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�e prediction of the future has fascinated the human being
since its early existence. Actually, many of these e�orts can
be noticed in everyday events such as energy management,
telecommunications, pollution, bioinformatics, and seismol-
ogy and, obviously, in neuroscience. Accurate predictions
are essential in economic activities as remarkable forecasting
errors in certain areas may involve large loss of money.

In this context, the successful analysis of temporal data
has been a challenging task for many researchers during
the last decades and, indeed, it is di	cult to 
gure out any
scienti
c branch with no time-dependent variables.

Computational intelligence is known for including pow-
erful techniques such as arti
cial neural networks, fuzzy
systems, evolutionary computation, learning theory, or prob-
abilistic methods. �us, this special issue has been focused
on the application of such techniques to time series. In
particular, the goal was sharing recent advances in time
series analysis and providing an interesting opportunity to
present and discuss the latest practical advances in real-world
applications.

Rigorous and extensive review processes have been car-
ried out. Papers selected for this special issue present new

ndings and insights in the 
eld of time series forecasting.
A broad range of topics has been discussed, especially in the
following areas: 
nances, tourism, feed grain demand, haze
episodes, stock price, or data storage.

Genetic algorithms have been developedwith binary cod-
ing to analyze high-speed trading research using price data of
stocks on themicroscopic level.�is problem is certainly new

and unexplored from computational intelligence techniques.
Reported results show that the system is able to improve the
accuracy for price movement forecasting, thus encouraging
conducting research in this direction.

Tourism demand forecasting has also been addressed by
means of seasonal trend autoregressive integrated moving
averages with dendritic neural networks. Data from Japan
are used to test the predictive performance of the proposed
model. �e model generates short-term predictions, a�er
applying SARIMA models to exclude the long-term linear
trend. �is study mixes linear and nonlinear models and
suggests that further analysis in the combination of such
techniques is desirable.

Likewise, a new irregular sampling estimation method
to extract the main trend of the time series has been
proposed. To achieve this, 
rst, the Kalman 
lter is used to
remove dirty data. Second, the cubic spline interpolation and
average method are used to reconstruct the main trend. �e
proposed approach has been applied to storage volume series
of Internet data center. Results are quite promising.

A novel hybrid arti
cial intelligent system has been
proposed to forecast stock price index trend. In particular,
arti
cial neural networks combined with genetic algorithms
have been applied to data from�ailand’s SET50 index trend,
from years 2009 to 2014. Multiple features and di�erent time
spans have been considered. Comparisons to other methods
con
rm the success of this novel methodology.

�e long-term prediction of feed grain demand issue
has been extensively discussed. A multivariate regression
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model along with a dynamic forecasting model has been
introduced. Firstly, the correlation between the demand and
its in�uence factors are studied and, secondly, changes in
trend in factors a�ecting the demand are forecasted. Reported
results corroborate the e�ectiveness of the methodology.

A novel long-term prediction model for Beijing haze
episodes has been introduced. �e authors have built a
dynamic structural measurement model of daily haze incre-
ment and have reduced the model to a vector autoregressive
model. Such model performs satisfactorily on next day’s air
quality index forecasting, reaching in many cases an accurate
rate close to 90%. �erefore, sudden haze burst could be
predicted with this method.
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The advancement of information technology in financial applications nowadays have led to fast market-driven events that prompt
flash decision-making and actions issued by computer algorithms. As a result, today’s markets experience intense activity in
the highly dynamic environment where trading systems respond to others at a much faster pace than before. This new breed
of technology involves the implementation of high-speed trading strategies which generate significant portion of activity in the
financial markets and present researchers with a wealth of information not available in traditional low-speed trading environments.
In this study, we aim at developing feasible computational intelligence methodologies, particularly genetic algorithms (GA), to
shed light on high-speed trading research using price data of stocks on the microscopic level. Our empirical results show that the
proposed GA-based system is able to improve the accuracy of the prediction significantly for price movement, and we expect this
GA-based methodology to advance the current state of research for high-speed trading and other relevant financial applications.

1. Introduction

Theadvances of information technology andbig data research
in finance have led to an ever increasing pace to market-
driven events and information that prompt decision-making
and actions by computerized high-speed trading strategies.
Speed has become more important to traders in financial
markets because faster trading may bring about more profit
opportunities, which appears to drive an arms race among
traders to utilize high-speed trading technology for an edge
over others. The net result is that today’s markets experience
intense activity in the highly dynamic environment of sec-
onds or only a little fraction of seconds, where trading algo-
rithms respond to others at a pace much faster than it would
take for human traders to blink. This new breed of trading
technology and platform involves the implementation of low-
latency, high-speed trading strategies and has now resulted in
remarkable portion of activities in the financial markets [1].

The time series data in high-speed trading ranges from
the granular data of stock transactions at regular intervals
of several seconds to the price data irregularly spaced with

quotes arriving randomly at intervals of a fraction of seconds,
which is mostly referred to as high-frequency trading (HFT).
Over the past years, high-speed/frequency trading has been
playing an important role in global financial markets due to
the massive increases recently in trading volumes by such
strategies. HFT has accounted for about 40% of all equity
trades in the European market in 2009 [2]. As of 2013, it
is reported that HFT activities accounted for 49% trading
volume in the American equity markets [3]. More recently,
the technologies of HFT have also been diffusing into the
financial markets worldwide, including Asia [3].

In high-speed trading research, the process of price for-
mation in market microstructure generally produces large
amount of data in relatively short periods of time. The sheer
volume of trading data generated in such environments pro-
vides plenty of resources for modeling and decision-making
in big data research for financial applications. Recent micro-
structure research and advances in econometric modeling
have facilitated an understanding of the characteristics of
high-speed data [4]. In Taiwan, the Taiwan Stock Exchange
(TWSE) is the major platform for stock trading in which
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transactions of various stocks typically occur at regular
intervals of five seconds. In this study, we thus aim to develop
novel methodology to shed light on the research in the
context of high-speed trading.

In the past decades, there have been a number of com-
putational intelligence (CI) approaches studied for financial
applications due to its significant impact on the human
society, ranging from fuzzy systems, artificial neural networks
(ANNs), support vector machines (SVMs), and evolutionary
algorithms (EAs) [5] to hybrid and ensemble models, along
with other approaches [6]. These studies encompass a wide
range of applications, including abnormal noise and fraud
detection [7, 8], arbitrage [9, 10], bankruptcy detection [11,
12], financial forecasting [13–15], and portfolio optimization
[16–18].

Although there exist many aforementioned CI methods
developed for solving various financial problems, a recent
survey by Aguilar-Rivera et al. [19] indicated that genetic
algorithms (GA, a branch of evolutionary algorithms) have
remained one of the most popular approaches in the CI liter-
ature for financial research and applications. Among several
major financial areas for CI studies, forecasting is a subject
that has been extensively investigated. Typically, it consists
of the estimation of future values or trends of investment
vehicles for relevant decision-making and investment action.
Although perfect prediction is not possible, several GA-based
methods have been developed to improve the accuracy of
prediction. In these works, the GA techniques have been
employed mainly for the optimization task in the proposed
models. For instance, Kim and Han [20] proposed a GA
approach to the discretization of continuous variables and the
determination of optimal range for the connection weights of
the ANNs to predict the stock price index. They suggested
that their approach was able to reduce the numbers of
attributes and the performance of forecasting was improved.
In [14], Araújo and Ferreira proposed the GAs to search
for optimal linear filters in forecasting applications. By com-
paring against several other models, they showed that their
proposed GA-based models outperformed the benchmarks.

In addition to theGA-basedmethods, the class of Genetic
Programming (GP) has been used for similar forecasting
tasks, as well. For example, Shao et al. [21] proposed an im-
proved GP-based financial forecasting tool for EDDIE (Evo-
lutionary Dynamic Data Investment Evaluator [22]), which
provided a new version of grammar to increase the search
space for decision trees. In this work, a guided local search
along with hill climbing was also employed to assist EDDIE
with the optimization task for the rules and the forecasting
time horizons. The proposed method was then tested against
several financial time series and it was reported that the
method was able to improve the previous version of the
EDDIE for financial forecasting.

Recently, the methods of estimation of distribution algo-
rithms (EDAs) have been studied in the area of evolutionary
computation for several research problems. For financial
prediction, for instance, Peralta Donate and Cortez [23]
developed a NN-based forecasting approach in which a
univariate marginal distribution algorithm (UMDA) was
proposed for the optimization task. In this method, the best

half of the current population is selected to form a portion
of the new population whereas the remaining individuals
are generated by the probability distribution computed by
the method. Using the time series data of the Dow Jones
Industrial Average, the authors compared their method with
the ARIMAmodels, random forest, echo state networks, and
SVMs and showed that their method was able to attain lower
mean-squared error than others.

In addition to the EA studies discussed thus far, various
types of GA-based methodologies have been developed for
financial research and applications, and an extended survey is
provided in [19]. However, since the advanced IT technology
for fast trading platforms has been made available to public
just recently, high-speed trading is still a relatively new
subject to CI researchers. In particular, to the best of our
knowledge, the existing major CI research has provided
forecasting techniques based on the information extracted
from regular, macroscopic prices, for example, daily price of
a stock. In contrast, in the context of high-speed trading, the
microscopic price structures are more important because the
formation of the actual transaction price typically resulted
from different auction prices on themicroscopic level.There-
fore, these microstructures shall provide more information
than macrostructures for price forecasting. By this rationale,
in this study, we thus aim to develop a CI-basedmethodology
to tackle the forecasting task for high-speed trading. Since the
review by Aguilar-Rivera et al. [19] indicates that the class of
GA is one of the most popular approaches in CI literature for
financial applications, our goal is thus to bring about a novel
GA methodology to shed light on this relatively unexplored
area for CI research. As our experimental results show later,
using themicroscopic price data from the call auctionmarket,
the methodology we proposed is indeed more effective than
conventional approaches for forecasting in the context of
high-speed trading.

To sum up, the overall proposed methodology in this
study is to offer feasible models for the real-world high-speed
trading applications. Our objective is to advance the current
state of the research for the class of CI-based search algo-
rithms particularly tailored for forecasting in the high-speed
trading environment, in order to further our understanding
of the complex characteristics in stock market and the
applicability of the CI-based algorithms to such problems.

2. Materials and Methods

Currently, in the call auction market of Taiwan, the transac-
tion prices of a stock, both the best five bid and ask prices,
and their sizes are available to all market participants. In this
work, we propose to use these publically available micro-
scopic data to construct intelligent models for price forecast-
ing. Before delving into the details of themethods studied, we
provide the financial background for the call auction market
first.

2.1. Trading Mechanism of the Call Auction Stock Market in
Taiwan. In the Taiwan Stock Exchange (TWSE), the execu-
tion prices of stock trading during regular trading sessions are
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Table 1: Bid and ask quotes before matching (price in NT$ and volume in Lots).

Cumulative bid volume Bid volume Price Ask volume Cumulative ask volume
162 162 107.00 94 311
162 106.50 25 217
185 23 106.00 20 192
195 10 105.50 15 172
195 105.00 46 157
252 57 104.50 55 111
252 104.00 20 56
282 30 103.50 13 36
282 103.00 3 23
381 99 102.50 20
381 102.00 20
403 22 101.50 20
408 5 ∼∼∼ 20
441 33 93.00 20 20

Table 2: Remaining unexecuted orders after matching.

Cumulative bid volume Bid volume Price Ask volume Cumulative ask volume
107.00 94 119
106.50 25 32
106.00 7 7

10 10 105.50
10 105.00
67 57 104.50
67 104.00
97 30 103.50
97 103.00
196 99 102.50
196 102.00
218 22 101.50
223 5 ∼∼∼
256 33 93.00

determined by the periodic call auction principles (http://
www.twse.com.tw/en/products/trading rules/mechanism01
.php#2). Orders are collected over a specified period of time
(the current period is five seconds per auction), which will be
matched at the end of that period using the following rules:

(1) Orders are first matched according to their price
priority.

(2) If the orders are of the same price, they will be
matched according to their time priority.

(3) For each call auction, an execution price is selected for
the greatest number of orders to be executed.

In this auction system, right after the end of each
matching period, a set of information is disclosed to the
public, including the execution price and volume and the
prices and volumes of both the five highest unexecuted bid
quotes and the five lowest unexecuted ask quotes. As a result,
the five best bid/ask prices and volumes observed by the

public are for unexecuted orders in the prior call auction.
The unexecuted orders, together with the new, subsequent
orders from the investors will then enter into the system to
participate in the next call auction. For illustration, Table 1
shows an example of bid and ask quotes prior to matching.

For this example, using the call auction rule for the price
that enables the largest volume of orders to be executed, the
system then determines the execution price to be 106.00, and
185 lots in total are executed at that price. The results for
the remaining unexecuted bid and ask quotes are shown in
Table 2.

Table 3 shows the disclosure of the five best unexecuted
bid and ask quote prices/volumes after matching. Together
with the disclosed execution price and volume, the unex-
ecuted bid prices and volumes that are disclosed include
NT$105.50, 10 lots; NT$104.50, 57 lots; NT$103.50, 30 lots;
NT$102.50, 99 lots; NT$101.50, 22 lots. And the unexecuted
ask prices and volumes that are disclosed are NT$107.00, 94
lots; NT$106.50, 25 lots; NT$106.00, 7 lots.

http://www.twse.com.tw/en/products/trading_rules/mechanism01.php#2
http://www.twse.com.tw/en/products/trading_rules/mechanism01.php#2
http://www.twse.com.tw/en/products/trading_rules/mechanism01.php#2
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Table 3: Disclosure of information after matching.

Five best unexecuted quotes
Bid price Bid volume Ask price Ask volume

107.00 94
106.50 25
106.00 7

105.50 10
104.50 57
103.50 30
102.50 99
101.50 22

2.2. Stock Price Forecasting in the Call Auction Market. In
the call auction market, the disclosed bid quotes contain the
five highest prices and corresponding volumes for sale of the
stock, and the disclosed ask quotes contain the five lowest
prices and corresponding volumes for buying it. Intuitively,
these bid and ask orders indicate the extent of demand and
supply for a stock, respectively, whichmay be used to forecast
the pricemovement in the future because the price tends to go
up (or down) if the demand is more (or less) than the supply.
In this paper, using the disclosed information, we thus intend
to propose an intelligent GA-based system for the forecasting
task of stock price.

In this section, we provide descriptions for several meth-
odologies employed for this study: a rule-based forecasting
method, two regression-based methods, and our proposed
GA-based methods.

2.2.1. Rule-Based Forecasting Models. As discussed in the
previous section, at the end of each call auction, the disclosed
information includes the execution price and volume and
the five best unexecuted prices and volumes of bid and ask
orders. According to the matching mechanism for the bid
and ask orders, the new execution price at the next call
shall be determined by the unexecuted orders at the current
call and the other continuous influx of new orders entering
into the system before the next call. Since the new coming
orders are not disclosed to the public, market participants can
only utilize the execution price and volume and the five best
unexecuted bid and ask quotes at the current call for price
prediction in the future. In order to predict the price at the
next call, Hu and Chan [24] proposed the following rule to
infer the imbalance in the order book.

Rule 1. “If a call reports both bid and ask and the transaction
price is equal to the bid (ask), then the transaction price of
the next call tends to go up (down).”

