exp(−𝛼 𝑡𝑖𝑡𝑒𝑟max

) ,
(18)

where 𝐺0, 𝛼, 𝑘, and 𝑖𝑡𝑒𝑟𝑚𝑎𝑥 are the initial gravitational
constant, attenuation factor, the current iteration number,
and the maximum iteration number, respectively.

The resultant force that other masses act on the 𝑖th mass
is calculated as (19) by a randomly weighted sum of 𝐹𝑑𝑖𝑗(𝑡).
Afterwards, the acceleration 𝑎𝑑𝑖 (𝑡), velocity V𝑑𝑖 (𝑡), and position𝑥𝑑𝑖 (𝑡) of an agent are calculated as (20):

𝐹𝑑𝑖 (𝑡) = ∑
𝑖 ̸=𝑗

𝑟𝑎𝑛𝑑𝑗 × 𝐹𝑑𝑖𝑗 (𝑡) (19)

V𝑑𝑖 (𝑡 + 1) = 𝑟𝑎𝑛𝑑𝑖 × V𝑑𝑖 (𝑡) + 𝑎𝑑𝑖 (𝑡)
𝑥𝑑𝑖 (𝑡 + 1) = 𝑥𝑑𝑖 (𝑡) + V𝑑𝑖 (𝑡 + 1) (20)

where 𝑟𝑎𝑛𝑑𝑖 and 𝑟𝑎𝑛𝑑𝑗 are random value within [0 1] and𝑎𝑑𝑖 (𝑡) = 𝐹𝑑𝑖 (𝑡)/𝑀𝑖(𝑡).
2.3.2. Binary GSA(BGSA). The real-value GSA is exploited
to solve the optimization problems in the continuous space,
which can be not directly employed to solve the binary
problems. The binary GSA (BGSA), developed by Rashedi
et al. [32], is used to deal with discrete binary problems,
and its working mechanism is that the velocity of each
agent is converted by the Hyperbolic tangent function into
a probability value which is expressed as

𝑆 (V𝑑𝑖 (𝑡)) = tanh (V𝑑𝑖 (𝑡)) , (21)

Initialization

HGSA
Kernel parameters and

weighted value by Eq. (13)
RGSA RGSA

Feature selection
by Eq. (22)

Train MKLSSVM with kernel parameters,
weighted coefficient and selected feature

Calculate the fitness function
by Eq. (23)

Update the velocity and position
of each agent by Eq. (20)

Meet end condition? No

Yes

Obtain optimal parameter combination
and feature subset for MKLSSVM

Figure 4: Feature selection and parameter optimization using
HGSA.

where tanh(⋅) denotes theHyperbolic tangent function. Based
on the above (21), each dimension in the discrete binary space
takes on “0” or “1” binary value by

𝑖𝑓 (𝑟𝑎𝑛𝑑 < 𝑆 (V𝑑𝑖 (𝑡)))
𝑥𝑑𝑖 (𝑡 + 1) = 𝑐𝑜𝑚𝑝𝑙𝑒𝑚𝑒𝑛𝑡 (𝑥𝑑𝑖 (𝑡))

𝑒𝑙𝑠𝑒 𝑥𝑑𝑖 (𝑡 + 1) = 𝑥𝑑𝑖 (𝑡)
(22)

where 𝑐𝑜𝑚𝑝𝑙𝑒𝑚𝑒𝑛𝑡(⋅) stands for the logical negation.
3. The Proposed Forecasting Strategy

3.1. Feature Selection and Parameter Optimization by HGSA.
To eliminate the uncorrelated and ineffective variables in the
input samples and avoid the drawbacks of trapping in local
optima or overfitting of MKLSSVM, HGSA is used as feature
selection and parameter optimization to solve this problems
simultaneously. As seen from Figure 4, a hybrid optimization
algorithm HGSA is exploited for the optimization of the
kernel parameters and weighted coefficient in MKLSSVM
by GSA and feature selection of input variables by BGSA
to improve the forecasting performance of the forecasting
strategy. During the optimization procedure, the root mean
square error (RMSE), expressed in (23), between the training
results of MKLSSVM and the measured wind speed data is
used as fitness function.

𝑅𝑀𝑆𝐸 = √ 1𝑁
𝑁∑
𝑡=1

|𝑠 (𝑡) − 𝑠 (𝑡)|2, (23)
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Real-value Binary-value
x1 x2 · · · · · ·xn xn+1 xn+m

Kernel parameters and
weighted coefficient

if xn+i =1, (n + i)tℎ feature selected,
else it is discarded

Figure 5: Solution representation.

where 𝑠(𝑡) and 𝑠(𝑡) denote the measured wind speed and the
forecasting wind speed value, respectively. 𝑁 stands for the
total number of samples.

With this in mind, the hybrid optimization problem
can be illustrated in Figure 5, and there are 𝑛 real-valued
kernel parameters and weighted coefficient and 𝑚 binary-
valued parameters. The binary value “1” in BGSA algorithm
means that the input variable is selected while “0” means that
the input variable is not considered. Thus, the initialization
encoding dimension of an agent in HGSA is set as (𝑛 + 𝑚)-
length vector.

3.2. Specific Steps of EEMD-HGSA-MKLSSVMModel. In this
study, LSSVM, based on weighted multikernel function, is
utilized as the core forecasting engine in the forecasting
strategy. The single LSSVM model has many advantages in
solving small sample and nonlinearity. However, owing to
the irregularity and randomness of wind speed time series,
it cannot obtain the favorable prediction performance when
independently applied in wind speed forecasting. To better
catch the characteristics of wind speed, a hybrid approach
combining EEMD and MKLSSVM with HGSA together is
proposed as shown in Figure 6 and its working process is as
follows:

(i) Use EEMDmethod to break down the empirical wind
speed into IMFs and 𝑅𝑒𝑠 with different frequency.

(ii) Prior to forecasting by MKLSSVM model, the PACF
that is widely used as a lag identification approach
in Auto Regression (AR) (𝑝) is applied to determine
the correlation coefficients of the inputs. When the
PACF values at lags bigger than 𝑝 are approximately
independent 𝑁(0, 1/𝑛) random variables, the lag of
the sample can be determined as 𝑝.

(iii) To lower the forecasting difficulties of the MKLSSVM
model, the inputs are normalized linearly to interval[0, 1].

(iv) Train the MKLSSVMs optimized by the HGSA algo-
rithm using the different frequency subseries (IMFs
and 𝑅𝑒𝑠). The 1𝑠𝑡-480𝑡ℎ wind speed series in Figure 7
are adopted as the training dataset.

(v) Apply the well-trained HGSA-MKLSSVM models
to do the multistep ahead wind speed forecasting
using each subseries. The subsequent 481𝑡ℎ-576𝑡ℎ
sampling points in Figure 7 are used as the test
dataset. Additionally, a rolling forecastingmechanism
is adopted in the prediction processes.

(vi) Obtain the final forecasting results by aggregat-
ing the calculation after denormalization. In the

Empirical wind speed data

EEMD-based wind speed decomposition

IMF1 · · · · · ·IMFi IMFn Res

Determine lag order with PACF

Normalization

Training MKLSSVM with feature
selection and parameter optimization

Wind speed prediction by well-trained
HGSA-MKLSSVM with feature set

Reverse the normalization

Final forecasting results by
aggregating output of each HGSA-MKLSSVM

Figure 6: The flowchart of the hybrid EEMD-HGSA-MLLSSVM
model.

end, compare the forecasting performance between
EEMD-HGSA-MKLSSVM and other wind speed
forecasting methods.

3.3. Forecasting Performance Evaluation Indices. To verify
the prediction performance of the hybrid EEMD-HGSA-
MKLSSVM model, three statical indices, namely RMSE,
MAE, and MAPE, are utilized to measure the prediction
accuracy, and these indices are expressed as (23), (24), and
(25).

𝑀𝐴𝐸 = 1𝑁
𝑁∑
𝑡=1

|𝑠 (𝑡) − 𝑠 (𝑡)| , (24)

𝑀𝐴𝑃𝐸 = 1𝑁
𝑁∑
𝑡=1

|𝑠 (𝑡) − 𝑠 (𝑡)|𝑠 (𝑡) × 100%, (25)

where 𝑠(𝑖), 𝑠(𝑡), and𝑁 are the same meaning as that in (23). It
is well known that small statistical index values indicate high
forecast accuracy. Among the statistical indices, the MAE
reveals the similarity between the predicted and observed
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Figure 7: Four datasets of empirical wind speed time series (𝑟𝑒𝑑 and 𝑏𝑙𝑢𝑒 lines stand for testing and training data, respectively).
wind speed value, MAPE indicates forecasting percent error
at every observation spot, whereas the RMSE measures the
overall deviation; therefore, RMSE is adopted as the fitness
function in this paper.

To further illustrate the improvement of model 𝐼 over
model 𝐼𝐼, three improved percentage indices based on the
RMSE, MAPE and MAE, are introduced to describe the
improvement degree, and these three indices 𝑃𝑅𝑀𝑆𝐸, 𝑃𝑀𝐴𝐸
and 𝑃𝑀𝐴𝑃𝐸 are expressed as follows [2]:

𝑃𝑅𝑀𝑆𝐸 = (𝑅𝑀𝑆𝐸1 − 𝑅𝑀𝑆𝐸2𝑅𝑀𝑆𝐸1 ) × 100%, (26)

𝑃𝑀𝐴𝐸 = (𝑀𝐴𝐸1 − 𝑀𝐴𝐸2𝑀𝐴𝐸1 ) × 100%, (27)

𝑃𝑀𝐴𝑃𝐸 = (𝑀𝐴𝑃𝐸1 − 𝑀𝐴𝑃𝐸2𝑀𝐴𝑃𝐸1 ) × 100%. (28)

4. Case Study and Forecasting Results

4.1. Wind Speed Data Statistical Description. In this study,
the empirical wind speed data were collected and stored in
a wind farm located in Anhui province of China to verify the
proposed model. The wind speed time series were measured
every 10 min from the anemometer at the top of a nacelle,
and the wind turbines with 88m are installed at the top of
the 300 m mountain (32∘28N, 118∘26E). Accurate half-an-
hour to several days ahead wind speed forecasting are very
beneficial to routine management of wind farms, and thus the
original 10 m wind speed time series are transformed to 30
min by averaging. The developed models in the most studies
are tested and evaluated with no more than two sets of wind
speed data, and the conclusion that themodels are better than
the other approaches is generally not convincing enough [26].
Therefore, four sets of wind speed data in 2015 are randomly
selected to evaluate the proposed model. The historical wind

speed time series of four seasons in 2015 are displayed in
the Figure 7(a). The red mark variables in Figure 7(a), which
are clearly shown in Figure 7(b), are utilized to train and
test the proposed models. The blue variables and red ones
in Figure 7(b) are employed to train and test the models,
respectively.

The quantity of input samples of LSSVM model affects
the wind speed forecasting performance. However, there are
not any unified standard and clear definition for section of
the input sample quantity [5]. As for the LSSVM which is
expert in solving small samples and the suggestion made
by Wang et al. [6], four sets of 576 half-hourly wind speed
samples in 2015 are selected randomly from Spring, Summer,
Autumn, and Winter, respectively. Thereinto, the 1𝑠𝑡-480𝑡ℎ
sampling points are employed to train the proposed model
while the subsequent 481𝑡ℎ-576𝑡ℎ data are applied to test the
well-trained model.

The descriptive statistics of the original wind speed times
series list in Table 1. It can be obviously seen that the empirical
wind speed time series presents the characters of fluctuations
and stochastic volatility, fluctuating around 7.80 m/s, 5.48
m/s, 8.47m/s, and 5.55m/s, respectively. There is no apparent
regularity in the wind speed series.

4.2. Wind Speed Preprocessing Using EEMD. Prior to submit-
ting the original wind speed to the forecasting engine, the
signal decomposition technique EEMD is applied to break
down the empirical wind speed into several relatively stable
IMFs and one 𝑅𝑒𝑠 for reducing the forecasting difficulties
of HGSA-MKLSSVM. According to [8], the amplitude of
the added white noise and the ensemble number in this
study are set 0.2 and 100, respectively. As shown in Figure 8,
the empirical wind speed time series are broken down into
six IMFs and one 𝑅𝑒𝑠. It is obviously observed from the
figures that all the components present distinct respective
characteristic, frequencies decrease gradually from IMF1 to
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Table 1: Statistical description of empirical wind speed (m/s).

data set NO. Max Min Mean St.dev. Median
Data set A
All samples 576 14.59 1.22 7.80 2.79 7.91
Training data 480 14.59 1.22 8.16 2.68 7.91
Testing data 96 10.68 1.32 6.01 2.64 6.01
Data set B
All samples 576 12.44 0.94 5.48 2.46 6.69
Training data 480 12.44 0.94 5.58 2.46 6.69
Testing data 96 9.91 1.34 4.99 2.38 5.62
Data set C
All samples 576 15.34 0.87 8.47 3.08 8.10
Training data 480 15.34 0.87 8.56 3.28 8.10
Testing data 96 11.57 4.08 7.99 1.69 7.82
Data set D
All samples 576 12.87 0.41 5.55 2.40 6.64
Training data 480 12.87 0.41 5.42 2.52 6.64
Testing data 96 9.91 2.57 6.17 1.56 6.25

Table 2: Lag order of the autoregressive process.

Samples Original IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 Res
A 7 11 10 15 8 12 7 8
B 8 10 13 14 11 8 7 9
C 7 11 9 10 7 13 9 6
D 6 11 10 8 8 10 9 10

𝑅𝑒𝑠, and high-frequency IMF1 and IMF2 reflect the stochastic
characteristic of wind speed data, while the signals IMF3
to IMF6 with periodic trend features represent the periodic
components of the wind speed data and 𝑅𝑒𝑠 are named the
trend components.

4.3. Input-Matrix Construction by PACF and BGSA. Before
the forecasting processes are carried out by the HGSA-
MKLSSVM model, the input variables matrix requires to be
determined. The PACF technique is employed to identify
the correlations among each corresponding decomposed
component for determination of the input combination. The
PACF of four sets of the original wind speed and their
decomposed components are illustrated in Figure 9. As
seen in Figure 9, the PACF values of all wind speed and
decomposed components from lags 1 to 30 are calculated.
For original wind speed data 𝐴, PACF values at lags bigger
than 7 are between the 95% confidence lines (the upper and
lower lines); thus, the time lag is determined as 7 which can
be used to identify the input variables dimension, and the 7
previous continuous wind speed time series contribute the
most correlative information to forecast the subsequent wind
speed value. The lag order of the original wind speed data
and their decomposed components are shown in Table 2.
For the original wind speed data 𝐴, the input vector for
the MKLSSVM model can be described as 𝑋 = 𝑥𝑡−1,𝑥𝑡−2, ⋅ ⋅ ⋅ , 𝑥𝑡−7 and the corresponding forecasting value is𝑌 = 𝑥𝑡−𝑘, where 𝑘(≥ 7) is the forecasting horizontal. The
other input variables combination for the HGSA-MKLSSVM

model determined by PACF values is expressed in Table 3.
The feature selection results obtained by BGSA for different
subseries are shown in Table 4.

In order to provide better training conditions for
MKLSSVM model to enhance wind speed forecasting accu-
racy, the inputs of each MKLSSVM model are normalized
linearly according to (29) into the interval [0 1]. The predic-
tion outcomes of each MKLSSVM model are denormalized
through (30) by the contrary process of the corresponding
normalization approach.

𝑠𝑖 = 𝑠𝑖 − 𝑠𝑚𝑖𝑛𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛 , (29)

𝑠𝑖 = 𝑠𝑖 (𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛) + 𝑠𝑚𝑖𝑛, (30)

where 𝑠𝑖, 𝑠𝑚𝑎𝑥, and 𝑠𝑚𝑖𝑛 are wind speed at time 𝑖 and the
maximum and the minimum wind speed, respectively. 𝑠𝑖 is
the output of MKLSSVM.