The rationale for this rule is that when the execution
(transaction) price is equal to the bid, there are certain buying
orders left unfulfilled; so these remaining demand ordersmay
push up the price in the future. Conversely, if the execution
(transaction) price is equal to the ask, there are some selling
orders left unfulfilled and these supply orders then tend to
push down the price.Therefore, Rule 1 may be used to predict

the movement direction of the transaction price at the next
call.

In addition to this method, we propose to study other
versions of more sophisticated models for the call auction
market. We describe the regression-based methods in the
next subsection.

2.2.2. Regression-Based Forecasting Models

(A) Linear Regression Models. Linear regression models have
been studied in several financial applications, including the
task of stock selection [25, 26] and the studies for the impact
of order imbalance in the call auction market [24, 27]. Since
themajor component of this study is concerning the forecast-
ing task under the call auctionmechanism, which is similar to
the ones in [24, 27] where the authors mainly used linear re-
gression methods for their studies, in this work, we thus also
propose to employ the linear regression models as follows.

Consider a given set 𝑆 with 𝑛 training instances {(𝑥1(𝑡),𝑦1(𝑡)), (𝑥2(𝑡), 𝑦2(𝑡)), . . . , (𝑥𝑛(𝑡), 𝑦𝑛(𝑡))} at time 𝑡. Each train-
ing instance𝑥𝑖(𝑡) serves as the input to generate a correspond-
ing output 𝑦𝑖(𝑡), for 𝑖 = 1, . . . , 𝑛. Using 𝛽 and 𝜀(𝑡) to denote
the regression coefficients and the error terms, respectively, a
linear regression model often takes the form𝑌 (𝑡) = 𝑋 (𝑡) 𝛽 + 𝜀 (𝑡) , (1)

where if 𝑝 is the input dimension,

𝑌 (𝑡) = (𝑦1 (𝑡)𝑦2 (𝑡)...𝑦𝑛 (𝑡)) ,
𝑋 (𝑡) = (

(
𝑥11 (𝑡) ⋅ ⋅ ⋅ 𝑥1𝑝 (𝑡)𝑥21 (𝑡) ⋅ ⋅ ⋅ 𝑥2𝑝 (𝑡)... d

...𝑥𝑛1 (𝑡) ⋅ ⋅ ⋅ 𝑥𝑛𝑝 (𝑡)
)
)

,
𝛽 = (𝛽1...𝛽𝑝),

𝜀 (𝑡) = (𝜀1 (𝑡)𝜀2 (𝑡)...𝜀𝑛 (𝑡)) .

(2)

In contrast to the simple rule-based forecasting method
in the previous subsection, a more sophisticated model can
be constructed through the linear regression model above. In
a nutshell, the transaction price of the next call may hinge on
the disclosed, best five ask (from the selling side) and best
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five bid (from the buying side) quotes which represent the
supply and demand pressure of the stock, respectively. In this
call auction market, here we designate each input variable to
be the product of the bid (or ask) price and corresponding
volume in order to model the degree of the buying (or
selling) strength at each particular price level. Thus, these ten
variables may be used as the inputs to the regression model
and the price of the stock at the next call may serve as the
output of the model. Therefore, once the regression model is
constructed, it can be used to predict the future price of the
stock as long as the values of the input variables are provided.

(B) Logistic Regression Models. The linear regression method
may be used to model continuous variables such as the
future stock price discussed above. However, other versions
of regressionmodels may be useful. For instance, if the goal is
to predict future price to go up or down, then a binary output
of the model may be more appropriate. In this case, a binary
logisticmodel is studied here as an alternative to linear regres-
sion, which is used to estimate the probability of the binary
response variable (price going up or down) based on the
same set of input variables in the last subsection. The logistic
regression model we use in this study works as follows.

Here, we consider again, in the previous subsection, the
given set 𝑆 with 𝑛 training instances {(𝑥1(𝑡), 𝑦1(𝑡)), (𝑥2(𝑡),𝑦2(𝑡)), . . . , (𝑥𝑛(𝑡), 𝑦𝑛(𝑡))} at time 𝑡. The logistic regression
employs a standard logistic function 𝑓(𝑥), which can be
defined as 𝑃 (𝑋) = 11 + 𝑒−(𝛽0+𝛽1𝑥1+⋅⋅⋅+𝛽𝑛𝑥𝑛) . (3)

Note that 𝑃(𝑋) is interpreted as the probability of the
dependent variable equal to one of the binary outcomes. In
this model, the 10 variables of best five ask and five bid quotes
and the binary response variable 𝑦 (price up or down at the
next call) are used to compute the logistic regression model.
Once the regression model is constructed, it can be used to
predict the direction of price change in the future as long
as the values of the input variables are provided. We will
describe how to use the linear and logistic regression models
for forecasting in Section 2.2.4.

2.2.3. GA-Based Forecasting Models. Genetic algorithms [28]
have been used as computational models of natural evolu-
tionary systems and as a class of adaptive algorithms for
solving optimization problems. GA operate on an evolving
population of artificial agents. Each agent is comprised of a
genotype (often a binary string) encoding a solution to some
problem and a phenotype (the solution itself). GA regularly
start with a population of randomly generated agents within
which solution candidates are embedded. In each iteration, a
new generation is created by applying crossover andmutation
to promising candidates selected according to probabilities
biased in favor of the relatively fit agents. As a result, evolution
occurs by iterated stochastic variation of genotypes and selec-
tion of the best phenotypes in an environment according to
how well the respective solution solves a problem. Successive
generations are created in the same manner until a well-
defined termination criterion is met. The core of this class of

algorithms lies in the production of new genetic structures
along the course of evolution, thereby providing innovations
to solutions for the problem at hand.The steps of a simple GA
are shown in the following.

Step 1. Randomly generate an initial population of l agents,
each being an 𝑛-bit genotype (chromosome).

Step 2. Evaluate each agent’s fitness.

Step 3. Repeat until l offspring have been created.

(a) Select a pair of parents for mating.
(b) Apply variation operators (crossover and mutation).

Step 4. Replace the current population with the new popula-
tion.

Step 5. Go to Step 2 until terminating condition.

The GA-based methods have been widely employed to
solve optimization problems and applications in computa-
tional finance and investment [19]. In this survey, the GA-
based methods have been shown to be very useful in stock
selection and portfolio optimization, as well as various types
of financial prediction. Motivated by these research results,
we intend to employ the GA to develop intelligent systems
for price forecasting in this study through the optimization
of parameters of the forecasting models that account for the
demand and supply of a stock. More specifically, we propose
to use the ten disclosed quotes (the best five bid and five ask
prices and volumes) of a stock as the inputs to the GA-based
model in order to predict the direction of future price move-
ment. Here, we define the extent of the bid strength (BS) and
ask strength (AS) of a stock at time 𝑡 as follows:

BS (𝑡) = 5∑
𝑖

𝑢𝑖𝑏𝑖 (𝑡) ;
AS (𝑡) = 5∑

𝑖

V𝑖𝑠𝑖 (𝑡) , (4)

where 𝑏𝑖(𝑡) and 𝑠𝑖(𝑡) denote the product of price and volume
(lots) for the 𝑖th bid and ask quote of the stock at time 𝑡,
respectively, and 𝑢𝑖 and V𝑖 denote the corresponding weight
for the 𝑖th bid and ask quote, respectively.

The difference between a stock’s demand (buying) and
supply (selling) power can then be defined as𝑥 (𝑡) = BS (𝑡) − AS (𝑡) . (5)

In this study, a prediction rule for the price movement
according to (5) can be proposed as follows: When the differ-
ence𝑥(𝑡) is positive (i.e., the demand ismore than the supply),
one predicts the price of the stock to go up in the future.
Conversely, it is predicted to go down if 𝑥(𝑡) is negative.

As an illustration, in Table 3, the disclosed unexecuted
bids include 10 lots of $105.50, 57 lots of $104.50, 30 lots of
NT$103.50, 99 lots of $102.50, and 22 lots of $101.50. These
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Figure 1: Chromosome encoding.

unexecuted bids represent the remaining demand force for
the stock where the higher the bid order is, intuitively, the
more likely it is to be matched with new ask orders in
the future. Conversely, for the unexecuted ask orders, they
remain as the supply force of the stock; and the lower an ask
order, the more likely it is to be matched with new bid orders.
Therefore, various levels of bid and ask quotes may have
different degree (weight) of impact on determining the final
transaction price at each call. In this study, we thus propose
the model by (4) and (5) to calculate the force that potentially
leads to the price change due to various levels of demand
and supply. The result can be then used as the prediction for
price movement of a stock (i.e., the prediction rule by (5)
mentioned above); and the corresponding forecasting perfor-
mance can be further evaluated by the precision measure in
(7) discussed later in the next subsection (Section 2.2.4).

In order to determine the weight for each price level of
bids and asks, we hereby propose theGA to search for optimal𝑢𝑖 and V𝑖’s as follows.

For the model studied here, we devise a chromosome
as two portions that encode the parameters 𝑢𝑖 and V𝑖, 𝑖 =1, . . . , 5, for the weight corresponding to the 𝑖th bid and ask
quotes, respectively. A binary coding scheme is used in this
study to represent a chromosome in the GA. For instance,
in Figure 1, loci 𝑏1𝑢𝑖 through 𝑏𝑛𝑢𝑖𝑢𝑖 , 𝑖 = 1, . . . , 5, represent the
encoding configuration for 𝑢𝑖; and loci 𝑏1V𝑖 through 𝑏𝑛V𝑖V𝑖 , 𝑖 =1, . . . , 5, represent the encoding for V𝑖, where 𝑛 represents the
bit length.

In our encoding scheme here, a chromosome represent-
ing the genotypes of parameters is to be transformed into
the phenotype by the following equation for further fitness
computation:

𝑦 = min𝑦 + 𝑑2𝑖 − 1 × (max𝑦 −min𝑦) , (6)

where 𝑦 is the corresponding phenotype for the particular
parameter; min𝑦 and max𝑦 are the minimum and maximum
values of the parameter; 𝑑 is the corresponding decimal value
(𝑑 being truncated to integers if the parameter is of integer
type), and 𝑙 is the length of the block used to encode the
parameter in the chromosome.

Once the GA is employed to search for optimal 𝑢𝑖’s and
V𝑖’s for any prespecified objective, these GA-basedmodels can
be used for the prediction of a stock price in the future. For
instance, as the new best five bid and ask quotes of a stock at
the current call aremade available to the public, the proposed
GA-based model can use this information to calculate the
difference between the demand and supply and further
predict whether the price would go up or down in the future.

2.2.4. Performance Measures and Forecasting Systems for
Comparison. In thiswork, the performance of the forecasting
system can be measured by the precision defined as

precision = TP
TP + FP

, (7)

where TP and FP denote the number of true positives and
false positives, respectively. In this study, we propose to
calculate true and false positives as follows:

“When a system predicts the price of a stock to go up
at some point in the future, and if the price indeed
goes up then, a true positive occurs; otherwise, it is a
false positive.”

Alternatively, the performance of a system may also be
evaluated by the accuracy metric defined as follows:

accuracy = TP + TN
TP + TN + FP + FN

, (8)

where TN and FN denote the number of true negatives and
false negatives, respectively, which can be defined as follows:

“When the stock price is predicted to go down at some
point in the future, and if the price indeed goes down
then, a true negative occurs; otherwise, it is a false
negative.”

In this study, we aremore interested in the task of predict-
ing the price to go up, so that one may make profit if a proper
buying strategy is employed using this prediction result.
Therefore, the major experimental results we present later in
the Results (Section 3) center around the precision perfor-
mance evaluated by (7). However, in the final portion of the
Results, we also present some results using the accuracy
metric by (8) for additional comparison of different systems,
which is used to show that our proposed system is effective
under both the precision and accuracy measures.

In addition, it is worthwhile to provide further discus-
sions concerning some pitfalls in the high-speed trading
context of the call auction market. In the stock market, there
are three cases for the price movement of a stock at any
moment in the future.

Case 1. The new price remains the same as the current one.

Case 2. The price goes up (i.e., the new price is higher than
the current one).

Case 3. The price goes down (i.e., the new price is lower than
the current one).

We notice that, in current Taiwan’s call auction market, a
stock’s transaction price tends to remain unchanged among
several consecutive calls. Thus, the distribution of the trans-
action price of a stock is typically skewed towardCase 1. As an
illustration, we consider the stock of the Taiwan Semiconduc-
torManufacturingCompany Limited (TSMC) from Sept./22/
2015 through Nov./24/2015. If the call auction system reports
that a transaction price is equal to the bid, then according
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to Section 2.2.1’s Rule 1, the next transaction price tends to
go up. We then inspect the real data under this condition
and observe that the corresponding transaction prices at next
calls actually consist of 41585, 14982, and 41 occurrences of
price going flat, up, and down between two consecutive calls,
respectively. As a result, if one designates the true positive
(TP) by Section 2.2.1’s forecasting rule to include both the flat
case (Case 1) and up case (Case 2), then the number of TPs is
raised up to 56567 and the precision is 0.99, so that the fore-
casting task (i.e., forecasting the price to remain the same or
go up) becomes trivial. However, if the flat cases are excluded
when computing TP, the resultant precision drops signifi-
cantly to 0.26 and the forecasting (i.e., forecasting the price
to only go up) would be difficult. Therefore, once the event
of price remaining unchanged between two consecutive calls
is excluded, the rate of correct prediction by Section 2.2.1’s
rule may drop significantly. As the experimental results show
later, this challenge will be substantial to several forecasting
methods in the call auction market studied here. Motivated
by this, we hereby intend to propose new systems in order to
improve the accuracy of prediction for themovement of stock
price in the high-speed call auction market.

In this study, we will conduct a comparative study on the
prediction performance for the aforementioned forecasting
systems as follows.

(i) System 1 (S1). The forecasting rule in Section 2.2.1 is used
to predict the price of a stock at the next call to go up (down)
if one observes that both bid and ask are reported and the
transaction price is equal to the bid (ask) at the current call.

(ii) System 2a (S2a). The linear regression model in
Section 2.2.2(A) is employed for this system. Using both the
disclosed five best bid and ask quotes at the current call as
the input to the regression model, the output of the model
then serves as the prediction of the price at the next call.

(iii) System 2b (S2b). The logistic regression model in
Section 2.2.2(B) is employed for this system. Again using
the 10 variables of both the five bid and five ask quotes at
the current call, the logistic regression model calculates the
probability of the price going up or down at the next call.
Here, we predict the price to go up if the probability is greater
than 0.5; otherwise, the price is predicted to go down.

(iv) System 3 (S3). The GA-based model in Section 2.2.3 is
employed for this system. The fitness function of a chromo-
some is defined as the precision by (7) or the accuracy by (8).
Once the GA is employed to search for the optimal parame-
ters for the models, the resultant models may be used for the
prediction of price movement of a stock in the future. There-
fore, both the disclosed five best bid and ask quotes at the
current call are used as the input to the model. If the model
detects that the demand of a stock is larger (less) than the
supply, it predicts the price to go up (down) at the next call.

(v) System 4 (S4).This system combines S1 and S3 to predict
the price in the future. The fitness function of a chromosome
is defined as the precision by (7) or the accuracy by (8).

Therefore, the disclosed five best bid and ask quotes at the
current call and the transaction price are used as the input to
the model. Intuitively, we expect the combination of the two
systems to improve either S1 or S3 alone and thus refine the
forecasting system. In addition, once the system detects that
the demand of a stock is larger than the supply, we expect the
stock’s price to go up at some point in the future, rather than
the next call. In this system, we thus propose to enrich the
encoding of the chromosome by including a few bits to search
for the optimal period for calculating the precision.

3. Results

In this section, we present experimental results for the five
systems described in Section 2.2.4. We use 10 stocks with
large market capitalization in the Taiwan Stock Exchange for
illustration, among which 5 are from the semiconductor and
electronics industry and the other 5 are from the financial
industry. These two industries are the two major ones in Tai-
wan and thus consist of a large portion of commercial activ-
ities in Taiwan. Therefore, we choose these 10 stocks in order
to provide more representative characteristics of Taiwan’s
stockmarket to examine our proposedmethods.The datasets
are made available to the public by the TWSE where the
transaction prices, five best bid and ask quotes, and trading
volumes are used to examine the performance of the systems.
Table 4 shows the 10 stocks used in this study. In this study, the
datasets were extracted from twoperiods of time (each period
accounts for the total of 30 trading days): (1) Sept./15/2015
through Nov./03/2015, during which time the value of the
Taiwan Stock Exchange CapitalizationWeighted Stock Index
(TSEC weighted index) went up from 8259.99 to 8713.19, and
that is a period of time the broad stock market is achieving
positive gain; (2) Dec./10/2015 through Jan./21/2016, during
which time theTSECweighted indexwent down from8216.17
to 7664.01, thus the broad stock market achieving negative
gain. The reason we selected these two periods of time is to
examine whether our proposed method would be generally
effective when the broad stock market makes either gains
(i.e., the market encounters favorable conditions) or losses
(i.e., the market faces adverse challenges). For each trading
day, the market opens from 9:00 am through 1:30 pm. The
transaction data is sampled per 5 seconds. Each sample
contains the information of ticker, transaction price, number
of transactions, volume, the best five ask and bid quotes, etc.

In order to examine the effectiveness of the systems stud-
ied, statistical validation is presented in this section.As shown
in Figure 2, we use the data of the first several days to train
the model, and the remaining data is used for testing. This
setup is to provide a set of temporal validations to examine
the effectiveness of themodels for the dynamic characteristics
in many financial applications, which is different from the
regular cross-validation procedure where the process of data
being split into two independent sets is randomly repeated
several times without taking into account the data’s temporal
order [5, 10].

In the training phase of each TV, we conduct 50 runs for
the GA experiments with population size of 50 individuals
in each generation. For each weighting parameter, we use
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Table 4: Datasets of the 10 companies used in this study.

Ticker Name (English) Name (Chinese)
Market capitalization
as of June/21/2016
($NT billions)

Industry

2311 Advanced Semiconductor
Engineering Inc.

日月光半導體製造
股份有限公司

277.40 Semiconductor and electronics

2325 Siliconware Precision Industries
Co., Ltd.

矽品精密工業股份
有限公司

160.80 Semiconductor and electronics

2330
Taiwan Semiconductor
Manufacturing Company

Limited

台灣積體電路製造
股份有限公司

4278.52 Semiconductor and electronics

2409 AU Optronics Corp. 友達光電股份有限
公司

90.66 Semiconductor and electronics

2454 MediaTek Inc. 聯發科技股份有限
公司

361.24 Semiconductor and electronics

2882 Cathay Financial Holding Co.,
Ltd.

國泰金融控股股份
有限公司

474.89 Finance

2883 China Development Financial
Holding Corporation

中華開發金融控股
股份有限公司

117.61 Finance

2885 Yuanta Financial Holding Co.,
Ltd.

元大金融控股股份
有限公司

123.92 Finance

2886 Mega Financial Holding
Company

兆豐金融控股股份
有限公司

333.20 Finance

2891 CTBC Financial Holding Co.,
Ltd.

中國信託商業銀行
股份有限公司

298.81 Finance

TV/day 1 2 29 30
1 Training Testing
2

28
29

· · ·

· · · · · · · · · · · ·

.

.

.

Figure 2: Temporal validation.

8 bits to encode it whose range is designated from 0 to 1
(using more bits are possible to offer higher resolution, but
the computational overhead is increased, as well). We also
use a binary tournament selection [29], one-point crossover,
and mutation rates of 0.7 and 0.005, respectively (the values
of crossover and mutation rates have various effects on the
performance of the GA search; the two values we chose here
are typical as suggested in [30, 31]). In order to track the
change of the quality of solutions searched by the GA over
time, a traditional performance metric for search algorithms
is the “best-so-far” curve that plots the fitness of the best
individual that has been seen so far by generation n for
the GA—i.e., a point in the search space that optimizes the
objective function thus far [5]. As an illustration, Figure 3
displays a typical averaged best-so-far curve over 50 runs
attained by the GA in this study (these results were obtained
for MediaTek Inc.; since the results for other stocks are
similar, they are not displayed here).The averaged best-so-far
performance curve is calculated by averaging the best-so-far
solutions obtained at each generation for all 50 runs, where
the vertical bars (error bars) overlaying the curve represent
the 95% confidence intervals about the means. From this
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Figure 3: Best-so-far curve by the GA for MediaTek Inc.

figure, one can clearly see the convergence of the GA search
and the length of the error bars are sufficiently small, thereby
indicating the GA search results are robust.

Furthermore, in this study, the best model learned in the
training phase for each run is examined in the testing phase.
Therefore, in both training and testing phases of each TV, the
averaged fitness (precision) of the models can be calculated.
For illustration, Table 5 displays the averaged precisions for
Advanced Semiconductor Engineering Inc. during the period
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Table 5: Averaged precision in training and testing in each TV.

TV Averaged training precision Averaged testing precision
S1 S2a S2b S3 S4 S1 S2a S2b S3 S4

1 0% 35.47% 26.05% 93.73% 97.25% 23.99% 31.23% 20.39% 12.37% 55.76%
2 25.94% 33.09% 26.30% 34.51% 100.00% 23.74% 33.08% 20.76% 12.12% 53.58%
3 29.66% 30.49% 26.17% 86.67% 98.43% 23.61% 29.27% 21.41% 12.28% 52.43%
4 28.58% 32.59% 24.80% 65.10% 99.61% 23.40% 28.10% 22.65% 12.12% 52.02%
5 28.61% 30.27% 23.38% 57.65% 100.00% 23.38% 29.52% 24.66% 11.95% 69.46%
6 27.73% 28.99% 19.79% 79.22% 100.00% 23.38% 30.57% 26.25% 11.99% 66.10%
7 26.84% 31.02% 19.85% 55.29% 100.00% 23.30% 31.47% 24.54% 11.81% 70.57%
8 26.56% 32.27% 20.32% 70.59% 99.22% 23.44% 32.81% 24.95% 11.92% 53.59%
9 25.69% 31.66% 19.67% 75.29% 100.00% 23.58% 33.81% 25.90% 12.26% 71.02%
10 25.07% 30.84% 18.93% 68.63% 98.82% 23.72% 34.93% 28.19% 12.23% 54.71%
11 24.62% 31.38% 19.56% 74.12% 98.82% 23.48% 34.12% 26.49% 12.09% 53.91%
12 24.95% 31.71% 19.85% 83.92% 100.00% 23.73% 34.03% 27.46% 12.23% 52.03%
13 24.43% 31.33% 20.74% 35.69% 100.00% 23.70% 34.79% 27.14% 12.49% 57.34%
14 24.41% 31.94% 21.14% 75.69% 100.00% 23.42% 35.49% 26.06% 12.21% 69.45%
15 24.67% 31.64% 21.79% 86.67% 98.43% 23.42% 36.47% 25.24% 12.19% 65.91%
16 24.59% 31.57% 21.46% 86.27% 99.22% 23.71% 37.99% 26.97% 12.27% 67.34%
17 24.26% 31.81% 21.68% 65.10% 99.61% 23.85% 40.03% 26.82% 12.21% 47.89%
18 24.13% 31.79% 21.79% 98.82% 100.00% 23.28% 41.43% 28.21% 12.38% 52.73%
19 24.46% 31.58% 22.43% 72.16% 81.18% 23.08% 43.05% 26.69% 11.96% 37.78%
20 24.50% 31.34% 22.94% 91.37% 99.61% 22.20% 43.84% 26.77% 11.61% 51.45%
21 24.82% 30.68% 23.54% 58.43% 99.22% 22.20% 44.10% 24.88% 11.80% 66.22%
22 24.72% 30.64% 23.38% 83.53% 100.00% 23.22% 43.76% 26.25% 11.88% 69.75%
23 24.27% 30.60% 24.90% 72.16% 99.22% 22.72% 43.86% 27.06% 11.44% 34.03%
24 24.38% 30.42% 24.97% 60.39% 99.61% 22.63% 43.75% 26.65% 11.37% 70.04%
25 24.34% 30.50% 24.58% 49.80% 99.61% 23.19% 43.36% 26.68% 11.65% 50.78%
26 24.17% 30.61% 24.82% 77.25% 100.00% 24.00% 42.31% 26.72% 12.35% 53.71%
27 24.01% 30.97% 24.98% 74.12% 99.61% 25.07% 41.36% 26.34% 13.06% 63.60%
28 23.90% 31.04% 25.16% 87.45% 99.22% 23.43% 43.10% 25.97% 10.37% 88.24%
29 24.05% 31.51% 24.93% 71.37% 98.43% 23.70% 42.09% 0.00% 13.48% 100.00%

of time from Sept./15/2015 through Nov./03/2015. In this
table, an inspection on themeans shows that in all the 29 TVs
of the training case the GA-based model S4 outperforms all
the other models. For the testing phase, except TVs 19 and 23
in which S4 underperforms S2a, S4 still outperforms all the
other systems in the remaining 27 TVs.

Figure 4(a) further displays a visual gist on this perfor-
mance discrepancy of the five systems in the testing phase. In
this figure, we notice that all the precisions by S1 are around
0.25. For S2a, most of the precisions are between 0.27 and
0.45. For S2b, most of the precisions are between 0.2 and 0.3,
except the final TVwhere themodel did not find anyTPswith
testing data of only one day available. Similar phenomenon
can be seen for other companies, for example, the precision
of S3 in the final TV of Figure 5(a) and those of S2b in the
last 3 TVs in Figure 5(b) (notice that it does not mean that
a random coin-toss strategy is better than these systems; the
precisions of these systems are below 0.5 because we remove
the flat price cases in computing the TP, as discussed in
Section 2.2.4, which thus presents substantial challenge to the
forecasting task).

For S3, the results are quite poor where all the preci-
sions are between 0.1 and 0.15. An investigation into these
unsatisfactory performances indicates that even though the
model detects that the demand for a stock is more than the
supply and thus expects the price to go up, the price may still
remain unchanged for next several calls and finally go up after
that. In otherwords, using the price of the next callmay not be
the best timing for calculating precision.Therefore, in S4, our
proposed system allows the GA to evolve a better timing for
computing the precision and the results indeed show that it
improves the performance of the system significantly. How-
ever, we also notice that the precisions suffer high variance,
indicating that the performance of systemS4 is not very stable
across various TVs (different TVs have different number of
training and testing days).This is perhaps because the period
of the testing phase is not long enough for S4 to exhibit stable
performance in the final fewTVs, andwe intend to investigate
this issue in more detail in the future.

Similar performance discrepancy of our proposed GA-
based S4 model and other methods can be seen for the other
stocks. For instance, Figure 4(b) shows the results for Silicon-
ware Precision Industries Co., Ltd. Figures 5(a) and 5(b) show
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(a) Advanced Semiconductor Engineering Inc.
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(b) Siliconware Precision Industries Co., Ltd.

Figure 4: Precision comparison of the forecasting systems in the testing phase for 9/15/2015–11/3/2015.
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(a) Taiwan Semiconductor Manufacturing Company Lim-
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(b) AU Optronics Corp.

Figure 5: Precision comparison of the forecasting systems in the testing phase for 9/15/2015–11/3/2015.
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(a) MediaTek Inc.
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(b) Cathay Financial Holdings Co., Ltd.

Figure 6: Precision comparison of the forecasting systems in the testing phase for 9/15/2015–11/3/2015.

the results for Taiwan Semiconductor Manufacturing Com-
pany Limited and AU Optronics Corp., respectively. Figures
6(a) and 6(b) show the results for MediaTek Inc. and Cathay
Financial Holding Co., Ltd. Figures 7(a) and 7(b) show the
results for China Development Financial Holding Corpora-
tion and Yuanta Financial Holding Co., Ltd. Figures 8(a) and
8(b) show the results for Mega Financial Holding Company
and CTBC Financial Holding Co., Ltd. As can be seen, the
results in these ten stocks have shown that S4 outperforms
S1, S2a, S2b, and S3 in most TV’s, thereby indicating the
effectiveness of our proposed S4 system.

The results just shown were obtained using the data from
Sept./15/2015 to Nov./03/2015, during which time the broad
stock market encountered favorable conditions and delivered
positive gain as mentioned previously. In contrast, here we
also display the results using the data from Dec./10/2015 to
Jan./21/2016, during which time the market faced adverse
situations and thus made loss. The results are shown in Fig-
ures 9(a) and 9(b) for Advanced Semiconductor Engineering
Inc. and Siliconware Precision Industries Co., respectively.
Figures 10(a) and 10(b) are for Taiwan Semiconductor
Manufacturing Company Ltd. and AU Optronics Corp.,
respectively. Figures 11(a) and 11(b) are for MediaTek Inc.
and Cathay Financial Holding Co., respectively. Figures 12(a)
and 12(b) are for China Development Financial Holding
Corporation and Yuanta Financial Holding Co., respectively.
Figures 13(a) and 13(b) are for Mega Financial Holding
Company and CTBC Financial Holding Co., respectively. As
can be seen again, the results in these ten stocks have shown

that S4 outperforms S1, S2a, S2b, and S3 inmost TV’s, thereby
indicating the effectiveness of our proposed S4 system.

From these results, it appears that there is an upward
trend of the precisions over training data size, for example,
Figures 4(a), 4(b), 5(a), and 5(b) and others. However, there
is also a downward trend of the precisions over training data
size, for example, Figures 8(a) and 12(a), although the upward
trend appears to be more frequent. For this situation, our
conjecture is that, with more training data, the GA-based
systemS4 ismore capable of learning to acquire bettermodels
for forecasting, and we intend to investigate this issue in the
future.

Furthermore, in order to show the effectiveness of S4,
Table 6 provides a summary that displays the mean and stan-
dard deviation computed for the precisions shown in each of
Figures 4(a)–13(b). In this table, it can be seen that the higher
value of the averaged precision for system S4 in each figure
indicates this systemoutperforms the other systems, although
many of the corresponding standard deviations are still
relatively high. As we have alreadymentioned previously, this
is again perhaps because the period of the testing phase in the
final few TVs is not long enough for S4 to exhibit stable per-
formance along temporal validations.Therefore, we intend to
investigate this issue for the future work in order to achieve a
more stable prediction performance for our proposed system
S4.