4.4. Parameter Settings. After the lag values of each input
sample are determined by PACF technique, the LSSVM
model based on the weighted multikernel function is ready
forwind speed forecasting by the parameter optimization and
feature selection. As described in the aforementioned section,
the regression performance of MKLSSVM model is greatly
affected by the weighted coefficient, penalty parameter, and
kernel parameters. These parameters are tuned by the GSA
algorithm according to the fitness function with the training
wind speed data and they are set in Table 5.
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Figure 8: Wind speed decomposition using EEMD.

4.5. Forecasting Results, Comparison, and Analysis

4.5.1. Forecasting Results and Comparison for LSSVM-Based
Model. In an effort to evaluate comprehensively the pro-
posed combined model, the comparisons and analysis of
EEMD-HGSA-LSSVM based on RBF, Poly and multikernel
function, EMD-HGSA-MKLSSVM,WT-HGSA-MKLSSVM,
HGSA-MKLSSVM, and EEMD-MKLSSVM are given and
these comparisons are divided into three parts, namely,
experiments I, II, and III. The tests with the empirical wind
speed samples are carried out in Matlab 2014a environment

on windows 7 with 2.4GHz Intel Core i5-4210U and 64bit
8G RAM.The statistical indices and the improved percentage
indices are applied to evaluate the forecasting performance.

Experiment I. In this part, the proposed EEMD-HGSA-
LSSVM model based on multikernel function is compared
with the model based on RBF and Poly kernel functions,
respectively, to show the superiority of the multikernel
function. Table 6 illustrates the forecasting results obtained
by EEMD-HGSA-LSSVM based on multikernel, RBF and
Poly functions and the detailed improved percentage indices
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Figure 9: PACF values of original wind speed and decomposed components (95% confidence interval line).

between the proposed model and the compared models are
listed in Table 7 and the forecasting curves are shown in
Figure 10. As seen from the tables, the RMSE errors of the
model based on the weighted multikernel function are 0.2787
m/s, 0.2856 m/s, 0.2691 m/s, and 0.2903 m/s for wind speed
data 𝐴, 𝐵, 𝐶, and 𝐷, respectively, which are smallest. The
improved percentage 𝑃𝑅𝑀𝑆𝐸 between the models based on
the weighted multikernel function V𝑠. based on the RBF
function and the Poly function are 2.48% and 5.75% for data𝐴, 2.79% and 5.59% for data 𝐵, 3.93% and 7.43% for data𝐶, and 3.04% and 6.59% for data 𝐷, respectively. In the
scatter diagram of the forecasting values versus the empirical
measured wind speed time series displayed in Figure 10, the
dashed straight red lines represent the actual original wind
speed data which are the same as the forecasting results,
which means that the forecasting errors are bigger if the
forecasting points get further away from the line. The whole
forecasting points obtained by EEMD-HGSA-MKLSSVM
model are much closer to the line. From the statistical indices
in Table 6 and the improved percentage in Table 7, the

EEMD-HGSA-LSSVM based on the weighted multikernel
function performs best although the models based on RBF
function and Poly function perform slightly worse than that
based on the weighted multikernel function in terms of
performance indices for all wind speed data sets.

Remark. Overall, LSSVM with multikernel function exhibits
the highest forecasting accuracy whereas LSSVM with RBF
kernel function obtains the worst forecasting performance in
that there are high fluctuation and randomness inwind speed.
The combination of individual advantages of the RBF kernel
function and Poly kernel function by weight coefficient can
catch the nonlinear character in the wind speed.

Experiment II. In this part, comparisons involving EEMD-
HGSA-MKLSSVM, EMD-HGSA-MKLSSVM, WT-HGSA-
MKLSSVM, and HGSA-MKLSSVM without signal prepro-
cessing method are employed to illustrate the indispens-
ability of the wind speed preprocessing technique in the
forecasting model and superiority of EEMD approach. The
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Table 4: Feature selection results obtained by HGSA algorithm.

Data set Time series 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

A

Original 1 1 1 0 1 0 1
IMF1 1 1 0 1 1 1 0 1 1 0 1
IMF2 1 1 1 1 0 0 1 1 1 1
IMF3 1 1 0 1 1 0 1 1 1 1 1 0 1 1 1
IMF4 1 1 1 0 1 1 0 1
IMF5 1 0 1 0 1 1 1 0 1 1 1 1
IMF6 1 1 0 1 1 0 1
Res 1 1 0 1 1 1 1 1

B

Original 1 0 1 1 1 1 1 1
IMF1 1 0 1 1 1 1 1 1 0 1
IMF2 1 1 0 1 0 1 1 1 1 1 1 1 0
IMF3 1 0 1 1 1 1 1 1 0 0 1 1 1 1
IMF4 1 1 0 1 1 0 1 1 1 1 1
IMF5 1 1 1 0 1 1 0 1
IMF6 1 1 0 1 1 1 1
Res 1 0 1 1 1 1 0 1 1

C

Original 1 1 1 0 1 1 1
IMF1 1 0 1 1 0 1 1 0 1 1 1
IMF2 1 0 1 1 1 1 0 1 1
IMF3 1 1 1 0 1 1 0 1 1 1
IMF4 1 1 0 1 1 1 1
IMF5 1 1 1 1 0 1 1 1 1 1 0 0 1
IMF6 1 1 0 1 1 1 1 0 1
Res 1 0 1 1 1 1

D

Original 1 1 1 0 1 1
IMF1 1 0 1 1 1 1 0 1 1 0 1
IMF2 1 0 1 1 0 1 1 0 1 1
IMF3 1 0 1 1 1 0 1 1
IMF4 1 1 1 0 1 1 1 1
IMF5 1 1 0 1 1 1 1 1 1 1
IMF6 1 1 0 1 0 1 1 1 1
Res 1 0 1 1 1 1 1 1 0 1

1 1 stands for selection, 0 represents discard.

Table 5: Parameters setup in HGSA-MKLSSVMmodel.

Parameters Value
Maximum iteration number 100
Particle number 30
Dimension number 5
Gravitational constant 𝐺0 2
Kernel parameter 𝛾 (0, 200)
Kernel parameter 𝛿 (0, 20)
Kernel parameter 𝑟 (0, 20)
Kernel parameter 𝑑 (0, 20)
Weighted coefficient 𝜇 [0, 1]
optimal parameters in the HGSA-MKLSSVM without signal
processing are illustrated in Table 8. The forecasting curves,
forecasting indices and the detailed improved percentage

indices, are shown in Figure 11 and Tables 9 and 10, respec-
tively. As seen from the figures and tables, the proposed
EEMD-based model has better forecasting performance
than the corresponding WT-HGSA-MKLSSVM and EMD-
HGSA-MKLSSVM models and HGSA-MKLSSVM model.
In these models, HGSA-MKLSSVM without wind speed
decomposition performs the worst from the statistical indices
viewpoint. For example, compared with WT-based, EMD-
based, and without wind speed data decomposition based
HGSA-MKLSSVM, RMSE of the proposed EEMD-based
model are cut by 0.1192 m/s, 0.1056 m/s, and 0.2332 m/s for
data set 𝐴, 0.1312 m/s, 0.1173 m/s, and 0.255 m/s for data set𝐵, 0.1399 m/s, 0.1191 m/s, and 0.249 m/s for data set 𝐶, 0.1122
m/s, 0.1005 m/s, and 0.2503 m/s for data set D.

Remark. It can be obviously seen from the histograms that
the forecasting accuracy of these models from the highest
to the lowest are HGSA-MKLSSVM with EEMD, EMD, and
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Table 6: Forecasting results by EEMD-HGSA-LSSVM based on different kernel function.

Data set Models RMSE (m/s) MAPE (%) MAE (m/s)
A

Model 1 0.2858 5.6439 0.2597
Model 2 0.2957 5.8311 0.2673
Model 3 0.2787 5.457 0.2558

B
Model 1 0.2938 6.8854 0.274
Model 2 0.3025 7.4624 0.2786
Model 3 0.2856 6.4077 0.2538

C
Model 1 0.2801 3.433 0.2607
Model 2 0.2907 3.382 0.2546
Model 3 0.2691 3.232 0.2392

D
Model 1 0.2994 4.9216 0.2819
Model 2 0.3108 4.9586 0.2865
Model 3 0.2903 4.5088 0.2607

1 Models 1, 2, and 3 denote EEMD-HGSA-LSSVM based on RBF, Poly, and multikernel function, respectively.

Table 7: Improved percentage obtained by EEMD-HGSA-MKLSSVM over that based on RBF or Poly kernel function (%).

Data set Contrast 𝑃𝑅𝑀𝑆𝐸 𝑃𝑀𝐴𝑃𝐸 𝑃𝑀𝐴𝐸
A Model 1 𝑉𝑠. Model 3 2.48 3.31 1.51

Model 2 𝑉𝑠. Model 3 5.75 6.42 4.30

B Model 1 𝑉𝑠. Model 3 2.79 6.94 7.37
Model 2 𝑉𝑠. Model 3 5.59 14.13 8.91

C Model 1 𝑉𝑠. Model 3 3.93 5.85 8.25
Model 2 𝑉𝑠. Model 3 7.43 4.43 6.05

D Model 1 𝑉𝑠. Model 3 3.04 8.39 7.52
Model 2 𝑉𝑠. Model 3 6.59 9.07 9.01

1 Models 1, 2, and 3 denote EEMD-HGSA-LSSVM based on RBF, Poly and multikernel function, respectively.

WT andwithout signal decomposition. Comparedwith other
models, the scatter points of the forecasting approach EEMD-
HGSA-MKLSSVM distribute closest to the regression line.
The preprocessing technique EEMD is more effective than
WT, EMD signal decomposition when applied in the wind
speed decomposition. Besides, the forecasting accuracy of the
HGSA-MKLSSVM model can be improved greatly through
the signal decomposition technique for all wind speed data
sets; therefore, wind speed decomposition technique is indis-
pensable in the application wind speed forecasting in that
wind speed time series exhibit random and highly fluctuant,
and wind speed decomposition technique makes wind speed
data decomposed into relatively stable components which
reduce the prediction difficulties of the forecasting engine.

Experiment III. In this part, comparisons between the pro-
posed model with EEMD-GSA-MKLSSVM and EEMD-
MKLSSVM are carried out to illustrate the necessity of
feature selection and parameter optimization in the fore-
casting model. In the EEMD-MKLSSVM model, 𝜇 = 0.5
and the other kernel parameters are set according to [21].
The forecasting curves, forecasting indices and the detailed
improved percentage indices, are shown in Figure 12 and
Tables 11 and 12, respectively. As seen from the figures and
tables, compared with EEMD-GSA-MKLSSVM and EEMD-
MKLSSVM, the RMSE errors of EEMD-HGSA-MKLSSVM
are reduced by 0.1155 m/s and 0.2012 m/s for data set 𝐴,

0.1113 m/s and 0.2295 m/s for data set 𝐵, 0.1227 m/s and
0.2163 m/s for data set 𝐶, 0.1026 m/s and 0.2192 m/s for
data set 𝐷, respectively. From the histogram in the subplot of
Figure 12, the forecasting accuracy of the models ranks from
low to high as EEMD-MKLSSVM, EEMD-GSA-MKLSSVM,
and EEMD-HGSA-MKLSSVM for all wind speed data sets.
The most forecasting points of EEMD-MKLSSVM locate
farthest from the regression line, while those of EEMD-
HGSA-MKLSSVM are closest to the line.

Remark. It illustrates that the application of feature selection
and parameter optimization in the forecasting model is
helpful to wind speed prediction accuracy; the EEMD-
MKLSSVM model works worse than both EEMD-GSA-
MKLSSVM model and EEMD-HGSA-MKLSSVM model,
while EEMD-GSA-MKLSSVM model without feature selec-
tion performs also worse than EEMD-HGSA-MKLSSVM
model in that the direct application of MKLSSVM in wind
speed forecasting without parameters optimization by GSA
algorithm may result in overfitting or trapping into local
optima, and the redundant and illusive components within
each subseries are not identified by feature selection through
BGSA algorithm.

4.5.2. Compared with Other Forecasting Models. In this sec-
tion, Persistence method, generally adopted as a benchmark
approach to validate a new developed forecasting method
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Figure 10: Wind speed forecasting results obtained by EEMD-based HGSA-LSSVM with different kernel function.



Mathematical Problems in Engineering 15

Original
With WT
With EMD

With EEMD
Without decomposition

490 500 510 520 530 540 550 560 570 576481
time(30min)

0

4

8

12

W
in

d 
sp

ee
d 

(m
/s

)

(a) Forecasting diagram for data A

2 4 6 8 10 12
1
5

10
12

Measured wind speed 

EEMD EMD WT Without

WT
EMD

EEMD
Without

Fo
re

ca
sti

ng
 w

in
d

sp
ee

d 

0
0.2
0.4
0.6

RM
SE

 (m
/s

)

(b) Scatter diagram for data A

Original
With WT
With EMD

With EEMD
Without decomposition

490 500 510 520 530 540 550 560 570 576481
time(30min)

0

4

8

12

W
in

d 
sp

ee
d 

(m
/s

)

(c) Forecasting diagram for data B

1
5

10
12

EEMD EMD WT Without

WT
EMD

EEMD
Without

Fo
re

ca
sti

ng
 w

in
d

sp
ee

d 
0

0.2
0.4
0.6

RM
SE

 (m
/s

)

4 6 8 10 122
Measured wind speed 

(d) Scatter diagram for data B

Original
With WT
With EMD

With EEMD
Without decomposition

490 500 510 520 530 540 550 560 570 576481
time(30min)

0

4

8

12

W
in

d 
sp

ee
d 

(m
/s

)

(e) Forecasting diagram for data C

2 4 6 8 10 12
2
5

10
13

Measured wind speed 

EEMD EMD WT Without

WT
EMD

EEMD
Without

Fo
re

ca
sti

ng
 w

in
d

sp
ee

d 

0
0.2
0.4
0.6

RM
SE

 (m
/s

)

(f) Scatter diagram for data C

0

4

8

12

W
in

d 
sp

ee
d 

(m
/s

)

Original
With WT
With EMD

With EEMD
Without decomposition

490 500 510 520 530 540 550 560 570 576481
time(30min)

(g) Forecasting diagram for data D

2
5

10
12

WT
EMD

EEMD
Without

EEMD EMD WT Without
0

0.2
0.4
0.6

RM
SE

 (m
/s

)
Fo

re
ca

sti
ng

 w
in

d
sp

ee
d 

4 6 8 10 122
Measured wind speed 

(h) Scatter diagram for data D

Figure 11: Wind speed forecasting results obtained by HGSA-LSSVM with different signal preprocessing.
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Table 8: Tuned parameters of MKLSSVM by HGSA directly for original wind speed.

Data set 𝛾 𝛿 𝜇 𝑟 𝑑
A 8.0192 0.6309 0.2935 0.9763 4.0871
B 123.7445 3.4637 0.5853 1.1434 8.3528
C 42.4292 2.3582 0.7329 1.8739 9.3567
D 33.6749 1.1526 0.4323 2.1457 7.4737

Table 9: Forecasting results by EEMD-HGSA-LSSVM based on different decomposition method.

Data set Models RMSE (m/s) MAPE (%) MAE (m/s)

A

Model 4 0.5119 9.9989 0.4785
Model 5 0.3979 7.8679 0.3514
Model 6 0.3843 7.883 0.3596
Model 7 0.2787 5.457 0.2558

𝐵
Model 4 0.5406 13.3218 0.5138
Model 5 0.4168 9.9403 0.3927
Model 6 0.4029 9.658 0.3824
Model 7 0.2856 6.4077 0.2538

𝐶
Model 4 0.5181 6.5663 0.4985
Model 5 0.409 4.5731 0.3456
Model 6 0.3882 4.8105 0.3642
Model 7 0.2691 3.232 0.2392

𝐷
Model 4 0.5406 8.7821 0.5064
Model 5 0.4025 6.3819 0.3701
Model 6 0.3908 6.3498 0.3687
Model 7 0.2903 4.5088 0.2607

1 Model 4 denotes HGSA-MKLSSVM.
2 Models 5, 6, and 7 denote HGSA-MKLSSVM with WT, EMD, and EEMD, respectively.

[1], is also taken as the benchmark approach to see how
much the EEMD-HGSA-MKLSSVM approach improves the
prediction performance. Moreover, the forecasting perfor-
mances of the EEMD-based ELM and SVM with parame-
ter optimization and feature selection by HGSA algorithm
are compared to further evaluate the effectiveness of the
proposed forecasting model in terms of the three statistical
indices. In the test, the hidden nodes number in ELM is deter-
mined by the grid search(GS) method whose searching range
and grid step are set as [1 200] and 1, respectively. Tables
13 and 14 list forecasting statistical indices and improved
percentage, respectively. As seen from the tables, compared
with Persistence, EEMD-HGSA-ELM, and EEMD-HGSA-
SVM, the RMSE values of the proposed model are cut by
0.4517 m/s, 0.0712 m/s, and 0.0827 m/s for data set 𝐴, 0.4664
m/s, 0.1042 m/s, and 0.1238 m/s for data set 𝐵, 0.4925 m/s,
0.0984m/s, and 0.1148 m/s for data set 𝐶, 0.4506m/s, 0.0844
m/s, and 0.0929 m/s for data set 𝐷, respectively.

Remark.The proposed EEMD-HGSA-MKLSSVMmodel not
only performs better than EEMD-HSA-ELM and EEMD-
HGSA-SVM models, but also it obtains remarkably higher
forecasting accuracy than benchmark method Persistence. In
Persistence approach, the current sample at time 𝑡 is utilized
to predict the future time 𝑡 + Δ𝑡, then the 𝑡 + Δ𝑡 value
as the current observation is employed to forecast the next
data; therefore, it can be easily established in the wind speed

forecasting. Compared with Persistence approach, the devel-
oped EEMD-HGSA-MKLSSVM model is more complicated
to accomplish the total prediction process; however, thanks to
the advance of computer technology, this is acceptable. More-
over, the superiority of the proposed model over EEMD-
HGSA-SVM can explain that the basic idea of SVM is to
map the input samples into high-dimensional space through
nonlinear function, while the basic working mechanism of
LSSVM model is that the quadratic programming problems
are converted to solve linear equations, thus enhancing
its regressive performance. Therefore, the discussion and
analysis by comparison with other forecasting models can
provide sufficient evidence that the proposed hybrid model
with feature selection and parameter optimization is an
excellent approach for short-term wind speed prediction.

5. Conclusion

In this article, a compound MKLSSVM model optimized
by HGSA algorithm integrated with signal decomposition
technique EEMD, namely, EEMD-HGSA-MKLSSVM, is pro-
posed for short-term wind speed forecasting. Four sets
of mean half-hour wind speed selected randomly from
the historical wind speed data in 2015 collected from a
wind farm located in Anhui of China are utilized as case
studies to evaluate the forecasting performance of EEMD-
HGSA-MKLSSVMmodel. From the comparison and analysis
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Figure 12: Wind speed forecasting results obtained by EEMD-based models.
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Table 10: Improved percentage obtained by EEMD-HGSA-MKLSSVM over other models with different decomposition method (%).

Data set Contrast 𝑃𝑅𝑀𝑆𝐸 𝑃𝑀𝐴𝑃𝐸 𝑃𝑀𝐴𝐸
𝐴 Model 4 𝑉𝑠. Model 7 45.56 45.42 46.54

Model 5 𝑉𝑠. Model 7 29.96 30.64 27.21
Model 6 𝑉𝑠. Model 7 27.48 30.78 28.87

𝐵 Model 4 𝑉𝑠. Model 7 47.17 51.90 50.60
Model 5 𝑉𝑠. Model 7 31.48 35.54 35.37
Model 6 𝑉𝑠. Model 7 29.11 33.65 33.63

𝐶 Model 4 𝑉𝑠. Model 7 48.06 50.78 52.02
Model 5 𝑉𝑠. Model 7 34.21 29.33 30.79
Model 6 𝑉𝑠. Model 7 30.68 32.81 34.32

𝐷 Model 4 𝑉𝑠. Model 7 46.30 48.66 48.52
Model 5 𝑉𝑠. Model 7 27.88 29.35 29.56
Model 6 𝑉𝑠. Model 7 25.72 28.99 29.29

1 Model 4 denotes HGSA-LSSVM.
2 Models 5, 6, and 7 denote HGSA-MKLSSVM with WT, EMD, and EEMD, respectively.

Table 11: Forecasting results by EEMD-MKLSSVM based model.

Data set Models RMSE (m/s) MAPE (%) MAE (m/s)

𝐴 Model 8 0.4799 9.9012 0.4557
Model 9 0.3942 7.0633 0.3397
Model 10 0.2787 5.457 0.2558

𝐵 Model 8 0.5151 12.4774 0.4844
Model 9 0.3969 9.4711 0.3527
Model 10 0.2856 6.4077 0.2538

𝐶 Model 8 0.4854 5.9519 0.4591
Model 9 0.3918 4.365 0.329
Model 10 0.2691 3.232 0.2392

𝐷 Model 8 0.5095 8.5347 0.4884
Model 9 0.3929 6.479 0.3673
Model 10 0.2903 4.5088 0.2607

1 Model 8 denotes EEMD-MKLSSVM.
2 Model 9 denotes EEMD-GSA-MKLSSVM.
3 Model 10 denotes EEMD-HGSA-MKLSSVM.

carried out in the previous sections, some conclusions can be
drawn as follows:

(i) Considering that EEMD is an effective approach to
decompose and analyze the nonlinear and nonsta-
tionary signal, we adopt it as the wind speed data
preprocessing tool in the hybridmodels. Correspond-
ingly, the EEMD-based forecasting model is trained
and tested with the four sets of empirical wind speed
data. Compared with HGSA-MKLSSVMmodel with-
out signal preprocessing, the EEMD-based HGSA-
MKLSSVM model has obvious improvement in the
forecasting results, thus, wind speed decomposi-
tion is indispensable in the wind speed forecasting.
The forecasting results show that the EEMD-based
HGSA-MKLSSVM model yields better forecasting
accuracy than the corresponding EMD-based and
WT-based models; thus signal decomposition tech-
nique EEMD is suitable in this hybrid forecasting
model.

(ii) The EEMD-HGSA-LSSVM based on multikernel
function has better forecasting results than that based
on RBF kernel function or Poly kernel function in
that the multikernel function takes advantages of
individual merits of RBF and Poly kernel functions by
optimal weighted coefficient.

(iii) The hybrid algorithm HGSA utilizes the respective
advantages of BGSA and RGSA to realize the feature
selection and parameter optimization simultaneously.
Compared with the EEMD-GSA-MKLSSVM with-
out feature selection, the proposed model obtains
smaller RMSE for all the data sets, which means that
BGSA selects the useful candidates for the forecasting
engine.

(iv) The proposed model outperforms the EEMD-HGSA-
ELM and EEMD-HGSA-SVM. Especially, the im-
provements obtained by EEMD-based HGSA-
MKLSSVM model over the benchmark Persistence
model in terms of improved percentage RMSE are
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Table 12: Improved percentage obtained by EEMD-HGSA-MKLSSVM over other EEMD-MKLSSVM based models (%).

Data set Contrast 𝑃𝑅𝑀𝑆𝐸 𝑃𝑀𝐴𝑃𝐸 𝑃𝑀𝐴𝐸
𝐴 Model 8 𝑉𝑠. Model 10 41.93 44.89 43.87

Model 9 𝑉𝑠. Model 10 29.29 22.74 24.69

𝐵 Model 8 𝑉𝑠. Model 10 44.55 48.64 47.60
Model 9 𝑉𝑠. Model 10 28.04 32.34 28.04

𝐶 Model 8 𝑉𝑠. Model 10 44.56 45.69 47.89
Model 9 𝑉𝑠. Model 10 31.32 25.96 27.29

𝐷 Model 8 𝑉𝑠. Model 10 43.05 47.17 46.62
Model 9 𝑉𝑠. Model 10 26.11 30.41 29.02

1 Model 8 denotes EEMD-MKLSSVM.
2 Model 9 denotes EEMD-GSA-MKLSSVM.
3 Model 10 denotes EEMD-HGSA-MKLSSVM.

Table 13: Forecasting results by different forecasting model.

Data set Models RMSE (m/s) MAPE (%) MAE (m/s)

𝐴
Model 11 0.7304 15.3973 0.717
Model 12 0.3499 6.2955 0.2929
Model 13 0.3614 7.5089 0.3353
Model 14 0.2787 5.457 0.2558

𝐵
Model 11 0.752 18.7638 0.7344
Model 12 0.3898 9.2387 0.3638
Model 13 0.4094 10.4421 0.3869
Model 14 0.2856 6.4077 0.2538

𝐶
Model 11 0.7616 9.9466 0.7445
Model 12 0.3675 4.642 0.3472
Model 13 0.3839 4.6887 0.355
Model 14 0.2691 3.232 0.2392

𝐷
Model 11 0.7409 12.5176 0.7193
Model 12 0.3747 6.1382 0.353
Model 13 0.3832 6.3973 0.3623
Model 14 0.2903 4.5088 0.2607

1 Model 11 denotes Persistence.
2 Model 12 denotes EEMD-HGSA-ELM.
3 Model 13 denotes EEMD-HGSA-SVM.
4 Model 14 denotes EEMD-HGSA-MKLSSVM.

Table 14: Improved percentage obtained by EEMD-HGSA-MKLSSVM over other models (%).

Data set Contrast 𝑃𝑅𝑀𝑆𝐸 𝑃𝑀𝐴𝑃𝐸 𝑃𝑀𝐴𝐸
𝐴 Model 11 𝑉𝑠. Model 14 61.84 64.56 64.33

Model 12 𝑉𝑠. Model 14 20.34 13.32 12.67
Model 13 𝑉𝑠. Model 14 22.88 27.33 23.71

𝐵 Model 11 𝑉𝑠. Model 14 62.02 65.85 65.44
Model 12 𝑉𝑠. Model 14 26.73 30.64 30.24
Model 13 𝑉𝑠. Model 14 30.24 38.64 34.40

𝐶 Model 11 𝑉𝑠. Model 14 64.67 67.51 67.87
Model 12 𝑉𝑠. Model 14 26.78 30.37 31.11
Model 13 𝑉𝑠. Model 14 29.91 31.07 32.62

𝐷 Model 11 𝑉𝑠. Model 14 60.82 63.98 63.76
Model 12 𝑉𝑠. Model 14 22.52 26.55 26.15
Model 13 𝑉𝑠. Model 14 24.24 29.52 28.04

1 Model 11 denotes Persistence.
2 Model 12 denotes EEMD-HGSA-ELM.
3 Model 13 denotes EEMD-HGSA-SVM.
4 Model 14 denotes EEMD-HGSA-MKLSSVM.
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about 61.84%, 62.02%, 64.67%, and 60.82% for the
corresponding wind speed data sets 𝐴, 𝐵, 𝐶, and 𝐷,
respectively.

Therefore, the proposed model EEMD-HGSA-
MKLSSVM is an effective short-term wind speed prediction
approach. For further studies, this hybrid model will be
utilized for other wind farms, and some environmental and
climate information should be taken into consideration as
potential input samples.
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In the process of collaborative procurement, buyers and suppliers are prone to conflict in cooperation due to differences in needs and
preferences. Negotiation is a crucial way to resolve the conflict.Aimed at ameliorating the situations of underdeveloped self-adaptive
learning effect of current collaborative procurement negotiation, this paper constructs a negotiation model based on multi-agent
system and proposes a negotiation optimization strategy combined with machine learning. It provides a novel perspective for the
analysis of intelligent SCM. The experimental results suggest that the proposed strategy improves the success rate of self-adaptive
learning and joint utility of agents compared with the strategy of single learning machine, and it achieves win-win cooperation
between purchasing enterprise and supplier.

1. Instruction

Information technology has enabled, and in some cases
forced, enterprises to reorient their internal capabilities and
to redefine their business models to develop e-commerce
techniques. In order to attain timely responsiveness and to
proffer higher service level, constructive cooperation among
partners in supply chain is critical in any endeavor to ame-
liorate disruptions and mitigate risks [1]. A small number of
successful contemporary associations have transformed from
an opportunistic doctrine of cooperation to a synergistic
ethos and integrated their supply chain procedures.

The synergism of Cluster Supply Chain (CSC), compris-
ing collaborative manufacture, collaborative procurement,
collaborative logistics, and collaborative inventory, is the cou-
pling organizing form between industrial cluster and supply
chain. And it helps small andmedium-sized enterprise (SME)
shorten the transaction cycles and reduce costs. Procurement
directly affecting the production and operation is the key
link in the development of the whole enterprise. In the
fierce market competition, therefore, the purchasing mode
gradually shifts from traditional independent purchasing
that faces the problems of small quantity discount, low
bargaining power, and slow response to customer demand to
collaborative procurement.

In this article, we consider a distributed supply chain (SC)
in that each member seeks to optimize personal performance
and independently plans his business. A large measure of
supply chain managements (SCM) have to communicate and
negotiate effectively with SC members. In the process of
collaborative purchasing, buyers and suppliers are prone to
conflict in cooperation due to differences in needs and prefer-
ences. Negotiation is a crucial way to resolve the conflict and
an effective mechanism for supply chain coordination and
cooperation. It has been demonstrated that the information
sharing between the buyers and suppliers ensures effective
supplier participation and enhances mutual understanding,
which contributes to more excellent performance over the
rivals [2]. Negotiation is reckoned to be a sound approach
for participators to exchange messages, understand other
perspectives, and identify new order alternatives based on
the information and knowledge learned in the process. And
it allows enterprises in the CSC to prevent both self-interest
and local optimization of finicky partner, to proceed to the
optimization of objectives of all participators and to achieve
a win-win situation in SCM.

Former researchers have paid much attention to negotia-
tion problem over the past decade and proposed some salient
models.Themajority of models primarily use either methods
of the improved algorithms or game-theoretic techniques
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as a basis to formulate autonomous negotiation. However,
those approaches are considered to be complicated to spread
to widespread problem fields due to the uncertainty and
complexity in real-world negotiation. This paper ameliorates
the negotiation model combining multi-agent system (MAS)
with machine learning for further tackling the conflict in
cooperation. New model provides a buyer with a method for
purchasing a product systematically. And it helps in achieving
a win-win cooperation between two sides during the process
of collaborative procurement with supply chain as far as
feasible.

The remainder of the paper is structured as follows. Sec-
tion 2 shows literature review. Section 3 recalls some general
concepts of key techniques. Section 4 is devoted to a nego-
tiation model of collaborative procurement based on MAS.
Section 5 describes a self-adaptive negotiation optimization
strategy combined with dynamic selective ensemble learning.
Finally, the experiments design, results, and concluding
remarks are presented in Sections 6 and 7, respectively.

2. Literature Review

Given that research on negotiation of collaborative pro-
curement is new and largely fragmented, it is practically
paramount to arouse individuals’ attention. Previous studies
have, nevertheless, proposed a basic model of supply chains
and a negotiation strategy for solving conflicts in consider-
ation of efficiency and cost. A multi-objective cooperative
production–distribution planning model was formulated by
Jolai et al. [3] applying the fuzzy goal programming approach
to maximize the gains of all participators. To discover the
optimal solutions of resource allocation, Lin et al. [4] rec-
ommended a collaborative negotiation mechanism that was
built on price schedules decomposition algorithm. But the
popular methods to research the negotiation’s conundrum
in SCM involve Game Theory and artificial intelligence
(AI). Game theorists deem the negotiation as an incomplete,
dynamic information game, and attempt to settle the game
by offering some predictions on certain conditions [5].
Primary methodological tools of Game Theory are Nash
game [6] and Stackelberg game [7], which concentrate on
the sequential and simultaneous decision-making of multiple
players, respectively. For those relevant analytic modeling
studies, the problem is analyzed mostly from a theoretical
perspective. Despite being extremely successful in a quantity
of situations, the game theoretical approach is considered to
be difficult to spread to universal problem fields owing to the
uncertainty and complexity in real-world negotiation.