All the results presented thus far were obtained using
the precision metric by (7). For the accuracy metric, for
illustrations, we display the results in Figures 14 and 15 using
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Table 6: Averaged precisions and standard deviations for Figures 4(a)–13(b).

Mean Standard deviation
S1 S2a S2b S3 S4 S1 S2a S2b S3 S4

Figure 4(a) 0.2343 0.3737 0.2589 0.1207 0.6039 0.0055 0.0542 0.0606 0.0054 0.135
Figure 4(b) 0.2464 0.1611 0.2339 0.1267 0.5317 0.0061 0.026 0.0604 0.0041 0.0753
Figure 5(a) 0.2825 0.4191 0.2363 0.1375 0.6177 0.0063 0.0147 0.0137 0.027 0.1674
Figure 5(b) 0.2464 0.1611 0.1929 0.1267 0.5317 0.0061 0.026 0.0908 0.0041 0.0753
Figure 6(a) 0.1973 0.3394 0.2284 0.1042 0.5633 0.0121 0.085 0.0165 0.0123 0.0435
Figure 6(b) 0.2301 0.4189 0.2281 0.1196 0.4609 0.0108 0.0425 0.0203 0.0041 0.055
Figure 7(a) 0.2672 0.2747 0.214 0.1114 0.365 0.0346 0.0711 0.0375 0.0057 0.0605
Figure 7(b) 0.2366 0.4052 0.2589 0.1159 0.5988 0.0138 0.0526 0.0924 0.0116 0.1536
Figure 8(a) 0.2387 0.3822 0.2387 0.1124 0.451 0.0248 0.0663 0.0339 0.0055 0.0719
Figure 8(b) 0.2872 0.3717 0.2891 0.1461 0.526 0.0127 0.0665 0.0237 0.0069 0.348
Figure 9(a) 0.258 0.2714 0.1451 0.1768 0.4352 0.0226 0.0979 0.0181 0.0744 0.0464
Figure 9(b) 0.1764 0.3476 0.2737 0.0791 0.5032 0.0155 0.0803 0.0109 0.0081 0.0391
Figure 10(a) 0.25 0.26 0.2585 0.1236 0.4507 0.0123 0.0868 0.0108 0.0043 0.1299
Figure 10(b) 0.2966 0.1762 0.3215 0.1233 0.437 0.0304 0.0517 0.1119 0.006 0.1537
Figure 11(a) 0.1741 0.114 0.126 0.1054 0.4238 0.0225 0.0459 0.1092 0.0959 0.091
Figure 11(b) 0 0.3617 0.1808 0.1115 0.4782 0 0.0813 0.0899 0.0098 0.0475
Figure 12(a) 0.3336 0.1773 0.2049 0.0888 0.4533 0.105 0.07 0.0306 0.0182 0.0646
Figure 12(b) 0.1985 0.3915 0.2108 0.1036 0.5726 0.0371 0.0782 0.0274 0.0096 0.0921
Figure 13(a) 0.3109 0.1127 0.1624 0.1042 0.4986 0.0752 0.0105 0.0216 0.003 0.0732
Figure 13(b) 0.2537 0.1399 0.2472 0.1261 0.5351 0.0255 0.0226 0.026 0.0071 0.0885
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Figure 7: Precision comparison of the forecasting systems in the testing phase for 9/15/2015–11/3/2015.
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(a) Mega International Commercial Bank Co., Ltd.
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(b) CTBC Financial Holding Co., Ltd.

Figure 8: Precision comparison of the forecasting systems in the testing phase for 9/15/2015–11/03/2015.
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(a) Advanced Semiconductor Engineering Inc.
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Figure 9: Precision comparison of the forecasting systems in the testing phase for 12/10/2015–1/21/2016.
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(b) AU Optronics Corp.

Figure 10: Precision comparison of the forecasting systems in the testing phase for 12/10/2015–1/21/2016.

0 5 10 15 20 25 30
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr
ec

isi
on

Temporal validation (TV)
S1
Linear regression-based model (S2a)
Logistic regression-based model (S2b)
GA-based model (S3)
GA-based model (S4)

(a) MediaTek Inc.

0 5 10 15 20 25 30
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr
ec

isi
on

Temporal validation (TV)
S1
Linear regression-based model (S2a)
Logistic regression-based model (S2b)
GA-based model (S3)
GA-based model (S4)

(b) Cathay Financial Holdings Co., Ltd.

Figure 11: Precision comparison of the forecasting systems in the testing phase for 12/10/2015–1/21/2016.
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(b) Yuanta Financial Holding Co., Ltd.

Figure 12: Precision comparison of the forecasting systems in the testing phase for 12/10/2015–1/21/2016.
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(a) Mega International Commercial Bank Co., Ltd.
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Figure 13: Precision comparison of the forecasting systems in the testing phase for 12/10/2015–1/21/2016.
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Figure 14: Accuracy comparison of the forecasting systems in the testing phase for 9/15/2015–11/3/2015.
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Figure 15: Accuracy comparison of the forecasting systems in the testing phase for 12/10/2015–1/21/2016.
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only two companies for the two periods of Sept./15/2015
to Nov./03/2015 and Dec./10/2015 to Jan./21/2016 (since the
results for other companies are similar to those in these two
figures, they are skippedhere). As can be seen again, the results
in Figures 14 and 15 have shown that S4 outperforms S1, S2a,
S2b, and S3 inmost TVs, thereby indicating that our proposed
S4 system is more effective than others under the accuracy
metric, as well.

4. Conclusions

In this paper, we presented a GA-based methodology for the
research of high-speed trading.The particular domain of this
study centers around the call auction market, which provides
significant amount of price data of stocks at the microscopic
level in financial markets nowadays. Through the optimiza-
tion of parameters of the forecasting models, our experimen-
tal results showed that the proposedGA-basedmethod is able
to improve the accuracy of prediction for price movement
on the microscopic level. In order to further examine the
validity of our models, we conducted a statistical validation
on the learnedmodels and showed that our proposed models
are effective in the dynamic environment of stock market,
which is critical for practical investment where one expects
the models constructed to gain profits in the future. With
these results, we expect this GA-basedmethod to advance the
research in computational intelligence for financial applica-
tions and provide useful insights for high-speed trading.

In the future, since there exist several studies that use
returns instead of prices formodeling, we thus propose to use
returns for financial modeling as a potential line of research
for high-speeding trading. Furthermore, since the results
show that the precisions suffer high variance, we also intend
to investigate this issue in more detail in order to reduce the
variance in precisions, so that our proposed system can
deliver more stable performance.

In addition, in this work, we have provided studies
using the precision and accuracy metrics for performance
evaluation. It may be worthwhile to conduct more detailed
comparisons using these two metrics to investigate if both
metrics have delicate discrepancy on the effectiveness of the
models we proposed. Other alternatives are also possible; for
instance, in the design for the fitness measure of a chromo-
some, we may somehow penalize its fitness by the variance
of performance of the models. For other future work, we also
intend to investigate the reason that led to the upward tend-
ency of the precisions over increasing size of the training
data. Our goal is to investigate if there exists a suitable size of
training datasets for the GA-basedmethod to acquire models
that shall deliver more stable performance.

Furthermore, in this work, we employed simple GA with
binary coding to search for the optimal parameters for the
models. Indeed, there are various types of GA that could be
employed for this study, as well. However, since the research
of high-speed trading is a relatively new and unexplored area
to computational intelligence, in this work, our major goal
is thus to show, in principle, the GA is a useful tool for
finding promising forecasting systems in the context of high-
speed trading. In the future, we thus intend to employ more

sophisticated versions of the GA in order to further improve
the performance of our proposed systems.
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With the impact of global internationalization, tourism economy has also been a rapid development.The increasing interest aroused
by more advanced forecasting methods leads us to innovate forecasting methods. In this paper, the seasonal trend autoregressive
integrated moving averages with dendritic neural network model (SA-D model) is proposed to perform the tourism demand
forecasting. First, we use the seasonal trend autoregressive integrated moving averages model (SARIMA model) to exclude the
long-term linear trend and then train the residual data by the dendritic neural network model and make a short-term prediction.
As the result showed in this paper, the SA-Dmodel can achieve considerably better predictive performances. In order to demonstrate
the effectiveness of the SA-D model, we also use the data that other authors used in the other models and compare the results. It
also proved that the SA-D model achieved good predictive performances in terms of the normalized mean square error, absolute
percentage of error, and correlation coefficient.

1. Introduction and Literature Review

With the impact of global internationalization, tourism is also
in a state of rapid development. As we all know, tourism’s
impact on the economic and social development of a country
can be enormous. It can not only up business, trade, and
capital investment but also create jobs and entrepreneurial-
ism for workforce and protect heritage and cultural values
(as shown in Table 1). Each country wants to know the data
of its inbound visitors and tourism in order to choose an
appropriate strategy for its economic well-being. Hence, a
reliable forecast is needed and plays a major role in tourism
planning.

Accurate forecasts build the foundation for better tourism
planning and administration.Thenmore efficient forecasting
techniques in tourism demand studies are being called for.

Over the past two decades, tourism demand modeling
and forecasting which are two of the most important areas in
tourism research have attracted more and more attention of
both academics and practitioners. As Song and Li concluded,
twenty years ago, there were only a handful of academic
journals that published tourism-related research [1]. Now

there are more than 70 journals that serve a thriving research
community covering more than 3000 tertiary institutions
across five continents. However, there has not been a panacea
for tourism demand forecasting.

In recent years, statistics has been widely applied to
the tourism economy under study. Among the statistical
methods, time series forecasting is an important area of
forecasting. And it can be classified into two categories:
the linear methods and the nonlinear methods. The most
popular of the linear methods are the Naı̈ve model [2–
5], the exponential smoothing (ES) model [2, 6], and the
autoregressive integrated moving averages (ARIMA) model
[3, 4, 6]. Among them, the most advanced forecasting model
of linearmethods is autoregressive integratedmoving average
model (ARIMA) which has been successfully tested in many
practical applications. If the linear models can approximate
the underlying data generating process well, they could be
considered as the preferred models. However, if the linear
models fail to perform well in both in-sample fitting and
out-of-sample forecasting, more complex nonlinear models
should be considered. Based on this view, many scholars
have also turned to nonlinear methods such as the neural
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Table 1: Inbound tourism consumption.

Products
(Billion Yen)

Same-day
visitors Tourists Total visitors

Characteristic products 0 1167 1167
Accommodation services 0 496 496
Food and beverage
servicing services 0 303 303

Passenger transport
services 0 328 328

Travel agency, tour
operator, and tourist guide
services

0 8 8

Cultural services 0 10 10
Recreation and other
entertainment services 0 8 8

Miscellaneous tourism
service 0 14 14

Connected products 0 483 483
Total 0 1650 1650

network (NN) [3, 4, 7, 8]. Although there are still a few doubts
about neural network based tourism demand forecasting, it
is generally believed that the nonlinear methods outperform
the linear methods in modeling the economic behavior and
efficiently helping wise decision-making.

Neuron networks have been regarded by many experts
as a promising technology for time series forecasting. Con-
sequently, in the last few decades, more than 2000 arti-
cles on neural network forecasting have been published
covering a wide range of applications [9]. Compared to
statistical forecasting techniques, neural network approaches
have several unique characteristics, such as (1) being both
nonlinear and data driven, (2) having no requirement for an
explicit underlying model, and (3) being more flexible and
universal and thus applicable to more complicated models
[10]. Furthermore, Nelson et al. and Zhang and Kline [11, 12]
suggested that time series preprocessing (e.g., detrending and
deseasonalizing) contributes significantly to neuron network
model performance.

Up to now, there are many researchers using a lot of
methods to forecast the tourism demand. And they can be
divided into three types: time series, neural network, and
combinedmodels. In 2014, Teixeira and Fernandes published
[13], in which the three methods are all mentioned. Except
those, there are also a lot of authors using the three methods
separately. For example, Box et al., Cho, Chu, Song, and Li,
Law, Qu, and Zhang, Shahrabi et al., Li et al., and Kawakubo
and Kubokawa have used the traditional time series methods
to forecast the tourism demand [1, 3–7, 14–17]. As neural
network is widely known, there are many authors turning to
use the neural network to forecast the time series data such
as Chen et al., Claveria and Torra, Davies et al., Constantino
et al., Law, Lin et al., and Pai and Hong [3, 4, 8, 18–22]. With
the progress of science, more and more methods are being
used. The combined models are the most popular methods
in them. And, up to now, Bates and Granger, Chen, Shen
et al., and Yan have used this method and got the expected

results [23–26]. Besides these, some other methods such as
support vector regression [27, 28] and novel hybrid system
[29, 30] are proposed. They have made great achievements
in the optimization problem and the prediction problem;
however, the data preprocessing and the late parameter
selection problem are relatively complex.

When analyzing time series data, we should pay partic-
ular attention to the seasonality of the time series involved.
Seasonality is a notable characteristic of tourism demand and
cannot be ignored in the modeling process when monthly
data are used. How to handle the seasonal fluctuations
of tourism data has always been an important issue in
tourism demand forecasting. We always use normal quantile
transform or seasonal difference method to eliminate the
impact of seasonality [31, 32].

In this paper, we mix the most advanced linear model
(SARIMAmodel) with the innovative neural network model
(DNN model) together and call the mixed model SA-D
model.Weobtained that the SA-Dmodel performsmuch bet-
ter than the DNN model in the tourism demand forecasting
as the comparing results showed.

This paper is organized as follows. In Section 2, the
SARIMA model, the DNN model, and the combined model
(SA-D model) are described. Section 3 describes the data set
and discusses the evaluation methods to compare the fore-
casting methods and takes statistical tests to check the SA-
D model and then compares the models that other authors
had given by using the same data. After that, the experimental
results are given. Section 4 provides concluding remarks.

2. Modeling (Statistical Modeling and
Neural Network)

A time series model explains a variable with regard to its own
past and a randomdisturbance term. Time seriesmodels have
been widely used for tourism demand prediction in the past
four decades. In this section, two models are described as
follows.

2.1. ARIMA Model and SARIMA Model. ARIMA is the
most popular linear model for forecasting time series. It has
made great success in both academic research and industrial
applications. A general ARIMAmodel is ordered by (𝑝, 𝑑, 𝑞),
and it can be written as

𝜙 (𝐵) ∇𝑑𝑥𝑡 = 𝜃 (𝐵) 𝜀𝑡, (1)

where 𝑥𝑡 and 𝜀𝑡 represent the number of visitors and random
error terms at time 𝑡, respectively. 𝐵 is a backward shift
operator defined by 𝐵𝑥𝑡 = 𝑥𝑡−1 and related to ∇ by ∇ = 1 − 𝐵;
∇𝑑 = (1−𝐵)𝑑; 𝑑 is the order of differencing. 𝜙(𝐵) and 𝜃(𝐵) are
autoregressive (AR) and moving averages (MA) operators of
orders 𝑝 and 𝑞, respectively, and they are defined as

𝜙 (𝐵) = 1 − 𝜙1𝐵 − 𝜙2𝐵2 − ⋅ ⋅ ⋅ − 𝜙𝑝𝐵𝑝,
𝜃 (𝐵) = 1 − 𝜃1𝐵 − 𝜃2𝐵2 − ⋅ ⋅ ⋅ − 𝜃𝑞𝐵𝑞.