Compared to Game Theory, participants that bargain
with consideration of human preference and thoughts could
be considerably represented by the agent technology which
is a branch of AI [8]. The use of information and communi-
cation technology tools, offering the capacities of customer
sensitivity, information sharing, and process integration, is
observed as the uppermost enabler for this collaborative per-
ception’s realization [9]. In computer science, an agent is gen-
erally considered as a software entity, which is autonomous to
communicate and coordinatewith other agents to accomplish
its design objectives. Consequently, multi-agent simulation

modeling, which originated from AI, is suitable for the
conduction of distributed system and has certain advantages
in being testable, quantifiable, and efficient. It is superior in
expansibility, is easy to configure, and has been widely used
in the SCM. Kwon et al. [10] constructed an integrated frame-
work that was based on multi-agent cooperation and case-
based reasoning to help address emerging uncertainties. Lin
et al. [11] demonstrated a supply chain coordination model
of multi-agent and put forward a conflict solution method
built on constraint satisfaction algorithm due to the different
formof demand. Considering the conflict between businesses
caused by the difference of information asymmetry and goals,
Behdani et al. [12] developed a negotiation method based on
multi-agent in the condition that demand is uncertain. The
significance of addressing negotiation mechanisms for col-
laborative matters is shown by the discussed literatures. The
combination of negotiation model and optimization technol-
ogy is requisite to help negotiators achieve optimal selections.

In order to better promote the agent’s self-adaptive nego-
tiation ability, an army of scholars have begun to introduce
machine learning into the negotiation. Bayesian Learning
estimates the probability distribution of opponent negotia-
tion parameters and preferences and adaptively adjusts the
concession strategy [13]. Q-Learning generates the optimal
negotiation strategy by calculating the utility cumulative
value [14]. Radial Basis Function (RBF) neural network is
capable of optimizing the Actor-Critic learning algorithm to
predict and amend the concession magnitude of agents [15].
Unfortunately, previous self-adaptive negotiation is built on a
single or integrated learning machine to draw the final result
[16]. Selective ensemble learning improves the efficiency of
general integrated learning machine by eliminating the less
accurate ones in sublearning models [17].

This paper is built on our previous work in the field
of automated negotiation. In particular, it lays the foun-
dation for accomplishing an experiment to investigate the
performance of agent which is operating in the supply chain
system and equipped with our negotiation model. The main
contribution consists of constructing a negotiation model
concerning collaborative procurement based on MAS by
analyzing the characteristics of multilateral transact and
proposing a negotiation strategy founded on dynamic selec-
tive ensemble learning. We exploited supply chain analysis
detailedly that was based on agent technology, which detects
novel patterns through the improved data mining techniques
and provides a new perspective for the analysis of intelligent
SCM.Moreover, agent jobwas led by this association between
intelligent agents and machine learning to do faster and
better. And the negotiation strategy has also potential for big
data decrement and compression.

3. Methods

3.1. Machine Learning. Machine learning gradually becomes
an irreplaceable method for processing data in the big data
era. As an embranchment of AI, it has entered foreland of
the mainstream computer science’s research that often uses
statistical techniques to give agents the ability to learn with
data, without being explicitly programmed.Machine learning
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has substantial connections with mathematical optimization,
which delivers theory, application domains, and methods
to the field. Moreover, it is a popular method practiced to
devise complicated models and algorithms for prediction.
These analytical models permit researchers to find results and
authentic decisions and reveal hidden insights via learning
from historical relationships and tendencies in the data.

3.2. K-Means Clustering. K-means clustering, an unsuper-
vised learning, is fundamentally a partitioning method that
is utilized to analyze data and treat the data’s observations as
objects on the basis of locations and distance between diverse
input data points. It helps to partition the undisposed objects
into mutually exclusive clusters (K) so that objects remain as
close as possible to each other within individual cluster but as
far as possible from other clusters’ objects.

3.3. Support Vector Machine. Support Vector Machine
(SVM), introduced by Vapnik, is originated from the theory
of structural risk minimization belonging to statistical
learning theory. The essential idea of SVM is to map input
vectors into a high dimensional feature space and construct
the optimal separating hyperplane in this space. SVM tries to
minimize an upper bound of the generalization error bymax-
imizing the margin between the test data and the separating
hyperplane [18]. It has severalmerits: (1) Aunique hyperplane
maximizing the margin of separation between the classes can
be discovered by SVM, so it has a good ability of robustness.
(2) SVM’s power is to use kernel function to transform data
from the low dimension space to the high dimension space
and create a linear binary classifier. (3) The solving of SVM
is a convex programming problem, and its local optimum
is selected as the global optimum. In the field of machine
learning, models combined with learning algorithms for
analyzing and classifying data are represented by SVM.

4. Negotiation Model of Collaborative
Procurement Based on MAS

One of the most distinguishing advantages of using MAS for
SCM is the dynamic supply chain construction via automated
negotiation between agents. In the MAS, the coordinator
agent is introduced to regulate multiple buyer and seller
agents. A distributed negotiation model based on MAS is
demonstrated in Figure 1. The model assists enterprises in
choosing the most suitable suppliers quickly, efficiently, and
economically. The system consists of 3 mutually coordinated
agents: CA represents the supplier agent, PA the purchasing
enterprise agent of industrial cluster, and MA the broker
agent of collaborative purchasing service. Agents participat-
ing in the negotiation must register with MA (such as an e-
commerce platform) in advance and configure a unique ID.
TheMAmanages various information in the negotiation pro-
cess and coordinates the communication between the agents.
The selection of the supplier is done with the assistance of
theMA and repeated negotiation between the PA and the CA
(the types of messages used by the agents in the negotiation
process are shown in Table 1).

MA: (i) It promptly registers, verifies, and updates
information about registered agents. (ii) It duly publishes,
forwards, and organizes messages. (iii) It comprehensively
utilize real-time environment and enterprise data to evaluate
the operation of businesses.

PA: If Reply is received, PA will compare the property
values of the products given by the participating CA with
accredited ones, and then send Improve to the nonoptimal
CA. Subsequently, it selects CA whose values are no less
than the threshold as a candidate supplier. If there is no
qualified supplier, purchasing enterprise will modify the
relevant threshold and renegotiate with all suppliers. Finally,
the result opted for is sent to the MA with Selection. After
receiving Confirm, if the CA is found to have objected to
the negotiation result, check the modification and resend
Improve until no objection occurs.

CA: After monitoring Announce published by the MA, if
the requirements of order are met, deliver the Bid to partici-
pate in the negotiation. In the event of corresponding values
suggested by the PA being acceptable, during Adjust, CA
sends a newBid, or else emits Reject. Eventually, when receiv-
ing Result, the selected CA checks the content of the protocol,
and if there is no objection, the Accept is fed back. Otherwise,
the Refuse is transmitted to point out the problem.

The specific negotiation process is showed in Figure 2.

5. Self-Adaptive Negotiation
Optimization Strategy

5.1. Negotiation Parameter. Negotiation parameters consisted
of four elements which are proposed and explained in Table 2.

NM = {A, P,w,U} (1)

5.2. Concessional Learning Based on Dynamic Selective
Ensemble of SVM. According to the current negotiation
issues, the nearest neighbor sample set is used as the training
sample to evaluate the performance of each submodel and
select the better ones. In the negotiation, K-means algorithm
is adopted for each negotiation issue, and the k sample
subsets are found as the training datasets. And the Support
Vector Machine (SVM) is used to learn the concession
amplitude in each evaluation sample. Taking root-mean-
square error (RMSE) as the evaluation criterion, we eliminate
some submodels with poor performance. The combination
weight is calculated and the final dynamic selective SVM
model is established.

(1) K-means algorithm generates evaluation datasets. 𝑃𝑞
is negotiation sequence to be predicted and its number of the
nearest neighbor sample in the data set 𝑃𝐿 is k, and the first k
samples 𝑃k can be got by calculating the Euclidean Distance𝑃𝐷 between 𝑃𝑞 and the sample points 𝑃i.

𝑃𝐷 (𝑃𝑞, 𝑃𝑖) = √∑
𝑖∈𝐿

(𝑃𝑞 − 𝑃𝑖)2 (2)

(2) Input sample set 𝑃k, and estimate concession amplitude
with SVM. Assume that negotiation values of 𝐴𝐶 and 𝐴𝑃 in
round t and issue j are denoted as 𝑃𝐶𝑡 and 𝑃𝑃𝑡 , respectively,
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Figure 1: MAS negotiation model of collaborative procurement.

Table 1: Instructions of related messages.

Agent Message Description of Message
Announce Publish PA’s requirement information to registered Agents
Adjust Forward PA’s improved requests to CA

MA Result Inform of results and send the agreed protocol contents to CA
Reply Send the product and enterprise information to PA

Confirm Transform the confirmation messages or protocol modification information
Request Ask MA to release massage to corresponding CA
Inquire Consult MA for information about the supplier

PA Improve Request PA to improve the relevant attributes on MA
Selection Post results and agreements to selected PA
Reject Notify the MA not to participate in the consultation

CA Bid Give information of the product and the enterprise or submit the improved relevant
attributes

Accept Acquaint MA the accepted agreements
Refuse Object the protocol or request for verification

Table 2: Instructions of negotiation parameters.

Parameters Instructions
A 𝐴𝐶 represents Supplier, 𝐴P Industrial cluster buyer
P Issue value of negotiation
w Weight vector of the issue
U Utility value of the issue

and Δ𝐷𝑡 is the negotiation difference between 𝐴𝐶 and 𝐴𝑃
obtained by (3).The average concession amplitudes of𝐴𝐶 ,𝐴𝑃
for the first t rounds are 𝐶𝐶𝑡 ,𝐶𝑃𝑡 . As inputs to the SVM, t, Δ𝐷𝑡,𝐶𝐶𝑡 , and 𝐶𝑃𝑡 are mapped to the high dimensional space using
the Radial Basis Function𝐻𝑡 = (𝜑(𝑡), 𝜑(Δ𝐷𝑡), 𝜑(𝐶𝐶𝑡 ), 𝜑(𝐶𝑃𝑡 )).𝐶𝑃𝑡+1 is the output variable of the linear regression function
obtained by (5).

Δ𝐷𝑡 = 𝑃𝐶𝑡 − 𝑃𝑃𝑡  (3)

𝐶𝑃𝑡 = 𝑡∑
𝑖=2

Δ𝐷𝑖𝑃𝑃𝑖−1 (4)

𝐶𝑃𝑡+1 = 𝑤𝑇 ∗ (𝜑 (𝑡) , 𝜑 (Δ𝐷𝑡) , 𝜑 (𝐶𝑃𝑡 ) , 𝜑 (𝐶𝐶𝑡 )) + 𝑏 (5)

where 𝑤𝑇 is the weight vector of 4 input variables and 𝑏 is a
offset value.

The error 𝜀 between predicted value y and function value𝐶𝑃𝑡+1could be calculated by (6). If the error 𝜀 is regarded as
an error-free fitting, then we can get the nonlinear regression
function as (7) of the concession amplitude 𝐶𝑃𝑡+1of the
opponent in round t+1. After the equivalent substitution, we
can get the final regression function as (8).

max {0, 𝑦 − 𝐶𝑃𝑡+1 − 𝜀} (6)

𝐶𝑃t+1 = 𝑛∑
𝑗=1

(𝑎𝑗 − 𝑎j )𝐾 (𝐻𝑡, 𝐻𝑡−1) + 𝑏 (7)

𝐶𝑃t+1 = 𝑛∑
𝑗=1

𝑎𝑗 exp{−𝐻𝑡 − 𝐻𝑡−12𝜎2 } + 𝑏 (8)

where 𝑎𝑗 (𝑎𝑗 > 0) is a Lagrange multiplier, identified by
SVM training. Similarly, 𝐶𝐶𝑡+1 is the predictive concession
amplitude value of 𝐴𝐶 in round t+1.
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Figure 2: MAS sequence diagram of negotiation model.

(3) Using the RMSE as a filter criterion as (9), we select
the corresponding first 𝑘 sublearning machines.

𝐸𝑖𝑗 = √∑𝑘𝑖=1 (𝑐𝑖𝑗 − 𝐶𝑖𝑗)2𝑘 (9)

where 𝑐𝑖𝑗 is the next predictive concession value in issue j of
sublearning machine i and 𝐶𝑖𝑗 means the actual concession
amplitude.

(4) Calculate the combined weight of each submodel.
According to the RMSE value 𝐸𝑖𝑗 of the 𝑖-th submodel, the
weight of the submodel is obtained.

𝛼𝑖 = (1/𝐸2𝑖𝑗)(∑𝑘𝑖=1 (1/𝐸2𝑖𝑗)) (10)

When all the k sublearning machines are successfully trained,
select the 𝑘 sublearning models with the smallest error. Input

the actual concession 𝐶𝑖𝑗, and then get the output of ultimate
concession about issue j in the round t+1.

𝐶𝐶/𝑃𝑡+1,𝑗 = 𝑘∑
𝑖=1

𝛼𝑖𝐶𝑖𝑗 (11)

5.3. Utility Optimization. Taking 𝐴𝑃 as an example, the
utility difference of sequential negotiations is used to decide
whether to stop the current consultation. 𝐶𝑃𝑡+1,𝑗 means a
predictive concession value about issue j in round t+1. 𝑃𝑃𝑡,𝑗 is
an actual value of buyer 𝐴𝑃 about issue j in round t.

𝑈t = 𝑛∑
𝑗=1

𝑤𝑗𝑃𝑃𝑡,𝑗 (12)

𝑃𝑃𝑡+1,𝑗 = 𝑃𝑃𝑡,𝑗 + 𝐶𝑃𝑡+1,𝑗 (13)

The error between the predictive utility value in round t+1
and actual utility value in round t can be calculated by
coordinating equations (12) and (13). While Δ𝑈𝑡+1,𝑡 > 0, the
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Figure 3: Flowchart of Self-adaptive negotiation optimization
strategy.

utility of concession has not been maximized; it will increase.
Conversely, end the concession.

5.4. Selection of the Most Appropriate Partner. After the
negotiation, the common-neighbor algorithm [19] is applied
to compute the similarity of the issues, and 𝐴P choose more
suitable partners according to the similarity.

𝑆𝑃,𝐶 = (1 + 𝑒−𝐷𝑃,𝐶/2) ∗ 𝐼𝑃 ∩ 𝐼𝐶 (14)

𝐷𝑃,𝐶 means the total issue difference between 𝐴P and𝐴𝐶. ‖𝐼𝑃 ∩ 𝐼𝐶‖ is the quantity of accredited issue after the
negotiation.

Procedures are as follows (see Figure 3). First, K-means
search was adopted to generate sample sets. Second, the
SVM was used to learn the concession amplitude in each
evaluation sample and then eliminated the poor perfor-
mance of sublearning model with RMSE and calculated
the combined weight and the final dynamic selective SVM
model was established. Third, the utility function was used
to decide whether to terminate the negotiation. Finally, the
most appropriate partner was selected on the basis of issues’
similarity calculated with common-neighbor algorithm.

Furthermore, the self-adaptive negotiation optimization
strategy is also suitable for complicated problems of big
data in massively parallel environments. The complexity of
big data could be decreased by data processing algorithms’
application.