(2)

𝜙1, 𝜙2, . . . , 𝜙𝑝 are the autoregressive coefficients and 𝜃1, 𝜃2,
. . . , 𝜃𝑞 are the moving average coefficients.
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When fitting ARIMAmodel to the raw data, the ARIMA
model involves the following four steps:

(I) Identification of the ARIMA (𝑝, 𝑞, 𝑑) structure
(II) Estimation of the unknown parameters
(III) Goodness-of-fit tests on the estimated residuals
(IV) Forecast future outcomes based on the known data

𝜀𝑡 should be independently and identically distributed
as normal random variables with mean = 0 and constant
variance = 𝜎2. The roots of 𝜙𝑝(𝑥𝑡) = 0 and 𝜃𝑞(𝑥𝑡) = 0 should
all lie outside the unit circle. It was suggested by Box et al. that
at least 50 or preferably 100 observations should be used for
the ARIMA model [14].

If the data has significant seasonal changes periodically.
We can use the SARIMA model which uses the seasonal
difference method to eliminate the effects of seasonal cycles.
However, if the seasonality is regarded as deterministic,
introducing seasonal dummies into the time series models
would be sufficient in accounting for the seasonal variation.
To test for the presence of seasonal unit roots, the HEGY
test [33] is widely used. Unlike the HEGY test, an alternative
method known as the test for fractional integration to test
the seasonal components in the time series was introduced in
2004 [34]. Another approach to model seasonal fluctuations
is to use the periodic autoregressivemodel.Thismodel allows
parameters to vary according to the seasons of a year and
therefore may reflect seasonal economic decision-making
more adequately than constant parameter specifications.

2.2. DNNModel (Neuron Model with Dendritic Nonlinearity).
Recently, more and more nonlinear forecasting models are
proposed to address the time series’ issues. As Song and Li
concluded, among them, ANNs (artificial neural networks)
are receiving increasing interests due to their ability to
imperfect data, functions of self-organizing, self-study, data-
driven, associatedmemory, and arbiter functionmapping [1].

As we all know, the structure of every neuron is unique; it
contains three parts: the cell body, dendrite, and axon. The
dendrite receives the signal from other neurons; then the
signal is computed at the synapse and transmitted to the cell
body. If the signal into the cell body exceeds the holding
threshold, the cell will fire and send the signal down to other
neurons through axon.

In 1943, a simple neuronmodel is proposed byMcCulloch
and Pitts in which the dendrites and synapses are indepen-
dents and there are no effects on them from one to another
(Figure 1) [35].However, in 1987,Minsky andPapert indicated
that the McCulloch-Pitts model is limited to solving complex
problems [36].

Different from the McCulloch-Pitts model which does
not consider the dendritic structure in the neuron, neuron
model with dendritic nonlinearity model (DNN model) is
proposed in our researches. The DNN model can be gener-
alized as follows:

(1) The dendrites can be initialized by any arbitrary
decision.

xi wi

∑ 𝜃
Output

...

Figure 1: McCulloch-Pitts model.

Dendrite 1

Dendrite 2

Dendrite j

Dendrite m

Soma

x1 x2 · · · xi xn

...

Figure 2: Neuron model with dendritic nonlinearity.

(2) The synapses on the same branch interact with each
other.

(3) The nonlinear interaction produced in a dendrite can
be expressed by a logical network.

(4) After learning, the branches’ ripened number and the
locations and types of synapses on the branches will
be synthesized.

As shown in Figure 2, the dendritic branches receive sig-
nals from 𝑥1 to 𝑥𝑛 and then perform a simple multiplication
on their own signal. At the junction of the branches, the
outputs are summed up and then conducted to soma (the cell
body). If the input of the soma exceeds a threshold, the cell
will fire it and send it to other neurons through the axon.

Synaptic Function. In the connection layer, a sigmoid function
reflects the interaction among the synapses in a dendrite.The
output of the synapse whose address is from the 𝑖th (𝑖 =
1, 2, . . . , 𝑚) input to the 𝑗th (𝑗 = 1, 2, . . . , 𝑛) branch is given
by the following equation:

𝑌𝑖𝑗 =
1

1 + 𝑒−𝑘(𝑤𝑖𝑗−𝜃𝑖𝑗) . (3)

𝑤𝑖𝑗 and 𝜃𝑖𝑗, respectively, mean the connection parameters,
and 𝑘 is a positive constant. When 𝑘 becomes large enough,
the sigmoid function will turn out to be similar to a step
function. Through the change of the value of 𝑤𝑖𝑗 and 𝜃𝑖𝑗,
four types of synaptic connections can be defined: a direct
connection, an inverted connection, a constant-0 connection,
and constant-1 connection.
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Dendritic Function. It performs a simple multiplication on
various synaptic connections of the branch.The output of the
𝑗th branch is given by

𝑍𝑗 =
𝑛

∏
𝑖=1

𝑌𝑖𝑗. (4)

Membrane Function. It is approximated as follows:

𝑉 =
𝑚

∑
𝑗=1

𝑍𝑗. (5)

Soma Function. The function of the soma is described by a
sigmoid operation; when 𝑘 is taken as a positive constant, 𝛾
is taken as a threshold from 0 to 1.

𝑂 = 1
1 + 𝑒−𝑘(𝑉−𝛾) . (6)

Learning Function. Because DNN is a feed-forward network
with continuous functions, the error back-propagation-like
algorithm is valid for DNN. By using the learning rule, the
error between the target vector and the actual output vector
can be expressed as follows:

𝐸 = 1
2 (𝑇 − 𝑂)2 . (7)

And, according to the gradient descent learning algorithm,
the synaptic parameters 𝑤𝑖𝑗 and 𝜃𝑖𝑗 can be modified in the
direction to decrease the value of 𝐸. The equations are shown
as follows:

Δ𝑤𝑖𝑗 (𝑡) = −𝜇 𝜕𝐸
𝜕𝑤𝑖𝑗

,

Δ𝜃𝑖𝑗 (𝑡) = −𝜇 𝜕𝐸
𝜕𝜃𝑖𝑗

,
(8)

where𝜇 is a positive constant that represents the learning rate.
A low learning rate makes the convergence very slow, while a
high learning rate is difficult for making the error converge.
And the partial differentials of 𝐸 with respect to 𝑤𝑖𝑗 and 𝜃𝑖𝑗
are computed as follows:

𝜕𝐸
𝜕𝑤𝑖𝑗

= 𝜕𝐸
𝜕𝑂 ⋅ 𝜕𝑂𝜕𝑉 ⋅ 𝜕𝑉𝜕𝑍𝑗

⋅
𝜕𝑍𝑗
𝜕𝑌𝑖𝑗

⋅
𝜕𝑌𝑖𝑗
𝜕𝑤𝑖𝑗

,

𝜕𝐸
𝜕𝜃𝑖𝑗

= 𝜕𝐸
𝜕𝑂 ⋅ 𝜕𝑂𝜕𝑉 ⋅ 𝜕𝑉𝜕𝑍𝑗

⋅
𝜕𝑍𝑗
𝜕𝑌𝑖𝑗

⋅
𝜕𝑌𝑖𝑗
𝜕𝜃𝑖𝑗

.
(9)

2.3. The Combined Model (SA-D Model). Both linear and
nonlinear models have achieved successes in their own
linear or nonlinear problems. However, none of them is a
universal model that is suitable for all situations. Bates and
Granger said that a combined model having both linear and
nonlinear modeling abilities will be a good alternative for
forecasting the time series data [23]. Both the linear and
nonlinear models have different unique strength to capture

data characteristics in linear or nonlinear domains, so the
combined model proposed in this study is composed of the
linear component and the nonlinear component. Therefore,
the combinedmodel canmodel linear and nonlinear patterns
with improved overall forecasting performance.

It may be reasonable to consider a time series to be com-
posed of a linear autocorrelation structure and a nonlinear
component which can be performed as

𝑌𝑡 = 𝐿 𝑡 + 𝑁𝑡 (10) , (10)

where 𝐿 𝑡 is the linear component and 𝑁𝑡 is the nonlinear
component of the combined model. Both 𝐿 𝑡 and 𝑁𝑡 have
to be estimated for the data set. First, the author let linear
model (here we use the SARIMA model to perform the
obvious seasonal trends) to model the linear part; then
the residuals from the linear model will contain only the
nonlinear relationship. Let 𝑅𝑡 represent the residual at time
𝑡; then we can know

𝑅𝑡 = 𝑍𝑡 − 𝐿 𝑡 (11) , (11)

where𝐿 𝑡 denotes the forecast value of the linearmodel at time
𝑡. By modeling residuals using nonlinear model (here we use
the DNN model), nonlinear relationships can be discovered.
In this paper, we built the model with the following input
layers:

𝑅linear
𝑡 = 𝑓nonlinear (𝑅linear

𝑡−1 , 𝑅linear
𝑡−2 , 𝑅linear

𝑡−3 , 𝑅linear
𝑡−4 ) + 𝑒𝑡, (12)

where 𝑅linear
𝑡 represents the residual at time 𝑡 from the

ARIMA model, 𝑓nonlinear is a nonlinear function determined
by the DNN model, and 𝑒𝑡 is the random error. And the
combined forecast can be performed as

𝑌𝑡 = 𝐿 𝑡 + 𝑁𝑡 (13) , (13)

where𝑁𝑡 is the forecast value of (12).

3. Results and Prediction

3.1. Data Set and the Process. Due to rapid economic growth
and international tourism promotion, the number of tourists
coming to Japan is greatly increasing year by year. Here we
choose the inbound tourists from 2009:1 to 2015:12. And the
process of data set is shown in Figure 3. The collected data
were divided into two sets: the training data (data before 2015)
and the testing data (data of 2015) [37, 38].

3.2. Evaluation Methods. Some quantitative statistical met-
rics such as normalized mean square error (NMSE), abso-
lute percentage of error (APE), 𝑅 (correlation coefficient),
and program running time (PRT) are used to evaluate the
forecasting performance of the forecasting models (Table 2).
NMSE and APE are used to measure the deviation between
the predicted and actual values. The smaller the values of
NMSE and APE are, the closer the predicted values to the
actual values are. The metric R is adopted to measure the
correlation of the actual and the predicted values. The PRT
can measure the running speed of the models.
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Tourism time series

Describe a sequence diagram

Check autocorrelation and partial correlation (Figure 4)

Differential (the seasonal differential & the first-order differential)

DNN model
Training data (data before 2015) &
testing data (data of 2015)
decision
Use MATLAB R2013b

Combine the two models (SA-D model) and give the
result

Compare with the models that other authors had given

SARIMA model
AR(𝛼) & MA(𝛽) decision

by the autocorrelation and partial
correlation
Use EVIEWS 8

(𝛼, 𝛽)’s value is 1 or 2 or . . . decided

Figure 3: Process of data set.

Table 2: Calculations of the performance metrics.

Metrics Calculation

NMSE NMSE =
∑𝑛𝑖=1(𝑎𝑖 − 𝑏𝑖)2

𝑛𝜎2 ;

𝜎 = ∑𝑛𝑖=1(𝑎𝑖 − 𝑎)2
𝑛 − 1

APE APE =
∑𝑛𝑖=1 |(𝑎𝑖 − 𝑏𝑖)/𝑎𝑖|

𝑛 × 100%

R R =
∑𝑛𝑖=1 𝑎𝑖𝑏𝑖

√∑𝑛𝑖=1 𝑎2𝑖 × √∑𝑛𝑖=1 𝑏2𝑖
PRT Decided by the actual operation
Note: 𝑎𝑖 and 𝑏𝑖 are the actual values and the predicted values.

3.3. Experimental Results. For the data having significant
seasonal changes periodically, we use the SARIMA model in
this paper to eliminate the linear trend. As Figure 4 shows, we
can decide the possible generations of the ARIMAmodel and
use the Akaike Information Criterion (AIC) to test which of
the generations is the best.

Through the SARIMAmodel, we get the data that has no
linear trend and train the data separately by the DNN model
and the SA-D model. We can get the results of the DNN
model and the SA-D model as follows.

Table 3: The compared results of the DNN model and the SA-D
model.

Metrics The DNNmodel The SA-D model
NMSE 2.245 0.219
APE 0.87 0.78
R 0.32 0.89
PRT The DNNmodel is rapider than the SA-D model

As Figures 5–7 show, we can see that the results of the
SA-D model perform much better than those of the DNN
model. In order to deeply evaluate the performance of the
DNN model and the SA-D model, we calculate APE, NMSE,
and R of the testing data set as Table 3 shows.

We can see that although the PRT of the DNN model is
rapider than that of the SA-D model, the NMSE, APE, and R
of the SA-D model are much better than those of the DNN
model.

3.4. Models Comparison. To demonstrate the validity of the
SA-D model, we train the same data that other authors had
used in the other combination models and compare the
results of the SA-Dmodel and the other combinationmodels.
We collected the monthly outbound traveling population
data of Taiwan to three areas (Americas, Europe andOceania)
from the Tourism Bureau, M.O.T.C. Republic of China
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Correlogram of DX

Date: 01/11/17 Time: 14:40
Sample: 1 84
Included observations: 72

Autocorrelation Partial correlation AC PAC Q-Stat Prob

1 −0.911 −0.911 62.260 0.000
2 0.701 −0.756 99.652 0.000
3 −0.468 −0.492 116.59 0.000
4 0.283 −0.131 122.87 0.000
5 −0.156 0.169 124.80 0.000
6 0.067 0.040 125.16 0.000
7 −0.007 −0.188 125.17 0.000
8 −0.007 0.203 125.17 0.000
9 −0.045 −0.098 125.34 0.000

10 0.150 −0.041 127.29 0.000
11 −0.259 0.074 133.14 0.000
12 0.320 −0.003 142.22 0.000
13 −0.317 −0.057 151.30 0.000
14 0.276 0.044 158.29 0.000
15 −0.231 −0.030 163.28 0.000
16 0.201 0.038 167.12 0.000
17 −0.179 −0.035 170.21 0.000
18 0.153 0.008 172.51 0.000
19 −0.127 −0.040 174.12 0.000
20 0.122 0.116 175.64 0.000
21 −0.160 −0.137 178.32 0.000
22 0.238 0.035 184.35 0.000
23 −0.319 0.081 195.39 0.000
24 0.357 −0.102 209.54 0.000
25 −0.332 0.022 222.05 0.000
26 0.262 0.050 230.02 0.000
27 −0.189 −0.088 234.23 0.000
28 0.142 0.079 236.68 0.000
29 −0.126 −0.032 238.63 0.000
30 0.120 −0.051 240.47 0.000
31 −0.110 0.070 242.03 0.000
32 0.099 −0.017 243.33 0.000

Figure 4: Autocorrelation and partial correlation.

Table 4: Results based on the orthogonal array factor assignment
and statistical tests of the SA-D model.

Number 𝑀 𝜇 𝑘soma 𝜃soma MSD 𝑝
1 15 0.05 1 0 0.401 ± 0.169 0.1938
2 15 0.05 3 0.3 0.386 ± 0.170 0.2013
3 15 0.01 5 0.5 0.391 ± 0.171 0.1854
4 15 0.01 10 0.9 0.389 ± 0.167 0.191
5 25 0.05 1 0 0.392 ± 0.165 0.2563
6 25 0.05 3 0.3 0.395 ± 0.164 0.2742
7 25 0.01 5 0.5 0.398 ± 0.161 0.3011
8 25 0.01 10 0 0.390 ± 0.168 0.2916
9 30 0.05 1 0.9 0.402 ± 0.172 0.1928
10 30 0.05 3 0.3 0.399 ± 0.171 0.1897
11 30 0.01 5 0.5 0.394 ± 0.168 0.2001
12 30 0.01 10 0.9 0.397 ± 0.170 0.1936
Note: 𝑀means number of dendrites.