6. Simulation Example

Relying on modern logistics network system, Yiwu has
become the largest small commodity distribution center in
the world. The merchandise is sold to Europe, America, the
Middle East, and South Asia and other regions. Yiwu market
now hasmore than 4.3million square meters of business area,
63 thousand operators, and more than 400 thousand kinds of
products. In 2016, the trading volume of commodity markets
reached 373 billion RMB and the total export-import volume
extended to 223 billion RMB (Yiwu China Commodities
City Group Official Website 2017). Yiwu Global Purchasing
(www.yiwuok.com) as an e-commerce platform contributed
60% of the first value. The key link of supply chain synergism
is to utilize e-commerce platform services to develop a
healthy relationship of trust among partners and establish
an effective mechanism for information collaboration. This
paper takes Yiwu Small Commodity Industry Cluster (SCIC)
as an instance and grabs five main parameters: product price,
quantity, delivery time, warranty time, and defective rate
as the negotiation issue. The effectiveness of self-adaptive
Integrated Optimization Strategy (IOS) is verified by using
Matlab R2014a, which is comparedwith theGeneral Learning
Strategies (GLS) based on single SVM.

According to the historical data analysis of electric
appliances industry in Yiwu SCIC, the supplier cares more
about price, quantity, and delivery time, while concentrating
less on warranty time and defective rate. The purchasing
enterprise is a little bit different; they focus on defective
rate rather than warranty time, demonstrated detailedly in
Table 3. Initial experimental datasets could be extracted
from Dataverse repository. The whole examinations were
performed on a laptop (4GB of RAM that operated under
Windows 10 desktop, Intel core i3 CPU @ 2.54GHz). In
addition, we selected the open source libraries, VLFeat for
K-means clustering and LIBSVM for SVM algorithm, with
excellent interfaces in Matlab for ease of use. To get the
generation of optimal solutions, the experimental time is
limited to 2 minutes.

A separating hyperplane of datasets illustrated by the IOS
is exhibited in Figure 4. In place of the smaller margin, the
hyperplane creates sheltered subregions to make most exam-
ples with identical class label drop on the same side of the
decision boundary. And subregions are produced by decision
boundarywith diverse piecewise shapes, such as jutting out as
peninsulas that are virtually surrounded by the antagonists.
The misclassifications might comprise some stray examples
submerged in the opponents. As the crucial target of sustain-
ing the native class’ membership, the IOS eliminates the stray
examples—those characterized as black solid symbols—from
the hyperplane. As mentioned above, we are working on the
assumption that the margin shrinkage is a price to trade off
with the misclassification decrease in the practice stage.

http://www.yiwuok.com
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Table 3: Intervals and weights of negotiation issue.

Parameters Intervals of supplier’s issue Intervals of purchaser’s issue Weight vector of supplier Weight vector of purchaser
Price/Yuan [100, 150] [100, 130] 0.40 0.35
Quantity [800, 1000] [850, 1200] 0.25 0.30
Delivery time/Month [1.5, 2] [1, 2] 0.20 0.20
Warranty time/Month [12, 18] [15, 24] 0.10 0.05
Defective rate/% [80, 95] [90,95] 0.05 0.10

Table 4: Error rate (%) comparison of experimental results.

Strategy Min error Max error Median error Average error Standard Deviation
GLS 2.8 32.1 14.2 15.86 8.37
IOS 3.2 26.1 10.1 11.97 6.05
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Figure 4: A separating hyperplane depicted by the IOS.
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Figure 5: Simulation results of error rate of 2 strategies.

50 couples are selected in the experiment to predict the
margin of opponent concessions by comparing two strategies.
According to Figure 5, we can draw the conclusion that in
most cases this IOS infers lower error rate than the ordinary
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Figure 6: The comparison of joint utility and successful agent.

single SVM.Additionally, the basic descriptive statistics of the
data is provided in Table 4.The average error of IOS for all 50
objects is 11.97% with a standard deviation of 6.05%. It could
be seen that the IOS outperforms the GLS in four vital error
measures. The max error is 6.0% lower, the median error is
4.1% lower, the average error is 3.89% lower, and standard
deviation is 2.32% lower than the GLS, respectively.

In Figure 6, the average joint utility value founded by
IOS is mainly concentrated in [0.50, 0.75], while another
value is mainly concentrated in [0.40, 0.70].The total average
joint utility of the former is 0.641, and 60% of agents are
higher than that value. Nevertheless, the numbers of the latter
calculated severally are 0.565 and 46%.Distinctly, the strategy
proposed by this paper is superior toGLS in both the amounts
of successful agents and joint utility value.

7. Conclusions

Previous studies proposed a number of basic supply chain
models which are difficult to spread to universal problem
fields owing to the uncertainty and complexity in real-
world negotiation. The most fascinating modern application
of ensemble systems lies in processing high dimensional,
complex, and big data that cannot be analyzed efficiently
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by single-model methods. To better solve the conflict in
negotiation, this paper has discussed the negotiation problem
of collaborative procurement operating onMASmodelwith a
negotiation optimization strategy. We exploited supply chain
analysis minutely based on agent technology and machine
learning, which provides a new perspective for the analysis of
intelligent SCM. Apparently, we perceive that the negotiation
and learning are key aspects in the systemperformance by the
simulation of the proposed MAS model for the procurement
management of CSC.The agents have symmetric preferences,
complicating the negotiation. However, the learning helped
each one acquire the ultimate strategy choice. The experi-
mental results show that the IOS based on dynamic selective
ensemble SVM can reduce the error rate and elevate the joint
utility, compared with GLS of the ordinary single learning
machine. The test reveals that the model plays a key role in
negotiation issue inside the intelligent SCM, and the agent
negotiation performance and efficiency can be enhanced via
the combination of the improved data mining techniques.

The procurement management of supply chain involves
fabrication, inventory, distribution, and other issues, and the
supply chain needs collaboration of upstream and down-
stream enterprises to achieve a synergistic, dynamic, and
timely supply-production-marketing operationmode. Future
research will focus on the resolution of conflict in self-
adaptive negotiation to further improve the intelligent level
of supply chain.
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We define several novel centrality metrics: the high-order degree and combined degree of undirected network, the high-order
out-degree and in-degree and combined out out-degree and in-degree of directed network. Those are the measurement of node
importance with respect to the number of the node neighbors. We also explore those centrality metrics in the context of several
best-known networks. We prove that both the degree centrality and eigenvector centrality are the special cases of the high-order
degree of undirected network, and both the in-degree and PageRank algorithm without damping factor are the special cases of the
high-order in-degree of directed network. Finally, we also discuss the significance of high-order out-degree of directed network.
Our centrality metrics work better in distinguishing nodes than degree and reduce the computation load compared with either
eigenvector centrality or PageRank algorithm.

1. Introduction

The theory of network has gone through rapid development
since the late 1990s. One of the hottest points is the research
on the attributes of network. Node degree has always been
considered as one of the most important and fundamen-
tal attributes. Many relative researches have defined other
attributes of network based on node degree [1, 2], such
as degree distribution [3, 4], clustering coefficient [5, 6],
the characteristic path length [6], and so on. As early as
1960s, Rapoport [3, 4] emphasized the importance of the
degree distribution in all kinds of real networks. Wasserman
and Faust [5] introduced fraction of transitive triples in
social network in 1994. In order to describe cliquishness
of a typical neighborhood, Watts and Strogatz [6] defined
clustering coefficient of general complex network in 1998
based on the fraction of transitive triples. Watts and Strogatz
[6] also defined the characteristic path length to measure the
typical separation between two nodes in the network. Inmore
recent years, numerous researches paid attention to degree
distribution [7–10]. Early researches believed that degree
distribution followed PoissonDistribution just as the random
network theory has described [11, 12]. Recent researches have

found out that the degree distribution for a large number
of networks, such as the World Wide Web [13], the Internet
[14], the metabolic networks [15], genome-wide disruption
networks for yeast [16], and the network of interregional
direct investment stocks across Europe [17], have a power-law
tail. Such networks are called scale-free [18].

When a practical problem is transformed into a complex
networkmodel, people tend to use node centrality to describe
the importance and influence of a node, or people need to
sort these nodes [19]. Node degree (or degree centrality) is
one of the basic methods of sorting the nodes [20–29]. Other
common methods are also based on node degree [1, 2]. As
long ago as 1948, Bavelas [30] studied the center of social
network. Sabidussi et. al. [31] defined what it means for
a network node to approach closeness. Freema [32] used
node degree and betweenness to define two kinds of node
centrality, and, furthermore, he used node centrality to define
graph centrality. Network eigenvector centrality [33, 34] is
often used to describe the importance of nodes in social
network. In 1998, Brin and Page [35, 36] simplified the
eigenvector centrality for undirected network into PageRank
algorithm (𝑃𝑅), which is widely used in searching engine
Google [36] and many other directed networks [37–42]. By
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Figure 1: Diagram of random walk. Choose the origin node 1: (a) the process of splitting and random walking could be repeated an infinite
number of times, because origin node 1 is connected to node 2; (b) the ball can walk randomly an infinite number of times without split since
the origin node is one of the directed loop; (c) the ball split and walk randomly only once; (d) the ball can only walk twice without splitting;
(e) the ball can walk an infinite number of times without split.

using the degree distribution of neighbor nodes, Ai [43]
gave the definition of the neighbor vector centrality. Zeng
[44] implemented the Mixed Degree Decomposition (𝑀𝐷𝐷)
procedure by using coreness centrality, and he defined the
mixed degree of nodes. Bae [45] defined the kernel centrality
of a node by using the kernel of the neighbor nodes.

The degree centrality used for sorting nodes has the
advantages of simple calculation, but the results are not
accurate enough. Therefore, it may require verification by
other methods [20] or other network attributes [27, 28].
Closeness centrality and betweenness centrality are often
given with degree centrality for comparison purpose [27, 28].
The computation of both closeness centrality and between-
ness centrality are so complicated that big networks often
need fast approximate algorithm [46–48]. Even though the
eigenvector centrality on undirected network and the PageR-
ank on directed work can give satisfying results in nodes
sorting, those two methods often involve expensive compu-
tations, such as iterations [42]. In the following paragraphs,
we will define several novel centrality metrics, which are
cheaper in computation compared with closeness centrality,
betweenness centrality, eigenvector centrality on undirected
network, and PageRank on directed network. We will show
that node degree, the eigenvector centrality on undirected
network and in-degree, and PageRank on directed network
are all special cases of (or equivalent to) one of our novel
centrality metrics (see Sections 4.1 and 4.2). It should be
pointed out that the combined degree defined in our paper
is different from the mixed degree in Zeng [44], which is
the Mixed Degree Decomposition of coreness centrality (see
Section 4.4).

2. Methods

Random walk has always been one of the most important
methods in the research of complex network [49–53]. Noh
et. al. [49] derived the mean first passage time (𝑀𝐹𝑃𝑇)
between any two nodes by using random walk of complex
network. Tejedor [50] computed the 𝑀𝐹𝑃𝑇 of a network
based on a broad class of random walk. Rosvall et. al. [51]
used the probability flow of random walks on a network as a
proxy for information flow in the real system. Saramäki et. al.
[52] generated scale-free networks based on selecting parent
nodes by using random walk. Weng [53] used the newly
defined mean first traverse distance (𝑀𝐹𝑇𝐷) to describe
anomalous random walks. Now let us think about an ideal

random walk of a simple network (could be an undirected
network or a directed network): choose a node of the
network, whichwe call the origin node, put a ball at the origin
node, and the ball obeys the following rules to split repeatedly
and to walk randomly.

(i) Splitting: the ball splits up into 𝑑𝐺(V) (or 𝑑
+
𝐺(V)) balls

at the node V, where 𝑑𝐺(V) is the degree of V in
undirected network and 𝑑+𝐺(V) is the out-degree of V
in directed network.

(ii) Random walk: after every split, the balls move to
the adjacent nodes along the 𝑑𝐺(V) edges; in directed
network they can only move along 𝑑+𝐺(V) outgoing
edges.

(iii) Disappearance: balls that can no longer walk would
disappear, for example, at the isolated nodes or dead
nodes of directed network.

The number of repeats of the random walk would be
different depending on the selection of network and/or the
selection of origin node, such as in Figure 1.

In the undirected network, the number of balls after 𝑠𝑡ℎ
split is defined as the 𝑠-order degree of the origin node V,
denoted by 𝑑𝑠𝐺(V). Clearly, if 𝑠 = 1, 𝑑1𝐺(V) is the degree 𝑑𝐺(V)
of V (see Theorem 2, Section 4.1). In the directed network,
the number of balls after 𝑠𝑡ℎ split is called the s-order out-
degree of the origin node V, denoted by 𝑑+𝑠𝐺 (V). Also, when
𝑠 = 1, 𝑑+1𝐺 (V) is the out-degree 𝑑+𝐺(V) of V (see Theorem 3,
Section 4.2).

Consider a more complicated random walk of a directed
network: select a network node V, whichwe call the sink node.
Then we put balls at every node in the network (including
the sink node V), and all of the balls follow the above rules
to split repeatedly and to walk randomly, the number of balls
at the sink node after the 𝑠𝑡ℎ random walk is defined as the 𝑠-
order in-degree of the sink node V, denoted by 𝑑−𝑠𝐺 (V). Clearly,
if 𝑠 = 1, 𝑑−1𝐺 (V) is the in-degree 𝑑

−
𝐺(V) of V (see Theorem 3,

Section 4.2).

2.1. 2-Order Degree. As for the undirected network, accord-
ing to the above definition, 2-order degree 𝑑2𝐺(V) of the node
V is the number of two-edge paths connected to V. The two-
edge paths may overlap. For example, Figure 1(e), both nodes
have an overlap two-edge path, then the 2-order degree of
both nodes is 1. Note that the 2-order degree is not necessarily
equal to the number of neighbors of a node’s neighbors,
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Table 1: The 2-order out-/in-degree of Figure 2.

Name of each node 1 2 3 4 5 6 7 8 9 10 Mean
Figure 2(a) Degree 1 1 1 4 2 5 1 1 1 1 1.9
(Undirected network) 2-order degree 4 4 4 5 9 6 5 5 5 5 5.2

Out-degree 2 2 1 1 2 2 1 1 1 1 1.4
Figure 2(b) In-degree 0 1 2 2 1 2 1 2 1 2 1.8
(Directed network) 2-order out-degree 3 3 1 2 3 2 1 1 1 1 1.4

2-order in-degree 0 0 2 1 1 3 2 3 2 4 1.8

(a) (b)

Figure 2: The degree and 2-order degree of a network.

since there may be more than one two-edge path between
any two nodes (here the two nodes may be the same one).
The computation of node 2-order degree 𝑑2𝐺(V) is relatively
simple. Suppose matrix 𝐴 = (𝑎𝑖𝑗) is the adjacency matrix
of the undirected network 𝐺, we call 𝐴2 = 𝐴2 the 2-order
adjacency matrix, and then the sum of elements in each
row (or each column) of 𝐴2 is the 2-order degree of the
corresponding node. Use {𝐴2}𝑖 to denote the sum of the 𝑖-
th row of matrix 𝐴2, then the 2-order degree of the 𝑖-th node
V𝑖 of the undirected network 𝐺 is 𝑑2𝐺(V𝑖) = {𝐴2}𝑖.

A directed graph has both a 2-order in-degree and a
2-order out-degree for each node, which are the numbers
of incoming and outgoing two-edge paths, respectively. Still
denote the adjacency matrix as 𝐴 = (𝑎𝑖𝑗), and denote {𝐴2}𝑖
and {𝐴2}

𝑖 as the sum of the 𝑖-th row and 𝑖-th column of
the 2-order adjacency matrix 𝐴2 = 𝐴2, respectively. Then
the 2-order out-degree and the 2-order in-degree of the 𝑖-
th node V𝑖 in this directed network are 𝑑+2𝐺 (V𝑖) = {𝐴2}𝑖 and
𝑑−2𝐺 (V𝑖) = {𝐴2}

𝑖, respectively.
If 𝐺 has vertices V1, V2, ⋅ ⋅ ⋅ , V𝑛, the sequence

(𝑑(V1), 𝑑(V2), ⋅ ⋅ ⋅ , 𝑑(V𝑛))
𝑇 is called thedegree sequence of 𝐺

[54]. As we all know, the mean value and the distribution
of degree sequence guide the definition of mean degree and
degree distribution. We can obtain the mean 2-order degree
and the 2-order degree distribution of the network by using
the definition of 2-order degree.

In Figure 1, (a) the 2-order degree of the three nodes all
is 2; (b) the 2-order out-degree and 2-order in-degree of the
three nodes all are 1; (c) the 2-order out-degree and 2-order
in-degree of the three nodes all are 0; (d) the 2-order out-
degree of the three nodes is 1, 0, 0, and the 2-order in-degree

of the three nodes is 0, 0, 1; (e) the 2-order degree of the two
nodes is 1.

Figure 2 is a relatively complicated undirected network
and a relatively complicated directed network. Table 1 shows
the 2-order (in-/out-)degree of the all nodes and both mean
2-order degrees for the two networks in Figure 2. As we can
see from Table 1, node 5 has the highest 2-order degree in
Figure 2(a), which is the same as the common sense that
node 5 is the most important node in Figure 2(a). However
this conclusion cannot be obtained simply by calculating
node degree. Of course we can obtain such conclusion
by calculating node betweenness centrality or eigenvector
centrality, and so forth. Another thingwe can tell fromTable 1
is that nodes having the highest 2-order out-degree are 1, 2,
and 5, and the node having the highest 2-order in-degree is
10. Therefore, we could consider that nodes 1, 2, and 5 are
the source nodes of (b), and the node 10 could be thought
as the collection node of (b). In general, we need to run the
PageRank algorithmof the entire network in order to get such
conclusions.

2.2. 𝑠-Order Degree and Its Computation. Same as 2-order
degree, supposematrix 𝐴 is an adjacency matrix of a network
𝐺, we denote 𝐴 𝑠 = 𝐴𝑠(𝑠 ∈ 𝑁∗) as the 𝑠-order adjacency
matrix of 𝐺. The matrix 𝐴𝑠 was used to calculate the number
of walk with length 𝑠 between nodes [54–56]. Denote {𝐴 𝑠}𝑖
and {𝐴𝑠}

𝑖 as the sum of the 𝑖-th row and 𝑖-th column
respectively in matrix 𝐴𝑠; then the 𝑠-order degree of node
V𝑖 in undirected network 𝐺 is {𝐴𝑠}𝑖 and {𝐴𝑠}𝑖 = {𝐴𝑠}

𝑖 (if 𝐺
is a directed network, then the 𝑠-order out-degree is {𝐴 𝑠}𝑖,
and the 𝑠-order in-degree is {𝐴 𝑠}

𝑖). It is easy to define mean
𝑠-order (out-/in-)degree and the 𝑠-order (out-/in-)degree
distribution, too.
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The computation of 𝑠-order degree can make use of
adjacency matrix, but this involves the exponentiation com-
putation of matrix. The order of matrix 𝐴 equals the number
of nodes in the network, and there could be thousands
and tens of thousands of nodes in a network. Therefore
even though the computation of 𝑠-order adjacency matrix
only involves the exponentiation computation of matrix and
additions of integers, it would be a high requirement on the
computer’s CPU and memory. A simple method to tackle
this problem is to firstly compute the lower order degree
sequence of the network and then compute the higher-order
degree sequence. We can prove Theorem 1 by the method of
mathematical induction.

Theorem 1. For 𝑠-order degree sequence, the following conclu-
sions are true:

(i) If 𝑑𝑠 is a 𝑠-order degree sequence of an undirected
network 𝐺, 𝐴 is the adjacency matrix, then the (𝑠 + 1)-
order degree sequence of 𝐺 is 𝐴 ∗ 𝑑𝑠; particularly, if 𝑑1
is the degree sequence of an undirected network𝐺, then
the (𝑠 + 1)-order degree sequence of 𝐺 is 𝐴𝑠 ∗ 𝑑1.

(ii) Similarly, if 𝑑+𝑠 and 𝑑−𝑠 are the 𝑠-order out-degree
sequence and 𝑠-order in-degree sequence of directed
network respectively, 𝐴 is the adjacency matrix, then
the (𝑠 + 1)-order out-degree sequence and the (𝑠 + 1)-
order in-degree sequence are 𝐴 ∗ 𝑑+𝑠 and 𝐴𝑇 ∗ 𝑑−𝑠
respectively; particularly, if 𝑑+1 and 𝑑−1 are the out-
degree sequence and in-degree sequence of the directed
network respectively, then the (𝑠 + 1)-order out-degree
sequence and the (𝑠 + 1)-order in-degree sequence are
𝐴𝑠 ∗ 𝑑+1 and (𝐴𝑇)𝑠 ∗ 𝑑−1, respectively.

2.3. CombinedDegree. Based on the 𝑠-order degree defined as
above, the following gives the definition of combined degree
of a node V𝑖 of an undirected network:

𝑑𝐶𝑜𝑚𝐺 (V𝑖) = 𝛼1 ⋅ 𝑑
1
𝐺 (V𝑖) + 𝛼2 ⋅ 𝑑

2
𝐺 (V𝑖) + ⋅ ⋅ ⋅ + 𝛼𝑠

⋅ 𝑑𝑠𝐺 (V𝑖) + ⋅ ⋅ ⋅ ,
(1)

where 𝑑𝑚𝐺(V𝑖) (𝑚 = 1, 2, ⋅ ⋅ ⋅ , 𝑠, ⋅ ⋅ ⋅ ) denotes the various order
degrees of node V𝑖, and constants 𝛼𝑚 (𝑚 = 1, 2, ⋅ ⋅ ⋅ , 𝑠, ⋅ ⋅ ⋅ )
are all nonnegative real numbers, with a sum of 1. If 𝛼1 = 1
and 𝛼𝑚 = 0 (𝑚 = 2, 3, ⋅ ⋅ ⋅ , 𝑠, ⋅ ⋅ ⋅ ), the combined degree is
the node degree in common sense, if 𝛼2 = 1 and 𝛼𝑚 =
0 (𝑚 = 1, 3, ⋅ ⋅ ⋅ , 𝑠, ⋅ ⋅ ⋅ ), the combined degree is the 2-order
degree, and so forth. For the values of parameters, we usually
consider the case 𝛼1 ≥ 𝛼2 ≥ 𝛼3 ≥ ⋅ ⋅ ⋅ , where 𝛼1 ≥ 𝛼2
indicates that a single neighbor’s influence to V𝑖 is no less than
a single neighbor’s influence. Notice that the value of constant
𝛼𝑚 (𝑚 = 1, 2, ⋅ ⋅ ⋅ , 𝑠, ⋅ ⋅ ⋅ ) may not be integers; therefore the
combined degree 𝑑𝐶𝑜𝑚𝐺 (V𝑖) usually not be integer. Since the
combined degree is the combination of regular degree and
various high-order degree, we need not discuss the mean
combined degree and combined degree distribution. Same
as above, we can define combined in-degree and combined
out-degree of a directed network. According to Theorem 1,
we could give the following formula of combined degree

sequence. Here we omit the formulas of combined in-degree
sequence and combined out-degree sequence of directed
networks.

𝑑𝐶𝑜𝑚𝐺 = (𝛼1 ⋅ 𝐸𝑛 + 𝛼2 ⋅ 𝐴 + ⋅ ⋅ ⋅ + 𝛼𝑠 ⋅ 𝐴
𝑠−1 + ⋅ ⋅ ⋅) 𝑑1, (2)

where 𝐸𝑛 is the identity matrix of order 𝑛.

3. Results

In order to compare the behavior of degree and high-order
degree and/or combined degree, we apply these attributes
to a couple of best-known networks. We believe that the
attributes of network with better behavior should be better
to discover the differences among different nodes. By the
definition of the differences of a given set of data, standard
deviation (𝑠𝑡𝑑) is the most important metric parameter. The
greater the standard deviation is, the more diversities the
data has, and the better the discrimination is, the better the
attributes behavior is. As a complement to 𝑠𝑡𝑑, we define a
novel parameter and call it as overflow ratio (𝑂𝑅𝛼), which
denotes the ratio of the number of elements outside [𝛼 ⋅
𝑚𝑒𝑎𝑛, 1/𝛼 ⋅ 𝑚𝑒𝑎𝑛] to the number of elements in the given
set of data, where 𝑚𝑒𝑎𝑛 denotes the mean value of the given
set of data and 0 < 𝛼 < 1. The greater the overflow ratio
is, the less the possibility that data cluster around the mean
value of the given set is, and the better the discrimination
is, the better the attributes behavior is. Therefore, these two
parameters both reflect the diversity of a given set of data to
some extent. Clearly, if one of the network attributes shows
more diversity, it is easier to distinguish or sort the nodes.

3.1. Random Network. Random network was put forward
for the first time by Paul Erd ̈𝑜s and Alfred Rényi in 1960
(which is called 𝐸𝑅 Random Network) [11]. Here we generate
a random network with 𝑛 nodes, and we investigate the
influence of node connection probability 𝑝 taking different
values on degree and high-order degree. Figure 3 shows the
simulation results of 1000 times for node degree distribution,
2-order degree distribution, 4-order degree distribution,
and combined degree distribution with 𝑛 = 10000 and
𝑝 = 0.05. We can tell from the results that the two high-
order degrees and combined degree of random network still
preserve the property of degree distribution, which is similar
to Poisson Distribution (or Normal Distribution) with mean
degree/mean high-order degree as the peak value.

Table 2 gives the discrimination of some attributes with
𝑛 = 10000 and 𝑝 = 0.05. Since the node degree distribution
and high-order degree/combined degree distribution are all
similar to Poisson Distribution (or Normal Distribution),
we take big values for the overflow ratios. We can also tell
fromTable 2 that high-order degree has better discrimination
compared with regular node degree, which is also true when
𝑛 and 𝑝 change (see Supplementary Table 1).

3.2. SmallWorldModel. Watts [57] gave the basic attributes of
Small World Model in 1999. Watts and Stregatz [6] proposed
the construction of small world network by edge redistribu-
tion, which is called the𝑊𝑆 small world network. Monasson
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Table 2: Random Network: the discrimination parameters of 10000 simulations for different stages in Random Network, with number of
nodes 𝑛 = 1000 and connection probability 𝑝 = 0.05.

Node Standard overflow ratio
degree Deviation 𝛼 = 0.9 𝛼 = 0.91 𝛼 = 0.93 𝛼 = 0.95 𝛼 = 0.98
degree 2.80 ∗ 10e1 1.5% 2.73% 9.1% 23.08% 63.01%
2-order degree 1.093 ∗ 10e4 1.55% 2.86% 9.1% 23.86% 64.48%
4-order degree 2.747 ∗ 10e9 1.57% 2.9% 9.21% 23.96% 64.54%
combined degree 3.440 ∗ 10e8 1.57% 2.9% 9.21% 23.96% 64.54%

Degree distribution 2−order degree distribution

4−order degree distribution
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Figure 3: Random network: simulation results of 1000 times for node degree (mean) distributions with number of nodes 𝑛 = 10000 and edge
augment connection probability 𝑝 = 0.05, taking 𝛼1 = 1/2, 𝛼2 = 1/4, 𝛼3 = 𝛼4 = 1/8, 𝛼5 = ⋅ ⋅ ⋅ = 0 for combined degree distribution.

[58] and Newman et al. [59] initiated the construction of
small world network through edge augment, which is called
the𝑁𝑊 small world network. In this subsection we construct
a small world network by edge augment, and investigate
the behaviors of high-order degrees in small world network.
Firstly, we construct a regular network with 𝑛 nodes, and
with each node connected to the nearest 𝑑 nodes (where
𝑛 ≫ 𝑑 ≫ ln 𝑛 ≫ 1). For a given probability 𝑝, we stochastic
add 𝑝𝑛𝑑/2 edges to produce the small world network. We
can tell from Figure 4 that the scatter plot of 2-order degree

distribution, 3-order degree distribution and 4-order degree
distribution are all similar to PoissonDistribution (orNormal
Distribution), which is the same as the degree distribution of
the small world network.

For small world network, similar to random network,
we are more concerned with the discrimination of small
world network. Table 3 shows the mean discrimination of
1000 simulations for degree, 2-order degree, 4-order degree
and 8-order degree, with 𝑛 = 800, initial edge connection
number 𝑑 = 30, and connection probability 𝑝 = 0.05. Of all
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Table 3: Small world network: the discrimination parameters of 1000 simulations for different stages in small world network with 𝑛 = 5000,
𝑝 = 0.05, and 𝑑 = 20.

order Standard overflow ratio
Deviation 𝛼 = 0.85 𝛼 = 0.9 𝛼 = 0.93 𝛼 = 0.95

degree 1.2476 0.05% 0.6102% 7.2873% 7.2954%
2-order degree 41.321 0.15% 1.57% 5.9382% 5.9425%
4-order degree 45674 0.21% 1.8% 9.87% 9.76%
8-order degree 5.268e + 010 0.4% 4% 16.8% 32.875%
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Figure 4: Small world network: simulation results of 1000 times for node degree distributions with number of nodes 𝑛 = 5000 and given
probability 𝑝 = 0.05 and with each node connected to the nearest 𝑑 = 20 nodes initially.

the situations, 4-order degree and 8-order degree show better
discrimination results than the others. But sometimes the 2-
order degree does not show good results in discrimination
than degree, which is probably caused by the smallness of the
value of parameter 𝑝. In Supplementary Table 2, we increase
the value of𝑝, and show the discrimination of degree, 2-order
degree, and 4-order degree, with the number of nodes 𝑛 and
initial connection edges 𝑑 change over 54 cases. Among all of
the cases, the standard deviation discrimination gets bigger
(better), 4-order degree shows smaller overflow ratio twice
than that of node degree, and 2-order degree shows smaller

overflow ratio four times than that of node degree, which
suggests that 4-order degree and 2-order degree are better
than node degree in the aspect of overflow ratio. Moreover,
as the order of high-order degree increases, the overflow ratio
shows better results in discriminating the nodes.

3.3. Undirected Scale-Free Network. Barabási and Albert [18,
60, 61] proposed scale-free network (which is called 𝐵𝐴 scale-
free network) with node degree distribution following the
power-law distribution. In this subsection, we construct an
undirected, scale-free network to investigate the behavior
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Figure 5: Undirected scale-free network: the node degree distribution and high-order degree distribution of a scale-free network, with
𝑛 = 100, 𝑝 = 0.05,𝑚 = 5, 𝑡 = 4900.

of various orders of degree. Firstly, we produce a random
network with the number of nodes 𝑛, stochastic connection
probability 𝑝. Then we add one node each time whose
degree equals 𝑚 by the preferential attachment mechanism.
Preferential attachment means that the more connected a
node is, the more likely it is to receive new links. Nodes with
higher degree have stronger ability to grab links added to the
network. In our paper, the probability that newnode connects
to node 𝑖 is proportional to the degree of 𝑖. Repeating this
process for 𝑡 times, we get an undirected scale-free network
with 𝑛 + 𝑡 nodes and about 𝑛𝑝/2 + 𝑚𝑡 edges.

The high-order degree distribution and combined degree
distribution are also power-law distribution; see Figure 5.
Supplementary Table 3 gives the discrimination results of
various orders of degree, with initial number of nodes 𝑛,
initial node connection probability 𝑝, and running times 𝑡,
and the new node added to the network each time has a
degree of 𝑚. As a matter of fact, only if 0.3 ≤ 𝛼 ≤ 0.5,
the higher-order degree shows better discrimination results.
The reason maybe that the range of node degree sequence
is relatively large for scale-free network (compared with

random network and small world network), which coincides
with our knowledge [18, 60, 61].