(Taiwan). The study time ranges from January of 1998 to
June of 2009 [39]. The collected data were divided into two
parts, training data (data from 1998 to 2007) and testing data
(data after 2007), for each tourism demand time series. The

Table 5: Comparison of the SA-Dmodel and the other combination
models.

Americas Europe Oceania
ARIMA + BPNN
APE 13.41 12.95 13.46
NMSE 0.3992 0.8153 0.5327
R 0.9918 0.9917 0.9856

ARIMA + SVR
APE 11.46 11.37 11.87
NMSE 0.2878 0.6316 0.5102
R 0.9923 0.9917 0.9871

The SA-D model (with data preset
as other authors did)
APE 9.61 9.73 9.89
NMSE 0.2788 0.4561 0.4968
R 0.9934 0.9921 0.9864

The SA-D model (without data
preset)
APE 10.34 10.51 10.87
NMSE 0.3458 0.5619 0.6027
R 0.9912 0.9906 0.9891
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Figure 5: Error decline curve of the DNN model and the SA-D
model.

author scaled the data within the range of (0, 1) through the
following formula:

𝑥𝑡 − 𝑥min
𝑥max − 𝑥min

× 0.7 + 0.15. (14)

So we use the data with the same preset as the author did and
without the data preset separately and get our experimental
results.

Before comparing with the models, we summarize the
experimental results based on the orthogonal array, factor
assignment, and statistical tests as Table 4 shows. Here the
MSD values are calculated by 𝑥 ± 𝑠, where 𝑥 means the
mean of the results over 20 runs and 𝑠 means the standard
deviation. It can verify whether the data is closer to reality or
not. And 𝑝 value can determine whether the residual is white
noise sequence or not after the statistical test by using QLB
statistic. Finally, we choose the result of number 7 to do the
comparison.

As Table 5 shows, ourmodel hadmuch better results than
other authors’ models. But we have to say that the data preset

Training data before 2015 simulation (DNN)
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Figure 6: Training data before 2015 simulation of the DNN model
and the SA-D model.

by (14) made the results better and reduced the running time
of program.

4. Conclusions

In this study, we proposed a new model, the SA-D model,
which mixed the SARIMA model and the DNN model
together. First, we used the data collected from Japan
Tourism Agency Ministry of Land, Infrastructure, Transport
and Tourism and Japan National Tourism Organization to
compare the SA-D model and DNN model; the results
showed that the SA-Dmodel performedmuch better in fitting
and forecasting the time series data. Then we verified the
effectiveness of our model by comparing with other authors’
models and got the expected result.
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Figure 7: Forecast data after 2015 simulation of the DNNmodel and
the SA-D model.

The contributions of this study lie in two aspects. Our
study is based on neuron model with dendritic nonlinearity
model and it theoretically strengthens the assumption that
a neural network model performs better than linear models
when forecasting nonlinear variables.

This study which mixed the linear model and the nonlin-
ear model together opens the door for further combination
models with different methods and models.
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artificial neural networks,” Tékhne, vol. 12, no. 1-2, pp. 26–36,
2014.

[14] G. E. Box, G. M. Jenkins, G. C. Reinsel, and G. M. Ljung, Time
Series Analysis: Forecasting and Control, John Wiley & Sons,
2015.

[15] J. Shahrabi, E. Hadavandi, and S. Asadi, “Developing a hybrid
intelligent model for forecasting problems: case study of
tourism demand time series,”Knowledge-Based Systems, vol. 43,
pp. 112–122, 2013.

[16] X. Li, B. Pan, R. Law, and X. Huang, “Forecasting tourism
demand with composite search index,” Tourism Management,
vol. 59, pp. 57–66, 2017.



Computational Intelligence and Neuroscience 9

[17] Y. Kawakubo and T. Kubokawa, “Modified conditional AIC in
linear mixed models,” Journal of Multivariate Analysis, vol. 129,
pp. 44–56, 2014.

[18] C.-F. Chen, M.-C. Lai, and C.-C. Yeh, “Forecasting tourism
demand based on empirical mode decomposition and neural
network,” Knowledge-Based Systems, vol. 26, pp. 281–287, 2012.

[19] O. Claveria and S. Torra, “Forecasting tourism demand to
Catalonia: neural networks vs. time series models,” Economic
Modelling, vol. 36, pp. 220–228, 2014.

[20] N. Davies, J. Pemberton, and J. D. Petruccelli, “An auto-
matic procedure for identification, estimation and forecasting
univariate self exiting threshold autoregressive models,” The
Statistician, vol. 37, no. 2, pp. 199–204, 1988.

[21] H. Constantino, P. Fernandes, and J. Teixeira, “Tourismdemand
modelling and forecasting with artificial neural network mod-
els: the Mozambique case study,” Tekhen, vol. 14, no. 2, pp. 113–
124, 2016.

[22] C. J. Lin,H. F. Chen, andT. S. Lee, “Forecasting tourismdemand
using time series, artificial neural networks and multivariate
adaptive regression splines: evidence from taiwan,” Interna-
tional Journal of Business Administration, vol. 2, no. 2, article no.
14, 2011.

[23] J. M. Bates and C.W. J. Granger, “The combination of forecasts,”
Operational ResearchQuarterly, vol. 20, no. 4, pp. 451–468, 1969.

[24] K.-Y. Chen, “Combining linear and nonlinear model in fore-
casting tourism demand,” Expert Systems with Applications, vol.
38, no. 8, pp. 10368–10376, 2011.

[25] S. Shen, G. Li, and H. Song, “Combination forecasts of Interna-
tional tourism demand,”Annals of TourismResearch, vol. 38, no.
1, pp. 72–89, 2011.

[26] W. Yan, “Toward automatic time-series forecasting using neural
networks,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 23, no. 7, pp. 1028–1039, 2012.

[27] K. Lin, P. Pai, Y. Lu, and P. Chang, “Revenue forecasting using
a least-squares support vector regression model in a fuzzy
environment,” Information Sciences, vol. 220, pp. 196–209, 2013.

[28] D. Basak, S. Pal, and D. C. Patranabis, “Support vector regres-
sion,”Neural Information Processing-Letters and Reviews, vol. 11,
no. 10, pp. 203–224, 2007.

[29] P.-F. Pai, K.-C. Hung, and K.-P. Lin, “Tourism demand forecast-
ing using novel hybrid system,” Expert Systems with Applica-
tions, vol. 41, no. 8, pp. 3691–3702, 2014.

[30] H.Yang, L. Lu, andW.Zhou, “Anovel optimization sizingmodel
for hybrid solar-wind power generation system,” Solar Energy,
vol. 81, no. 1, pp. 76–84, 2007.

[31] K. Bogner, F. Pappenberger, and H. L. Cloke, “Technical note:
the normal quantile transformation and its application in a
flood forecasting system,”Hydrology and Earth System Sciences,
vol. 16, no. 4, pp. 1085–1094, 2012.

[32] E. B. Dagum, The X-II-ARIMA Seasonal Adjustment Method,
Seasonal Adjustment and Time Series Staff, Statistics Canada,
1980.

[33] S. Hylleberg, R. F. Engle, C.W. Granger, and B. S. Yoo, “Seasonal
integration and cointegration,” Journal of Econometrics, vol. 44,
no. 1-2, pp. 215–238, 1990.

[34] J. Cunado, L. A. Gil-Alana, and F. P. de Gracia, “Is the US fiscal
deficit sustainable?: a fractionally integrated approach,” Journal
of Economics and Business, vol. 56, no. 6, pp. 501–526, 2004.

[35] W. S. McCulloch and W. Pitts, “A logical calculus of the ideas
immanent in nervous activity,” The Bulletin of Mathematical
Biophysics, vol. 5, no. 4, pp. 115–133, 1943.

[36] M. Minsky and S. Papert, Perceptrons-Expanded Edition: An
Introduction to Computational Geometry, 1987.

[37] http://www.mlit.go.jp/kankocho/siryou/toukei/shukuhakut-
oukei.html.

[38] http://www.jnto.go.jp/jpn/statistics/data info listing/index.html.
[39] http://admin.taiwan.net.tw/statistics/year.aspx?no=134.

http://www.mlit.go.jp/kankocho/siryou/toukei/shukuhakutoukei.html
http://www.mlit.go.jp/kankocho/siryou/toukei/shukuhakutoukei.html
http://www.jnto.go.jp/jpn/statistics/data_info_listing/index.html
http://admin.taiwan.net.tw/statistics/year.aspx?no=134


Research Article
Main Trend Extraction Based on Irregular Sampling Estimation
and Its Application in Storage Volume of Internet Data Center

Beibei Miao,1 Chao Dou,2 and Xuebo Jin3

1Baidu, Inc., Beijing 100085, China
2Center of Quality Engineering, AVIC China Aero-Polytechnology Establishment, Beijing 100028, China
3School of Computer and Information Engineering, Beijing Technology and Business University, Beijing 100048, China

Correspondence should be addressed to Xuebo Jin; jinxuebo@btbu.edu.cn

Received 31 August 2016; Accepted 15 November 2016

Academic Editor: Francisco Mart́ınez-Álvarez
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The storage volume of internet data center is one of the classical time series. It is very valuable to predict the storage volume of a
data center for the business value. However, the storage volume series from a data center is always “dirty,” which contains the noise,
missing data, and outliers, so it is necessary to extract the main trend of storage volume series for the future prediction processing.
In this paper, we propose an irregular sampling estimationmethod to extract themain trend of the time series, in which the Kalman
filter is used to remove the “dirty” data; then the cubic spline interpolation and average method are used to reconstruct the main
trend. The developed method is applied in the storage volume series of internet data center. The experiment results show that the
developed method can estimate the main trend of storage volume series accurately and make great contribution to predict the
future volume value.

1. Introduction

In general, the internet data center stores a huge scale of
data, for example, the data of search engines and the data
of E-commerce services. It is necessary to predict the future
storage volume value of a data center, because it is helpful
for operation engineers to make purchasing devices plan
for data center. As the devices always have limited warranty
time and the maintenance cost is large, it is better to buy
devices when needed, because this will cost less. Meanwhile,
considering the devices transportation delay, engineers have
to buy devices in advance to offer enough storage space for the
increasing data. Thus, making an accurate prediction result
for storage volume series is very important. However, the
collected storage data often contains white noise, outliers,
and missing data (replaced by 0) besides the real main trend.
Such “dirty” data adds great difficulties to make accurate
prediction [1]. In fact, dirty data will inflict daunting waste,
which had cost US businesses 600 billion dollars each year
[2]. Thus, it is very important to clean the dirty data and
extract its main trend.

Figure 1 shows a storage volume series of a data center,
which comes from an internet company (the values have been
desensitized). Figure 1 labels the main features of the dirty
time series data. Feature “a” in Figure 1 represents themissing
data, which may be caused by machines’ sudden halt or
data collection subsystem. Feature “b” represents the outliers,
which may be the wrong record data caused by “bugs” in the
record programme. Feature “c” represents the noise which
is the change of the usage and the enlarged subplot shows
the detail fluctuation of the noise in the main trend. Figure 2
gives the main trend of Figure 1, which is the trend we expect
to be used for the further prediction of the storage volume.
Therefore, our assignment is to extract the main trend in
Figure 2 from the “dirty” series in Figure 1.

In fact, there are many techniques of extracting the
main trend. For example, [3] employs an STL method
to decompose the main trend based on Loess, while [4]
applies a piecewise approximation method to extract the
underlying long-term trend. Reference [5] explores a quantile
regression method to extract the main trend. Though these
methods can achieve the main trend, they still have some
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Figure 1: The dirty storage volume time series.
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Figure 2: The main trend of storage volume time series.

shortcomings. There are too many parameters and decom-
position steps in STL method. Therefore, it is difficult to
initialize the parameters and the computation costs are very
large. The piecewise approximation method [4] can ignore
the distortion of outliers and have good extraction result
for the long-term trend. But it cannot give specific data of
the main trend because it estimates the long-term trend
by median values in certain window. As for the regression
method [5], it cannot obtain the main trend directly and
has to go further by using interpolation methods to get the
main trend, for example, the linear or B-spline interpolation
method. This may cause overfitting when the time series
is short or achieve poor extraction result because the large
blocks of outliers would distort the spline and yield a large
number of incorrect interpolation results.

Unlike the mentioned approach, this paper offers an
estimation method to achieve the main trend. To the best of
our knowledge, the Kalman filter can estimate the dynamic
features of time series, as well as its main trend. What is
more, researchers have received a lot of results about Kalman
filter [6–9], bywhich the extracted high dimension characters
can also be used to predict the tendency of series [10–12]

or make further decision through other methods like the
intelligence method [13, 14]. For example, [6] gives a real-
time correction method to estimate data online and forecast
the water stage, which is effective and fast. Reference [15]
considers a prediction problem for multivariate time series
and proposed an online model by echo state network (ESN)
based on square root cubature Kalman filter.

However, the above Kalman filter methods are based on
regular sampling estimation, which means that all of the
measurements will be used. If we employ these methods
on the storage volume time series directly, the outliers and
missing datawill greatly degrade the estimation performance.
For our “dirty” time series case, we prefer to use some of
the measurement data so as to discard the outliers and the
missing data.Thus, the “irregular” estimation method will be
helpful.

As for the irregular estimation methods, researchers have
got lots of results; for example, [16] develops a method to
handle time-varying and uncertain delay problem. Based on
the modification of the Kalman filter and the negative-time
measurement update strategy, [17] used the full augmented
order models to handle the long delay problem for the
networked control systems and scarce measurement problem
for out-of-sequence measurements. Reference [18] discussed
the irregular estimation method in detail and transformed
the irregular sampling time to a time-varying parameter
by calculating the matrix exponential with inverse Laplace
transform method. Based on the statistic relation between
autocorrelation function and the covariance of Markov
random processing, [19] develops a model to track video
signal by Kalman filter, which can adaptively adjust the
model parameters while tracking and obtain good estimation
performance even at a very low irregular rate. These research
results show us that the Kalman filter based on irregular
sampling estimation can use the part of the measurement
data and we hope it will help us to cut down the effect of the
outliers and the missing data.

The result of irregular sampling estimation is the com-
pressed data series with unknown amount of series and
sampling intervals, which will confuse the following pre-
diction of the future main trend. So we apply cubic spline
method to interpolate the storage volume time series and
reconstruct the whole time series with the same number of
the former series. Also, we note that the irregular estimation
may select some “dirty”measurements. Such datamay distort
the estimation, which will cause the quality of the main
trend with poor performance. To get robust main trend,
we estimate and reconstruct the time series several times
instead of only once. Then, an average method is used to
achieve the main trend. Part of the developed method has
been mentioned in the conference paper [20] with 4 pages.
By comparison, this manuscript gives the details of the main
trend extractionmethod and discusses the experiments more
comprehensively.

This paper is organized as follows. Section 2 details
the main trend estimation algorithm, including the irregu-
lar sampling estimation based on Kalman filter, the cubic
spline interpolation reconstruction method, and the aver-
aging method. Section 3 gives the experiment results. The
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developed method is applied for the storage volume of the
internet data center; meanwhile the results of some reference
methods, such as the Piecewise Median Underlying (PMU)
method, the local regression smoothing (Loess) method, and
theMoving Average (MA) smoothingmethod, are also given.
Conclusions and future works are presented in Section 4.

2. Main Trend Estimation Algorithm

Before introducing the algorithm, we have to give the defini-
tion of Compression Sampling Rate (CSR) to value the degree
of compression:

CSR = 𝑁𝑠𝑁 , (1)

where 𝑁𝑠 is the number of selected data and 𝑁 is the
total number of original storage volume time series. We can
note that lower CSR means higher compression degree. By
using the irregular sampling method, we can retain the main
information of original storage volume time series under a
low CSR value.

Figure 3 gives the flow chart of the main trend estimation
algorithm. The main trend estimation algorithm contains
three parts: the compressed estimation step by Kalman filter,

the cubic spline interpolation reconstructionmethod, and the
average method. By using the irregular sampling method, we
can compress the original dirty data series and try to discard
outliers andmissing data.The interpolationmethod is helpful
to achieve reconstructed time series with the same length as
the original storage volume time series. To avoid the influence
of some “lucky” selected outliers, we estimate the time series𝑀 times and obtain 𝑀 time series with the same CSR value.
The average method is used to obtain final extracted main
trend.

2.1. The Irregular Sampling Compression and Kalman Filter
Estimation Method. Our research is designed for discrete
time series, and the following is the Kalman filter equations:

Initialization: 𝑘 = 0
�̂� (0 | 0) = 𝑉0,𝑃 (0 | 0) = 𝑃0,𝛼 (0) = 𝛼0,

𝛿2
𝑤

(0) = 𝛿2
𝑤0

,
𝜆 = 𝜆0

(2)

Recursion: 𝑘 fl 𝑘 + 𝛿
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Here 𝛿 represents the interval between two pieces of input
data. Usually 𝛿 > 1, so we can compress the series and use the
Kalman filter to extract the basic trend. The method about
how to select 𝛿 is discussed in Note 1.

(a) Prediction
�̂� (𝑘 + 𝛿 | 𝑘) = Φ (𝑘 + 𝛿, 𝑘) �̂� (𝑘 | 𝑘) ,
𝑃 (𝑘 + 𝛿 | 𝑘) = Φ (𝑘 + 𝛿, 𝑘) 𝑃 (𝑘 | 𝑘) Φ𝑇 (𝑘 + 𝛿, 𝑘)

+ 𝑄 (𝑘) .
(3)

(b) Update

�̂� (𝑘 + 𝛿 | 𝑘 + 𝛿)
= �̂� (𝑘 + 𝛿 | 𝑘)

+ 𝐾 (𝑘 + 𝛿) [𝑦 (𝐾 + 𝛿) − 𝐻�̂� (𝑘 + 𝛿 | 𝑘)] ,
𝐾 (𝑘 + 𝛿)

= 𝑃 (𝑘 + 𝛿 | 𝑘) 𝐻𝑇 [𝐻𝑃 (𝑘 + 𝛿 | 𝑘) 𝐻𝑇 + 𝑅]𝑇 ,
𝑃 (𝑘 + 𝛿 | 𝑘 + 𝛿) = [𝐼 − 𝐾 (𝑘 + 𝛿) 𝐻] 𝑃 (𝑘 + 𝛿 | 𝑘) ,

(4)

where the observation vector 𝑦(𝑘) is the storage capacity time
series with 𝑁 points and 𝑘 = 1, 2, 3, . . . , 𝑁; �̂�(𝑘 + 𝛿, 𝑘 + 𝛿) is
the estimated current time series data. 𝐼 is a unit matrix and𝑅
is the covariance of the series noise. 𝜙(𝑘 + 𝛿, 𝑘) is the process
transformation matrix, 𝑄(𝑘) is the process noise covariance
matrix, and 𝐻 is the observation transformation matrix.

From (2)–(4), we can see that the system parameters of𝜙(𝑘 + 𝛿, 𝑘), 𝑄(𝑘), 𝐻, and 𝑅 are important to the Kalman filter,
in which 𝜙(𝑘 + 𝛿, 𝑘) and 𝑄(𝑘) are called the process models
and 𝐻 and 𝑅 are called measurement models. To capture the
dynamic characters, researchers have given many models for
estimation. Notes 2 and 3 will give more specific information
about dynamic models.

Note 1 (the selection about 𝛿). The initial 𝛿 is set as 0
and assume Sa is a uniform distribution random vector
with 𝑁 dimension, where Sa(𝑖) ∈ (0, 1), 𝑖 = 1, 2, . . . , 𝑁.
Then we introduce a constant named A, where 𝐴 ∈ (0, 1)
corresponding to CSR. For example, 𝐴 is 0.7 means the CSR
value is (1−0.7) ∗ 100% = 30%.

We obtain the interval value by comparing Sa(𝑖) and 𝐴.
Only the 𝑖th data with Sa(𝑖) > 𝐴 is picked up and 𝛿 is
calculated by two adjacent picked pieces of data. We give an
example for the relation of 𝐴 and 𝛿 and how to calculate𝛿 is shown in Figure 4. In Figure 4, 𝐴 is set as 0.7, and 20
points Sa(𝑖) ∈ (0, 1), 𝑖 = 1, 2, . . . , 20, are created by a uniform
distribution random vector.We can see that only the 3rd, 6th,
12th, 13th, and 18th are larger than 0.7; therefore we can get𝛿 = 3, 3, 6, 1, and 5. The flow chart is shown in Figure 5.

Note 2 (the selection of process models). The process model
described the changing relations about the main trend. Some
inertia model had been developed by the researchers, such
as constant-velocity (CV) model, constant-acceleration (CA)
model, Singer model, the “current” model, and the adaptive
model. CV [21] assumes that the acceleration is a Wiener
process or, more generally and precisely, the acceleration
is a process with independent increments, which is not
necessarily a Wiener process. It is simply referred to as CA
or more precisely “nearly-constant-acceleration model” [22].
The Singer model in [23] assumes the acceleration as a first-
order semi-Markov process with zeromean, which in essence
is a priori model since it does not use online information
about the target maneuver, and it can be made adaptive
through some parameters.

An accelerationmodel, called the “current” model [23], is
in essence a Singer model with an adaptive mean, that is, a
Singer model modified to have a nonzero mean of the accel-
eration. The “current” model can use the online information
and replace the a priori (unconditional) probability density
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Figure 5: The flow chart of obtaining 𝛿.

of acceleration in Singer model by a conditional density, that
is, Rayleigh density. Clearly, this conditional density carries
more accurate information than a priori density.

The above models all need prior hypothesis. Based on the
statistical relation between the autocorrelation function and
the covariance of Markov random processing, [24] develops
a model which can adaptively adjust system parameter to
dynamics characters of time series online, but this process is
complex to compute. In practice, we should choose the appro-
priate systemparameters to suit the data dynamics characters.
In our experiments, we use several models for the developed
algorithm and discuss the estimation performance.

Note 3 (the selection of measurement models). We give the
measurement model for the main trend of the series data as

𝑦 (𝑘) = 𝐻 (𝑘) 𝑥 (𝑘) + V (𝑘) , (5)

where 𝑥(𝑘) is the main trend to be extracted. The extraction
matrix 𝐻(𝑘) can be set as 𝐻(𝑘) = [1 0 0] if the state is
defined as a three-dimensional vector. The covariance of the
extraction noise V(𝑘), whichwe denote asR, can be decided by
the difference between the main trend and the original data
as

𝑅 = ∑𝑁𝑡+𝑘0
𝑘=𝑘0

[𝑦 (𝑘) − 𝑥 (𝑘)]2
𝑁𝑡 , (6)

where 𝑦(𝑘) is the original data, 𝑥(𝑘) is the expected main
trend, 𝑘0 is the positive constant, 𝑘0 ∈ (0, 𝑁), and 𝑁𝑡 is the
number of the series to be estimated; 𝑁𝑡 ≤ 𝑁 − 𝑘0.

To better illustrate the influence of 𝑅, we choose a
segment of the dirty data in Figure 1 with 𝑁𝑡 samples to
calculate 𝑅 (named as 𝑅small), where 𝑁𝑡 ≤ 𝑁 (in the first
subplot in Figure 6, the red part is the data selected to be

estimated). We also choose the whole dirty time series to
calculate 𝑅 (named as 𝑅large), shown in the third subplot in
Figure 6, with the “red” part showing the data for estimating.
Because of the influence of outliers, 𝑅small is smaller than𝑅large. In the second and the fourth subplots in Figure 6,
the red lines show the estimation results by 𝑅small and 𝑅large,
respectively. To be more clear, Figure 7 gives an enlarged
subplot about the estimated main trend with 𝑅small and 𝑅large
from 2600th to 3000th samples. From Figure 7, we can
conclude that 𝑅small can get the less estimated point with
errors than 𝑅large and such peak value can be removed by the
following average step. Therefore, in practice, 𝑁𝑡 is chosen as𝑁/3 so as to remove some of the “dirty” data and receive the
better results.

As to the expected main trend 𝑥(𝑘), we should choose it
based on the practical applications. In general, we know what
the main trend should be in practice, as we have mentioned
that the “dirty” data of a data center shown in Figure 1 should
have the main trend as in Figure 2, where the data engineers
give this suggestion based on the knowledge about the data
center.

2.2.TheCubic Spline InterpolationReconstructionMethod. By
the compression and estimationmethod in Section 2.1, we can
obtain the useful information of main trend based on part of
the original storage volume series. But the compressed series
cannot be used for the further prediction directly because
its sampling is irregular. Thanks to 𝛿 parameter, the specific
intervals between two pieces of input data are retained and
can be used to reconstruct the whole time series.

The polynomial of cubic spline interpolation 𝑆(𝑥) is
a piecewise function of 𝑥0, 𝑥1, . . . , 𝑥𝑛−1, 𝑥𝑛 data.Each cubic
polynomial value determines the parameters at each mini
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zone [𝑥𝑖−1, 𝑥𝑖] and the node 𝑥𝑖 satisfies 𝑎 = 𝑥0 < 𝑥1 < ⋅ ⋅ ⋅ <𝑥𝑛−1 < 𝑥𝑛 = 𝑏. We have

𝑆 (𝑥) = 1
6ℎ𝑖 [(𝑥𝑖 − 𝑥)3 𝜆𝑖−1 + (𝑥 − 𝑥𝑖−1)3 𝜆𝑖]

+ (𝑦𝑖−1 − ℎ2
𝑖6 𝜆𝑖−1) 𝑥𝑖 − 𝑥

ℎ𝑖
+ (𝑦𝑖 − ℎ2

𝑖6 𝜆𝑖) 𝑥 − 𝑥𝑖−1ℎ𝑖 ,

(7)

where 𝑥 ∈ [𝑥𝑖−1, 𝑥𝑖], 𝑖 = 1, 2, . . . , 𝑁 ⋅ 𝐶𝑆𝑅.

Define

𝜇𝑖 = ℎ𝑖ℎ𝑖 + ℎ𝑖+1 ,

𝜆𝑖 = ℎ𝑖+1ℎ𝑖 + ℎ𝑖+1 = 1 − 𝜇𝑖,

𝑑𝑖 = 6
ℎ𝑖 + ℎ𝑖+1 ( 𝑦𝑖+1 − 𝑦𝑖ℎ𝑖+1 − 𝑦𝑖 − 𝑦𝑖+1ℎ𝑖 )

= 6𝑓 (𝑥𝑖−1, 𝑥𝑖, 𝑥𝑖+1) .

(8)

Equation (8) satisfies the following 𝑛 − 1 equations:

𝜇𝑖𝜆𝑖−1 + 2𝜆𝑖 + 𝜆𝑖𝜆𝑖+1 = 𝑑𝑖, 𝑖 = 1, 2, . . . , 𝑛 − 1. (9)

Equation (7) has 𝑛 + 1 unknown quantity; if we set 𝜆0 =𝜆𝑛 = 0, the value of 𝜆𝑖 (1 ≤ 𝑖 ≤ 𝑛 − 1) and
trend(𝑥) can be obtained. In our reconstruction, we get
cubic spline interpolation values in each [𝑥𝑖−1, 𝑥𝑖], where𝑥𝑖−1 and 𝑥𝑖 are the adjacent two sampled input storage time
series.

2.3. The Averaging Method. As mentioned previously, we
select the part of the original dirty storage volume series to
estimate. Under the assumption that the outliers are little, we
can guarantee that most of the selected data can contribute
to the main trend data and most of useful information can
be extracted when outliers can be discarded andmissing data
can be handled. However, some of the outliers or the missing
data of the real storage volume time series may be “lucky”
enough and be selected. In fact, the “lucky” selected data will
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distort the main trend in the interpolation reconstruction
step and decrease the extraction performance. Decreasing
the CSR value is surely a way to reduce the possibility
of “lucky” one, but too low CSR value may cause some
useful information to be lost. So we further use the average
method to achieve the main trend after reconstruction
step.

The averaging method can be detailed as follows. At
first, we use the irregular estimation method 𝑀 times to
get 𝑀 main trend series. As to the reconstruction results,
the selected “lucky” outliers or missing data are always
the max. or min. value among 𝑀 reconstructed series
with the same column. Thus, the average method is used
to calculate the mean value by discarding the max. and
min. value. Repeat several cycle times until the max. and
min. are similar to the mean. For simplicity, instead of
numerical comparisons, we use the number of cycles to
control the end of the cycle. The detailed algorithm is as
follows:

(1) Calculate the max. and min. values of each column in𝑀 × 𝑁 reconstructed time series matrix, where 𝑁 is
the number of the time series.

(2) Set the max. and min. value of the row by zeros.
(3) Calculate the mean value of each column in the

replaced 𝑀 × (𝑁 − 2) matrix.
(4) Use the calculated mean value replacing the “zeros.”
(5) Repeat the above steps II cycle times, where II is a

positive constant.

3. Experiments and Discussion

In this section, two parameters are used to measure the per-
formance of the developed main trend estimation method:
Covariance (Cov) is introduced to evaluate the quality of
the estimated main trend and Time of Programming (TP) is
applied to measure the calculation cost of different dynamic
models:

�̂� (𝑘) − 𝑦 (𝑘) = 𝑒 (𝑘) ,
Cov = ∑𝑁

𝑘=1
𝑒 (𝑘)

𝑁 , (10)

where 𝑦(𝑘) represents the expected main trend, while �̂�(𝑘)
represents the estimated main trend by developed algorithm.𝑁 is the total number of the original storage volume time
series.

Section 3.1 gives several reference methods, such as the
Piecewise Median Underlying method, the Local regression
smoothing (Loess) method, and the Moving Average (MA)
smoothing method, whose results have been discussed. Sec-
tion 3.2 discussed the developed method of performance
based on different models, including CV, CA, Singer, current
model, and adaptive model.