3.4. Directed Scale-Free Network. In this subsection, we
construct a directed scale-free network. Firstly, produce a
random network with nodes number 𝑛 and connection
probability 𝑝. Secondly assign the direction of each existing
edge at random (with equal probability) to establish a directed
network.Thirdly, run this step 𝑡 times, add a new node at each
time, and add𝑚1 in-edges by out-degree priority mechanism
and𝑚2 out-edges by in-degree priority mechanism; there we
usually choose 𝑚2 ≥ 𝑚1 ≥ 0. Therefore we obtain a directed
network with 𝑛 + 𝑡 nodes and 𝑛𝑝/2 + (𝑚1 + 𝑚2)𝑡 edges.
Figure 6 shows that both the in-degree distribution and the
out-degree distribution in the directed network we developed
follow power-law distribution; therefore it is a directed
scale-free network [56, 57]. But there are variations at the
beginning of the graphs for high-order in-degree and high-
order out-degree (especially the out-degree), even though
the general shapes of these graphs still resemble the power-
rule distributions; see Figure 6. We suspect that this may be
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Figure 6: Directed scale-free network: node degree distribution and high-order distribution in the directed scale-free network with initial
nodes 𝑛 = 100, initial connection probability 𝑝 = 0.1, the direction of an edge is assigned randomly, and𝑚1 = 2,𝑚2 = 5 in-edges/out-edges
are added to network by the priority mechanism, running times 𝑡 = 2900.

caused by the fact that we always add in-edges and out-edges
at each timewhenwe construct the network, and the numbers
of edges maintain constants rather than random numbers.
Since the discrimination comparison between high-order
degree and node degree in directed scale-free network is
similar to that in undireceted scale-free network, we will not
demonstrate the results here.

4. Discussion

The high-order degree in a network considers the influence
of different path distances on a node. In a social network,
consider a node is a person, and an edge is a friendship. Node
degree of node V𝑎 indicates the influence of V𝑎’s friends on V𝑎.
The 2-order degree of V𝑎 indicates the influence of V𝑎’s friends’
friends on V𝑎. An interesting question is that, if V𝑎 and V𝑏 are

friends, there is an undirected edge connecting V𝑎 and V𝑏, then
V𝑎 will influence V𝑏, which will in return have influence on
V𝑎 itself also. If V𝑎 has many friends, V𝑎 will have influence
on all of its friends, which in return will affect V𝑎 many
times.

We know from Section 3 that high-order degrees and
combined degree are superior to degree in discriminat-
ing nodes. However the computation of degree is simpler
than high-order degrees and combined degree. Compared
with the eigenvector centrality in undirected network, and
PageRank in directed network, the high-order (out-/in-
)degree and/or combined (out-/in-)degree we defined in
this paper do not need iterations. The computation of our
method only involves multiplications ofmatrices and vectors,
which is clearly easier than eigenvector centrality or PageR-
ank.
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Table 4: Different centralities of Figure 2.

Name of each node 1 2 3 4 5 6 7 8 9 10
Figure 2(a) 4-order degree 21 21 21 26 50 35 29 29 29 29

Betweenness 0 0 0 21 20 26 0 0 0 0
Eigenvector centrality 0.0547 0.0547 0.0547 0.1296 0.1431 0.2096 0.0884 0.0884 0.0884 0.0884

Figure 2(b) 3-order in-degree 0 0 1 2 0 2 3 4 4 6
PageRank∗ 0 0 0 0.1795 0 0.1154 0.1795 0.1154 0.2308 0.1795
PageRank∗∗ 0.0150 0.0318 0.0610 0.1255 0.0505 0.1134 0.1417 0.1283 0.1827 0.1501

∗ PageRank without damping factor.
∗∗ PageRank with damping factor equal to 0.85.

4.1. The High-OrderDegree and Eigenvector Centrality/Between-
ness in Undirected Network. In the undirected network, node
degree is used to measure the influence of all the nodes
connected to a node. 2-order degree considers the influence
of a node’s neighbor’s neighbor on the node. 3-order degree
considers the influence of a node’s neighbors’ neighbors’
neighbor on that node. As a result, the lower the order of the
high-order degree is, the closer it is to the node degree. On
the other hand, the higher the order of the high-order degree
is, the closer it is to eigenvector centrality.

Theorem2. For 𝑠-order degree in undirected network, if 𝑠 = 1,
it is the node degree of the network. As 𝑠 approaches to infinity,
𝑠-order degree is equivalent to eigenvector centrality.

We only need to show that when 𝑠 approaches to infinity,
𝑠-order degree is equivalent to eigenvector centrality. Suppose
𝐴 is the adjacency matrix in an undirected network and 𝑑1 is
the degree sequence. Then by Theorem 1, the 𝑠-order degree
sequence is𝐴𝑠−1∗𝑑1, which is consistent with calculating the
largest eigenvalue and the corresponding eigenvector by the
method of power rule [62]. Therefore, the normalized result
of 𝐴𝑠−1 ∗ 𝑑1(𝑠 → +∞) is the node eigenvector centrality.
If the eigenvector centrality is deemed as the most accurate
method in ranking nodes, then from node degree to high-
order degree, and to eigenvector centrality, the accuracies
get higher and higher, and the computation complexity gets
higher and higher at the same time. Therefore, if there is
not high requirement on ranking accuracy and computation
complexity, high-order degree is a relatively good choice.

In fact, high-order degrees are not simple alternative to
eigenvector centrality. Sometimes high-order degrees may
be more intuitive than some methods including eigenvector
centrality. For example, Figure 2(a), the top three nodes
sorted by both 2-order degree and 4-order degree are 5, 6,
4, which we can see from Tables 1 and 4; it is the same as our
supposition. Otherwise the top three nodes sorted by both
betweenness and eigenvector centrality are 6, 5, 4.

4.2. The High-Order Degree and PageRank for
Directed Network

Theorem 3. For 𝑠-order out-degree in a directed network, if
𝑠 = 1, it is the out-degree of the directed network. For 𝑠-order
in-degree in a directed network, if 𝑠 = 1, it is the in-degree of

the directed network. When 𝑠 approaches to infinity, the 𝑠-order
in-degree is equivalent to PageRank (without damping factor).

Theorem 3 is clearly true because PageRank is the sim-
plification of eigenvector centrality in directed network [63].
Moreover, we can reach similar conclusions that when rank-
ing network nodes, high-order in-degree is a good choice if
one has certain but not high requirements on the accuracy
and computation complexity.

Same as Section 4.2, high in-order degrees are not
simple alternative to PageRank. Sometimes high in-order
degrees may be more intuitive than PageRank. For example
Figure 2(b), the top node sorted by both 2-order in-degree
and 3-order in-degree is 9, which we can see from Tables 1
and 4, it is the same with our supposition. Otherwise the top
node sorted by both PageRank without damping factor and
PageRank with damping factor is 9.

4.3. The Significance of Network High-Order Out-Degree.
PageRank (high-order in-degree) indicates that the 𝑃𝑅 value
of a node V𝑎 is larger when there are more nodes pointing
to V𝑎 in a directed network (quantity hypothesis) and/or the
nodes pointing V𝑎 have larger 𝑃𝑅 values (quality hypothesis)
[35, 36]. Reversely, we call high-order out-degree Reverse
PageRank (𝑅𝑃𝑅). The 𝑅𝑃𝑅 value of a node V𝑏 in a directed
network is determined by how many nodes pointed by V𝑏
(reverse quantity hypothesis) and/or how large 𝑅𝑃𝑅 value
that nodes pointed by V𝑏 have (reverse quality hypothesis).
For example, we can say that theWorldWideWeb navigation
websites have large 𝑅𝑃𝑅 value. When someone surfs the
Internet, if he does not know which website is worth visiting
(with larger 𝑃𝑅 value), he should start with the navigation
website (with larger 𝑅𝑃𝑅 value). There is more research on
the high-order in-degree (𝑃𝑅) for directed network, but there
is no research on high-order out-degree (𝑅𝑃𝑅) as far as we
know.

Figure 2(b), although nodes 1, 2, 5 have the same 2-order
out-degree, only node 1 has the largest 𝑛-order out-degree
(𝑛 ≥ 3). Node 1 is the only one that can reach any nodes of
this graph.

4.4. The Combined Degree We Defined and the Mixed Degree
Zeng Defined. Zeng [44] used the weighted sum of both
the residual degree and the exhausted degree to define the
mixed degree of the node of a network. On one hand, Zeng’s
definition involves Mixed Degree Decomposition (𝑀𝐷𝐷) to
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the whole network by using coreness centrality, while the
combined degree we defined is based on a linear combination
of various high-order degrees. Even though our method
involves more terms in the weighted sum, it does not need
to consider network decomposition. Therefore it is cheaper
in computation than Zeng’s definition. On the other hand,
Zeng divides the nodes that are connected to a node into two
classes according to𝑀𝐷𝐷, while we divide the nodes that are
connected to a node into finite number of classes according
to path distance, which is more delicate in classification and
has more accurate results.

5. Conclusion

In this paper, we define several novel centrality metrics: the
high-order (out-/in-)degree and combined degree. For the
values of combined degree’s parameters, we usually consider
the case 𝛼1 ≥ 𝛼2 ≥ 𝛼3 ≥ ⋅ ⋅ ⋅ ≥ 0 and ∑𝑖 𝛼𝑖 = 1. We prove that
both the degree centrality and eigenvector centrality are the
special cases of the high-order degree of undirected network,
and both the in-degree and PageRank algorithm without
damping factor are the special cases of the high-order in-
degree of directed network. We present several experiments
to discuss the performance of our novel centrality metrics. It
can be seen from the experiments that the centrality metrics
we defined are easy to calculate and perform better than
degree centrality. In a large-scale complex network study,
our centrality metrics will be an effective alternative to the
eigenvector centrality/PageRank algorithm. The manuscript
is only limited in introducing the definition of new metrics.
We hope to discuss their efficacy and computational cost in
the further works.
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network, we increase the value of 𝑝 and show the discrimina-
tion of degree, 2-order degree, and 4-order degree, with the

number of nodes 𝑛 and initial connection edges 𝑑 changing
over 27 cases.
Supplementary 2. Supplementary Table 2: in the small world
network, we increase the value of 𝑝 and show the discrimina-
tion of degree, 2-order degree, and 4-order degree, with the
number of nodes 𝑛 and initial connection edges 𝑑 changing
over 54 cases.
Supplementary 3. Supplementary Table 3: in the undirected
scale-free network, the discrimination results of various
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cases.
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Big data has been studied extensively in recent years. With the increase in data size, data quality becomes a priority. Evaluation of
data quality is important for data management, which influences data analysis and decision making. Data validity is an important
aspect of data quality evaluation. Based on 3V properties of big data, dimensions that have a major influence on data validity in
a big data environment are analyzed. Each data validity dimension is analyzed qualitatively using medium logic. The measuring
of medium truth degree is used to propose models to measure single and multiple dimensions of big data validity. The validity
evaluation method based on medium logic is more reasonable and scientific than general methods.

1. Introduction

Big data has been studied extensively in recent years and
several investigations have focused on the big data pheno-
menon[1–7]. The top international journals ‘Nature’[8] and
‘Science’[9], respectively, in 2008 and 2011, took ‘big data’ and
‘dealing with data’ as the topic, which made people explore
the enthusiasm of big data. However, there is no universal
definition of big data in academia. In a literal sense, the most
fundamental nature of big data lies in the large data size,
but it also involves a high degree of complexity associated
with data collection, management, and processing. The “big”
of big data is mainly reflected in three aspects [10–12]: (1)
data volume is large (Volume); (2) the complexity of data
type is high (Variety); (3) data flow, especially the generation
of information flow in Internet, is fast (Velocity). The 3V
properties have now been widely accepted to describe big
data. Some people will also express the potential huge value
of Value into it, so that 3V is extended to 4V.

Although big data is valuable, it is a challenge to unlock
the potential from the large amount of data [13]. High quality
is a prerequisite for unlocking big data potential since only a
high-quality big data environment yields implicit, accurate,
and useful information that helps make correct decisions.
Even state-of-the-art data analysis tools cannot extract useful
information from an environment fraught with “rubbish” [14,

15]. However, it is difficult to maintain high quality because
big data is varied, complicated, and dynamic. This highlights
a need for the analysis and evaluation of big data quality while
constructing a high-quality big data environment.

Data quality involves many dimensions that include data
validity, timeliness, fuzziness, objectivity, usefulness, avail-
ability, user satisfaction, ease of use, and understandability.
Data validity is particularly important in the evaluation of
data quality. It is a priority due to the massive data size,
increased demand for data processing, and broad variety
of data types. However, few studies have been done on the
evaluation of data validity[16, 17]. Wei Meng proposed to
measure data validity using the update frequency [18]. Update
frequency of date is a dimension of the quality of data. How-
ever, this dimension reflects the novelty of the data rather
than the validity. Qingyun et al. proposed to evaluate data
validity by formulating a constraint in the dataset [19]. The
constraint of evaluating data validity is whether it is in a range
compliant with the truth or not. This constraint is one of the
dimensions of data validity, but it is not comprehensive. In
[20], Jie et al. proposed to devise constraints using three rules
(i.e., static, transaction, and dynamic) and they evaluated data
validity by measuring the degree to which the rules were
satisfied. The method for data validity evaluation varies with
the application. It focused on the restricting rules on GIS, but
it is too special and it is not general. Moreover, due to the
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special attributes of big data, these methods are not entirely
suitable for big data. To the best of our knowledge, there is no
method for qualitative and quantitative analysis of big data
validity.

In this paper, first, we comprehensively analyze dimen-
sions that have a major influence on data validity based on
the 3V properties of big data. Data validity refers to the level
of need that users or enterprise have for data. Completeness,
correctness, and compatibility are particularly serious in a
big data environment and become the primary factors that
affect data validity. Hence, big data validity ismeasured in this
paper from the perspectives of completeness, correctness, and
compatibility. It is used to indicate whether data meets the
user-defined condition or falls within a user-defined range.
Next, a qualitative analysis of each dimension of data validity
is performed using medium logic. Finally, the measure of
medium truth degree (MMTD) is used to propose models to
measure single and multiple dimensions of big data validity.
Our Model for measuring one dimension of big data validity
is based on medium logic. Logical correctness ensures that
the evaluation results are more reasonable and scientific.

2. Overview of Medium Mathematics Systems

Medium principle was established by Wujia Zhu and Xi’an
Xiao in 1980s who devised medium logic tools [21] to build
the medium mathematics system, the corner stone of which
is medium axiomatic sets [22].

2.1. Notations for Medium Mathematics Systems. In medium
mathematics system [21], predicate (concept or property)
is represented by P; any variable is denoted as x, with x
completely possessing property P being described as P(x).
The “j”symbol stands for inverse opposite negative and it is
termed as “opposite to”. The inverse opposite of predicate is
denoted asjP.Then the concept of a pair of inverse opposite
is represented by both P and jP. Symbol “∼”denotes fuzzy
negative which reflects the medium state of “either or” or
“both this and that” in opposite transition process. The fuzzy
negative profoundly reflects fuzziness; “≺” is a truth-value
degree connective which describes the difference between
two propositions.

2.2. Measuring of Medium Truth Degree

2.2.1.Measuring of IndividualMediumTruthDegree. Accord-
ing to the concept of super state[23], the numerical value
area of generally applicable quantification is divided into five
areas corresponding to the predicted truth scale, namelyj+P,
jP, ∼P, P, and +P. In “true” numerical value area T, 𝛼T
is 𝜀T standard scale of predication P; In “false” numerical
value area F, 𝛼Fis 𝜀F standard scale of predicate jP. f(x)
is an arbitrary numeric function of variable x. According
to the numeric interval of f(x), the distance ratio function
h𝑇(or h𝐹) which can scale the individual truth degree is
defined. Adopting the concept of distance and using length
of numerical value interval to different predicate truth as
norm, the distance ratio function is defined, and from this

the individual truth degree function is established as follows
[23].

For f(X)→R and y= f(x) ∈f(X), the distance ratio h𝑇(y)
which relates to P is

ℎ𝑇 (𝑦)

=

{{{{{{{{{{{{{{
{{{{{{{{{{{{{{
{

−𝑑 (𝑦, 𝛼𝐹 − 𝜀𝐹)
𝑑 (𝛼𝑇 − 𝜀𝑇, 𝛼𝐹 − 𝜀𝐹)

𝑦 < 𝛼𝐹 − 𝜀𝐹
0 𝛼𝐹 − 𝜀𝐹 ≤ 𝑦 ≤ 𝛼𝐹 + 𝜀𝐹

𝑑 (𝑦, 𝛼𝐹 + 𝜀𝐹)
𝑑 (𝛼𝑇 − 𝜀𝑇, 𝛼𝐹 + 𝜀𝐹)

𝛼𝐹 + 𝜀𝐹 < 𝑦 < 𝛼𝑇 − 𝜀𝑇
1 𝛼𝑇 − 𝜀𝑇 ≤ 𝑦 ≤ 𝛼𝑇 + 𝜀𝑇

𝑑 (𝑦, 𝛼𝐹 + 𝜀𝐹)
𝑑 (𝛼𝑇 + 𝜀𝑇, 𝛼𝐹 + 𝜀𝐹)

𝑦 > 𝛼𝑇 + 𝜀𝑇.

(1)

For f(X)→R and y= f(x) ∈f(X), the distance ratio h𝐹(y)
which relates to jP is

ℎ𝐹 (𝑦)

=

{{{{{{{{{{{{{{
{{{{{{{{{{{{{{
{

−𝑑 (𝑦, 𝛼𝑇 + 𝜀𝑇)
𝑑 (𝛼𝑇 + 𝜀𝑇, 𝛼𝐹 + 𝜀𝐹)

𝑦 > 𝛼𝑇 + 𝜀𝑇
0 𝛼𝑇 − 𝜀𝑇 ≤ 𝑦 ≤ 𝛼𝑇 + 𝜀𝑇

𝑑 (𝑦, 𝛼𝑇 − 𝜀𝑇)
𝑑 (𝛼𝑇 − 𝜀𝑇, 𝛼𝐹 + 𝜀𝐹)

𝛼𝐹 + 𝜀𝐹 < 𝑦 < 𝛼𝑇 − 𝜀𝑇
1 𝛼𝐹 − 𝜀𝐹 ≤ 𝑦 ≤ 𝛼𝐹 + 𝜀𝐹

𝑑 (𝑦, 𝛼𝑇 − 𝜀𝑇)
𝑑 (𝛼𝑇 − 𝜀𝑇, 𝛼𝐹 − 𝜀𝐹)

𝑦 > 𝛼𝐹 − 𝜀𝐹

(2)

where d(a,b) is the Euclidean distance.
The bigger the value of h𝑇(y) is, the higher the individual

truth degree related to P is. The bigger the value of h𝐹(y) is,
the higher the individual truth degree related to jP is.

2.2.2. Measuring of Set Medium Truth Degree. f:X→R𝑛 is
the n-dimensional numerical mapping of the set X. The
measuring of truth scale of disperse set X which relates to
P (or jP) can be scaled by the additivity of the truth scale
[23, 24]ℎ𝑛𝑇−𝑆(𝑦𝑖) (or ℎ𝑛𝐹−𝑆(𝑦𝑖)) and the average additivity of
the truth scale [23, 24]ℎ𝑛𝑇−𝑀(𝑦𝑖) (orℎ𝑛𝐹−𝑀(𝑦𝑖)) of set which
relates to P (or jP).

When 𝑦𝑖 = (𝑓1(𝑥𝑖), 𝑓2(𝑥𝑖), . . . , 𝑓𝑛(𝑥𝑖)) = (𝑦𝑖1, 𝑦𝑖2, . . . ,
𝑦𝑖𝑛) ∈ 𝑓(𝑋), the additivity of the truth degree of disperse set
X which relates to P is

ℎ𝑛𝑇−𝑆 (𝑦𝑖) =
𝑛

∑
𝑘=1

(ℎ𝑇 (𝑦𝑖𝑘)) . (3)

The average additivity of the truth degree of disperse set
X which relates to P is

ℎ𝑛𝑇−𝑀 (𝑦𝑖) =
1
𝑛
𝑛

∑
𝑘=1

(ℎ𝑇 (𝑦𝑖𝑘)) . (4)
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The additivity of the truth degree of disperse set X which
relates to jP is

hnF−S (yi) =
n
∑
k=1
(hF (yik)) . (5)

The average additivity of the truth degree of disperse set
X which relates to jP is

ℎ𝑛𝐹−𝑀 (𝑦𝑖) =
1
𝑛
𝑛

∑
𝑘=1

(ℎ𝐹 (𝑦𝑖𝑘)) . (6)

3. Qualitative Analysis of Big Data Validity

Data validity refers to the degree of data demand for users or
enterprises. It is used to describe whether data satisfies user-
defined conditions or falls within a user-defined range.

3.1. Selection of Dimension for Big Data Validity Evaluation.
A large amount of incompatible data is generated due to the
3V properties of big data. Furthermore, data correctness and
completeness can be compromised during generation, trans-
mission, and processing. These problems are particularly
serious in a big data environment and become the primary
factors that affect data validity. Hence, big data validity is
measured in this paper from the perspectives of complete-
ness, correctness, and compatibility.

3.2. Dimensions of Big Data Validity

3.2.1. Data Completeness. In Cihai (an encyclopedia of the
Chinese language), completeness refers to the state where
components or parts are maintained without being damaged.
In the Collins English Dictionary and Oxford Dictionary,
completeness is defined as the state including all the parts,
etc., that are necessary: whole. In the 21stCenturyUnabridged
English-Chinese Dictionary, completeness means including
all parts, details, facts, etc. and with nothing missing.

A universal definition of big data completeness is lacking.
In the context of a specific application, big data completeness
can be defined as follows.

Definition 1. If data has n properties and each property has
all necessary parts, it is regarded as complete. Otherwise, it is
incomplete.

Definition 2. Completeness refers to the degree to which data
is complete. It is denoted by C1.

Let R1,R2,. . .Rn denote the n data properties and V(Ri)
denote the completeness of property Ri. Note that Ri has dif-
ferent forms for different applications. For example, the com-
pleteness of a property is zero if the property value is missing
for some data, and 1 otherwise. Hence, Ri can be defined as

V (Ri) =
{
{
{

0, Ri missing

1, Ri exists.
(7)

The importance of each data property varies with the
application. Let 𝑤1, 𝑤2 . . . 𝑤𝑛denote the weights for n prop-
erties in an application, where

n
∑
i=1
wi = 1. (8)

Consider data with n properties; its completeness is
computed as the weighted sum of the completeness of all its
properties.

C1 =
n
∑
i=1
V (Ri) × wi. (9)

3.2.2. Data Correctness. In Cihai, correctness refers to com-
pliance with truth, law, convention, and standard, contrary
to “wrongness”. In the Collins EnglishDictionary andOxford
Dictionary, correctness is defined as accurate or true, without
any mistakes. In the 21st Century Unabridged English-
ChineseDictionary, completenessmeans accurate, compliant
with truth, and having no mistakes.

Currently, there is no universal definition for data correct-
ness in the field of big data. Whether data is correct and the
degree to which data is correct are defined as follows from the
perspective of the application.

Definition 3. Consider data with n properties. If each prop-
erty is compliant with a recognized standard or truth, it is
regarded as correct. Otherwise, it is incorrect.

Definition 4. Correctness refers to the degree to which data
is correct. It is denoted by C2.

Let R1,R2,. . .Rn denote the n data properties and Z(Ri)
denote the correctness of property Ri. If the value of Ri is
in a range compliant with the truth, the correctness of this
property is 1. Otherwise, it is 0. The correctness of the pro-
perty, Z(Ri), is defined as

Z (Ri) =
{
{
{

1, Ri ∈ dom (Ri)
0, Ri ∉ dom (Ri)

where dom (Ri) denotes the range of Ri.

(10)

Data correctness C2 is computed as the weighted sum of
each property:

C2 =
n
∑
i=1
Z (Ri) × wi (11)

where𝑤𝑖 denotes the weight of each property in the appli-
cation and satisfies (8).

3.2.3. Data Compatibility. In Cihai, compatibility refers to
coexistence without causing problems. In the 21st Cen-
tury Unabridged English-Chinese Dictionary, compatibility
means that ideas, methods, or things can be used together. In
the case of big data, data compatibility is defined as follows.
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XML data
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Figure 1: Data types in a big data environment.

Definition 5. If a group of data is of the same type and
describes the same object consistently, the data is regarded as
compatible with one another; otherwise, it is mutually exclu-
sive.

Definition 6. Compatibility C3 refers to the degree to which
a group of data is compatible with one another. Compatibility
C3 is defined as

C3 = 1 − dt
da

(12)

where 𝑑𝑎 denotes the total amount of data in the group and
𝑑𝑡 denotes the amount of incompatible data in the group.

4. Medium Truth Degree-Based Model for
Measuring Big Data Validity

4.1. Data Normalization. Data variety is a significant aspect
of big data. In addition to traditional structured data, a large
amount of nonstructured and semistructured data has been
generated by advances in the Internet and the Internet of
Things (IoT). Examples include website data, sensed data,
audio data, image data, and signal data, as shown in Figure 1.
While this enriches content, it is more challenging to store,
analyze, and evaluate data. Data needs to be normalized
before appropriately evaluating big data validity.

Structured and nonstructured data in a big data environ-
ment have different content, forms, and structures, so they
cannot be managed uniformly. Hence, a data model needs
to be developed to provide a uniform description of both
structured and nonstructured data.

Based on [25], a tetrahedron data model is proposed for
nonstructured data. The proposed model consists of four
parts: basic property, semantic feature, bottom-layer feature,
and original document. In order to process structured and
nonstructured data uniformly, a new part of data type is
introduced to describe document type. Consider an audio
document as an example of nonstructured data. Its document
type belongs to audio document. Its basic property includes
document name and intuitive information on document size

and creation time. Its semantic feature is the information in
the document. The bottom-layer feature is audio frequency
and bandwidth. As for structured data, it does not have a
basic property, semantic feature, or bottom-layer feature. It is
thus directly stored in the original document. Semistructured
data like an XML document has some structured data, which
is dynamic. Hence, it is difficult to store these data by
constructing a mapping table. Fortunately, these data can be
extracted to form a string, enabling them to be stored in the
database like structured data.

In this manner, structured and nonstructured data can be
stored in the database uniformly. For nonstructured data like
an image, the content can be analyzed using a description of
the image in terms of the basic property, semantic feature, and
bottom-layer feature. Structured and semistructured data can
be analyzed directly.

4.2. Determination of Logical Predicate and True-Value Range

4.2.1. Determination of Logical Predicate. In order to evaluate
data completeness, correctness, and compatibility, let the
predicate W denote the high degree, jW low degree, and
transition ∼W.The correspondence between numerical range
and predicates is shown in Figure 2.

4.2.2. Determination of Logical Interval. Weights need to be
allocated to the completeness and correctness of data in
an application. Data usefulness will not be compromised as
long as the major property exists, even if the subordinate
property is missing. Based on the proportions of major and
subordinate properties, values A and B are computed as
follows:

B =
𝑚

∑
i=1
𝑤𝑖

𝐴 = 1 − 𝐵
(13)

where 𝑤𝑖 denotes weight and m denotes the largest weight
of subordinate properties. Assume that the weights of n
properties are sorted in descending order as follows: 𝑤1 ≤
𝑤2 ≤ ⋅ ⋅ ⋅ ≤ 𝑤𝑚 ≤ 𝑤𝑚+1 ⋅ ⋅ ⋅ ≤ 𝑤𝑛, where 𝑤1,. . .,𝑤𝑚 denote
weights of subordinate properties and 𝑤𝑚+1,. . . , 𝑤𝑛 denote
weights of major properties. The value of m is determined
as follows. Sort all weights and compute the sum of weights
starting with the smallest weight 𝑤1until the sum of weights
is no larger than the weight 𝑤𝑚+1, as shown in

𝑚

∑
i=1
𝑤𝑖 ≤ 𝑤𝑚+1. (14)

4.3. Model for Measuring One Dimension of Big Data Validity.
The weight of each property in each dimension of the data
is first determined to obtain the correspondence between the
numerical range of one dimension and the logical predicates:
high degree, low degree, and transition, as shown in Figure 2.
Thedistance ratio functionℎ𝑇(𝐶)with respect toW is selected
as the model to measure completeness:
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jW ∼W W

f(C)

Figure 2: Correspondence between numerical range and predicates.

ℎ𝑇 (𝐶) =
{{{{
{{{{
{

0 𝑓 (𝐶) ≤ 𝐵
𝑓 (𝐶) − 𝐵
𝐴 − 𝐵 𝐵 < 𝑓 (𝐶) < 𝐴

1 𝑓 (𝐶) ≥ 𝐴

(15)

where f(C) is defined as in (9), (11), and (12). Use the
completeness measuring model as an example for the anal-
ysis. f(C) in (15) is C1 in (9) and the completeness measuring
model is ℎ𝑇(𝐶1). If the value of data completeness is in the
false range (low degree of logic truthjW), the value of data
completeness is 0 and means that data is missing. If the value
of data completeness is in the true range (high degree of
logic truthW), the value of data completeness is 1 and means
that data is complete. If the value of data completeness is
in the transition range (medium degree of logic truth ∼W),
the value of data completeness is between 0 and 1; closer to
1 means more complete data, and closer to 0 means more
missing data.

The model for measuring data correctness or compatibil-
ity is similar to themodel for completeness.Themodel meas-
ures data correctness ℎ𝑇(𝐶2) when f(C) in (15) is C2 in (11)
and measures data compatibility ℎ𝑇(𝐶3) when f(C) in (15) is
C3 in (12).

4.4. MultidimensionModel for Measuring the Integrated Value
of Big Data Validity. For a set of K data, completeness and
correctness can be measured by the average additive truth
scales h𝑘𝑇−𝑀(C1) and h𝑘𝑇−𝑀(C2) which are defined as

ℎ𝑘𝑇−𝑀 (𝐶1) =
∑𝐾
𝑖=1
ℎ𝑇 (𝐶1 (𝑖))
𝐾

ℎ𝑘𝑇−𝑀 (𝐶2) =
∑𝐾
𝑖=1
ℎ𝑇 (𝐶2 (𝑖))
𝐾

(16)

where C1(i) and C2(i) denote completeness and correct-
ness for each element in the data set, as defined in (9) and
(11).

For a data set in a big data application, the integrated
value of data validity can bemeasured by the weighted sum of
metric values for each dimension.Hence, an integratedmulti-
dimension model H for measuring data validity in a big data
application is

𝐻 = ℎ𝑘𝑇−𝑀 (𝐶1) × 𝑊 (𝐶1) + ℎ𝑘𝑇−𝑀 (𝐶2) × 𝑊 (𝐶2)
+ ℎ𝑇 (𝐶3) × 𝑊 (𝐶3)

(17)

where ℎ𝑘𝑇−𝑀(𝐶1), ℎ𝑘𝑇−𝑀(𝐶2), and ℎ𝑇(𝐶3) denote com-
pleteness, correctness, and compatibility, respectively, and
𝑊(𝐶1),𝑊(𝐶2),𝑊(𝐶3) denote the weights of completeness,

correctness, and compatibility, respectively, according to
certain application. Thus, we have

𝑊(𝐶1) +𝑊 (𝐶2) +𝑊 (𝐶3) = 1. (18)

Compared with the tetrahedron evaluation models, the
two models have both similarities and differences. The idea
of the multidimensionmodel for measuring data validity in a
big data application in this paper (17) is similar to the tetrahe-
dron evaluationmodels, but the difference between these two
models lies in the measuring of each dimension. Our model
for measuring one dimension of big data validity is based on
medium logic. Logical correctness ensures that the evaluation
results are more reasonable and scientific.

5. Conclusions

Mediummathematics systems are introduced for the evalua-
tion of big data validity. A medium logic-based data validity
evaluation method is proposed. The contributions of this
paper are as follows: (1) Based on the 3V properties of big
data, dimensions that have a major influence on data validity
are determined. (2) Data completeness, correctness, and
compatibility are defined. (3) A medium truth degree-based
model is proposed to measure each dimension of data valid-
ity. (4)Amedium truth degree-based multidimension model
is proposed to measure the integrated value of data validity.
In the future, other factors that influence big data quality will
be studied and corresponding measurement models will be
developed.
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