3.1. Several Reference Approaches for Extracting Main Trend.
In this section, the Piecewise Median Underlying (PMU)

Table 1: The Cov of main trend extraction result based on PMU,
Loess, and MA.

Cov PMU Loess MA
10 704090 1307400 915220
50 323010 672790 309860
100 32780 427980 167570
150 71339 314470 114510
200 124360 244900 85857
250 174170 206780 71517
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Figure 8: The extraction result by PMU, Loess, and MA.

method [5], the Local regression (Loess) smoothing method
[3], and the Moving Average (MA) smoothing method [4]
are used for extracting the main trend of the storage volume.
Table 1 gives the Cov result based on the threemethods under
different window size and Figure 8 shows the extraction result
of the three methods.

From Table 1 and Figure 8, we can see that the window
size can influence greatly the result of main trend extraction
by PMU, Loess, and MA methods. For PMU method,
there exists a tradeoff between the window size and the
extraction performance. In fact, small window size means a
better approximation of the expected main trend, while large
window size means a more poor approximation result. So the
Cov value should be larger along with larger window size. But
the existence of missing data and outliers make Cov value
very large when the window size is small. That is the reason
why a tradeoff (323010) exists in PMUextractionmethod. For
Loess and MA methods, it is easy to find that larger window
size means better extraction result. But when the window
size is too large, the time delay problem is very obvious.
Thus we have to find a tradeoff for these two methods too,
for example, the window size with 200. Figure 9 gives the
main trend extraction result of the threemethods under their
tradeoff. And Figure 10 gives the detailed information of the
four windows in Figure 9.

From Figures 9 and 10, we can see that the Loess and
MA methods can remove white noise very well, but they
cannot deal with the outliers andmissing data as well as PMU.
Though the PMU has a low Cov value, it depends on the
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Figure 10: The detailed extraction result by PMU, Loess, and MAmethods.

values of the calculating window.What is more, there exists a
long lag effect for its trend if the last few points are less than
the window.

3.2. Extract Main Trend Based on Different System Models
Based on Different System Models. In this section, we will
use different system model for the developed extracting
method to compare with PEU, Loess, and MA methods;
meanwhile we will analyze the performance of developed

method based on different system models. Table 2 gives the
extraction Cov with the different system dynamic models
and CSR. Figures 11 and 12, respectively, give the Cov and
TP values about different dynamic models and different
CSR values. Comparing Tables 1 and 2, we can conclude
that our developed method is better than PMU, Loess, and
Moving Average smoothing methods, because the Cov value
is smaller, especially when the CSR value is small. We admit
that the computation cost of the developed method is larger
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Table 2: The Cov/TP main trend estimation result.

CSR CV CA Singer Current Jerk Adaptive
1% 46214/246.60 21834/243.11 11278/244.60 47011/245.23 15680/248.69 14839/237.18
3% 119460/285.06 163920/250.55 107880/252.01 137070/251.68 168470/252.27 140280/242.28
5% 243250/355.91 247660/261.56 287760/261.34 233420/261.83 192730/264.86 288430/250.64
7% 382880/483.28 488200/268.93 360140/269.89 436360/272.67 365600/270.34 348420/260.81
9% 610100/588.35 433290/279.60 570830/281.79 507100/287.21 492320/280.91 534560/273.98
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Figure 11: The estimation Cov result of different models.
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Figure 12: The estimation TP result of different models.

than other three methods, but the computing time cost will
still be within the limitation of practical application.

From Table 2, we can see that smaller CSR means better
main trend estimation result when the dynamic model is
determined. It is about half time downofCov valueswhen the
CSR is 2% smaller. The reason is that small CSR can reduce
the probability of selecting “lucky” dirty data.

Figure 13 gives the estimated trendswith the Singermodel
for different CSR values, and Figure 14 gives the enlarged
details of the windows in Figure 13. From the figures, we can
note that lower CSR value is helpful to achieve better main
trend.
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Figure 13: The estimation result by Singer model under different
CSR.

4. Conclusions

The estimation result may be different by different dynamic
models with the set CSR value. Figure 15 gives the estimation
result about different models when CSR is 1%. And Figure 16
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gives the detailed estimation information where there exists
large block of outliers. By the different estimation covariance
in Table 2, it can be concluded that different model can
achieve different estimation results. On the other hand, less
CSR means less TP value, which means less computing time
cost. We also note that less CSR can also result in less
Cov values of the estimation. This excellent characteristic
helps in choosing an appropriate CSR for good estimation
when the Cov and TP values are small. From Table 2, we
can conclude that the developed method can achieve the

best main trend when CSR is 1% with the Singer model,
because it can achieve the lowest Cov value with the lowest
TP.

This paper gives a method to estimate the main trend for
the “dirty” time series of the storage volume series of the
data center. We combine the irregular compressions based
on Kalman estimation method together as well as the cubic
spline interpolation reconstruction algorithm to extract the
useful main information and then the averagemethod is used
to get the final main trend.We test this developed method on
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Figure 16

a storage volume series offered by an Internet company. It can
be found that our developed method can estimate the main
trend of a storage volume time series more accurately than
PMU, Loess, and MAmethods. And the accurate main trend
is helpful for predicting the future storage volume value. We
would like to mention that the developed algorithm has been
used in practice and, together with the prediction algorithms,
it has received high accuracy in practice.
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This study investigated the use of Artificial Neural Network (ANN) andGenetic Algorithm (GA) for prediction ofThailand’s SET50
index trend. ANN is awidely acceptedmachine learningmethod that uses past data to predict future trend, whileGA is an algorithm
that can find better subsets of input variables for importing into ANN, hence enabling more accurate prediction by its efficient
feature selection. The imported data were chosen technical indicators highly regarded by stock analysts, each represented by 4
input variables that were based on past time spans of 4 different lengths: 3-, 5-, 10-, and 15-day spans before the day of prediction.
This import undertaking generated a big set of diverse input variables with an exponentially higher number of possible subsets that
GA culled down to a manageable number of more effective ones. SET50 index data of the past 6 years, from 2009 to 2014, were
used to evaluate this hybrid intelligence prediction accuracy, and the hybrid’s prediction results were found to be more accurate
than those made by a method using only one input variable for one fixed length of past time span.

1. Introduction

Stock index, trend, and market predictions present a chal-
lenging task for researchers becausemovement of stock index
is the result of many possible factors such as a company’s
growth and profit-making capacity, local economic, social,
and political situations, and global economic situation. Good
predictions are crucial for minimizing investment risk and
maximizing return.

There are 2 kinds of stock analyses: fundamental and
technical. The first kind is an analysis of the intrinsic value
of a stock based on consideration of basic factors such as
a company’s growth and profit-making capacity, the growth
of its industrial group, and the economic trend. The second
kind, on the other hand, is a mathematical analysis based on
past stock index records. The simplest analysis of this kind
is to make prediction by observing stock movement trend
in a graph. More sophisticated analyses employ complex
statistical methods and machine learning algorithms.

Artificial Neural Network (ANN) is one of the popular
machine learning algorithms that has been applied for time

series forecasting and a widely accepted method for predic-
tions of stock index, trend, and market [1, 2]. Kimoto et al.
[3] were the first, in 1990, to apply a modular neural network
machine learning algorithm to predict themovement of stock
index of Tokyo Stock Exchange and the best times to buy
and sell its stocks. Later on, ANN was developed and widely
applied to stock analysis. For example, Wu and Lu [4] used
ANN to predict S&P 500 stock index, compared its prediction
resultswith thosemade by aBox-Jenkinsmodel, and reported
that ANNmade more accurate predictions, while Zhang and
Wu [5] used Improved Bacterial Chemotaxis Optimization
(IBCO) with Backpropagation Neural Network (BPNN) to
predict the same index. Birgul et al. [6] used ANN to predict
ISE index. Bollen et al. [7] used data posted on Twitter to
predict Dow Jones index. Guresen et al. [8] used 4 models—
ANN Multilayer Perceptron (MLP), Dynamic Architecture
for Artificial Neural Network (DAN2), GARCH-MLP, and
GARCH-DAN2—to predict NASDAQ index and found that
MLP was the most accurate. Wang et al. [9] combined Elman
recurrent neural networks with stochastic time effective
function to predict SSE, TWSE, KOSPI, and Nikkei225. Not
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only for predicting established stock markets, ANN was also
used for predicting emerging ones. For example, Kara et al.
[2] used ANN and SVM to predict the movement of Turkish
ISE 100 index by importing several technical indicators and
found that ANN’s predictions were accurate. Patel et al.
[10] proposed a preparation of trend deterministic data of
technical indicators prior to import into models and found
that it gave better prediction results than those given by
a conventional import procedure when the indicators were
imported into 4 models—ANN, SVM, Random Forest, and
Näıve-Bayes classifier models—that were used to analyze
CNX Nifty and S&P Bombay Stock Exchange markets.
Manish and Thenmozhi [11] used ANN, SVM, logit, and
Random Forest to predict the daily movement of direction of
S&P CNX NIFTY Index and found that SVM outperformed
the other models. In all of the works above, either ANN or
SVM was the top performer. Most recently, Inthachot et al.
[12] imported 10 technical indicators into ANN and SVM,
used themodels to predict themovement ofThailand’s SET50
index, and found that ANN was more accurate than SVM,
but both were still low in accuracy and needed to be further
developed.

The Stock Exchange of Thailand (SET) is an emerging
stock market in the TIP group (Thailand, Indonesia, and the
Philippines) that has attracted the attention of Asian and
global investors alike. When SET started to operate on April
30, 1975, only 16 public companies were registered; in 2015,
the number exceeded 500. SET50 index is an index calculated
from the stock prices of the top 50 companies registered in
SET in terms of largemarket capitalization and high liquidity.
Accurate prediction of SET50 index trend especially helps
short-term investors to reduce risk and make profit from
SET50 Futures and SET50 IndexOptions of the TFEXFutures
markets.

As mentioned that the accuracy of SET50 index predic-
tions based on technical indicators calculated from one past
time span was still low, this study proposes importing techni-
cal indicators ofwhich each is represented by 4 input variables
based on 4 past time spans of different lengths—3-, 5-, 10-,
and 15-day spans before the day of prediction—in order to
generate more diverse subsets of input which is then culled
down to a manageable number of effective ones by Genetic
Algorithm (GA) and passed onto ANN to make prediction
of SET50 index trend. Our contribution to application of GA
to ANN was to use GA for finding a manageable number of
effective subsets of input into ANN in order to improve the
hybrid overall trend prediction accuracy.

The remainder of this paper is organized into the fol-
lowing sections: Section 2 is a literature review; Section 3
describes the methodology, research data, preprocessing of
the data, prediction models, and measurement accuracy;
Section 4 shows the experimental results and discussion; and
Section 5 concludes the study.

2. Literature Review

This review focuses on several studies that have applied
ANN to predict stock price and index in both established
and emerging markets. Leung et al. [13] used various types

of models based on multivariate classification method to
predict stock index trend and reported that classification
models (linear discriminant analysis, logit, probit, and proba-
bilistic neural network) outperformed level estimation mod-
els (exponential smoothing, multivariate transfer function,
vector autoregression with Kalman filter, and multilayered
feedforward neural network) in terms of prediction accuracy
of stock market movement direction and maximum return
of investment trading. Chen et al. [14] used probabilistic
neural network (PNN) to predict Taiwan Stock Exchange
movement direction and applied the prediction to formu-
lating trading strategies. They found that the prediction
results obtained from PNN were more accurate than those
obtained from GMM-Kalman filter and random walk. Altay
and Satman [15] used ANN and linear regression to predict
an emerging market movement direction and found that
ANN gave more accurate predictions: 57.8%, 67.1%, and
78.3% for daily, weekly, and monthly data, respectively. Kara
et al. [2] used ANN and SVM to predict Istanbul Stock
Exchange (ISE) movement direction based on stock index
data of 1997–2007 and employed 10 technical indicators as
input variables—simple moving average, weighted moving
average, momentum, stochastic K%, stochastic D%, RSI,
moving average convergence divergence (MACD), Williams’
R%, A/D oscillator, and CCI. The prediction accuracies of
their ANN model were found to be 99.27% for the training
data set and 76.74% for the test data set, while those of the
SVM model were 100% for the training set but only 71.52%
for the test data set. Chang et al. [16] used an evolving
partially connected neural networks (EPCNNs) model and
technical indicator input variables to predict the stock price
movement of Taiwan Stock Exchange (TSE).The architecture
of EPCNNs was different from that of ANN: connections
between neurons were random; more than one hidden layer
was accommodated; and weights were trained and adjusted
with GA. They found that their proposed model gave more
accurate predictions than those obtained from BPN, TSK
fuzzy system, and multiple regression analysis. Patel et al.
[10] proposed using deterministic input variables with ANN,
SVM, Random Forest, and Naı̈ve-Bayes models to predict
Indian stockmarket index trend.They constructed a layer for
converting 10 continuous input variables employed in a study
by Kara et al. [2] into deterministic input variables before
incorporating them into the models. The prediction results
obtained from ANN, SVM, Random Forest, and Näıve-
Bayes were 86.69%, 89.33%, 89.33%, and 90.19% accurate,
respectively, which were higher than those obtained from
models using continuous variables, the highest of which was
83.56% obtained from Random Forest model.

For the case of Thailand’s stock market, Sutheebanjard
and Premchaiswadi [17] used backpropagation neural net-
work (BPNN) to forecast SET Indexmovement during July 2–
December 30, 2004 (124 days), and obtained predictions with
a mean square error (MSE) of 234.68 and a mean absolute
percentage error (MAPE) of 1.96%. Inthachot et al. [12]
applied ANN and SVM to predictingThailand’s SET50 index
movement by employing the same 10 technical indicators that
Kara et al. [2] used and the index data of 2009–2014 and found
that year-by-year one-day prediction results by ANN were
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Table 1: The number of up and down movements of SET50 index
during 2009–2014.

Year Up (times) Up (%) Down (times) Down (%) Total
2009 137 56.38 106 43.62 243
2010 138 57.02 104 42.98 242
2011 119 48.77 125 51.23 244
2012 140 57.14 105 42.86 245
2013 126 51.43 119 48.57 245
2014 135 55.10 110 44.90 245
Total 795 54.30 669 45.70 1,464

more accurate than those by SVM. ANN’s average accuracy
for this study was quite low, at 56.30%, when compared with
the accuracy of the prediction results of ISE stock index
movement which was most likely due to considerably wilder
fluctuation of SET50 index values.

Readers who would like to have a comprehensive
overview of recent stock market forecasting research studies
should consult a review paper by Atsalakis and Valavanis [1].

3. Methodology

3.1. Data Preparation and Preprocessing. This work used a
data set of daily SET50 index at closing time between January
5, 2009, and December 30, 2014 (1,464 days). During this
period, the stock index moved up 795 times (54.30%) and
down 669 times (45.70%), as shown in Table 1.

The data set was divided into 5 groups for 5-fold cross-
validation runs, as shown in Table 2. A total of 5 runs were
made in which each run used one group of data as a test data
set and the other 4 groups as training data sets so that every
group was used as a test data set exactly once.

From all of the widely accepted 11 technical indicators
for stock price and index forecast [2, 10, 12, 18], each input
variable was calculated by the equation of its corresponding
indicator shown in Table 3. Four input variables were derived
from each technical indicator in which each of the four
variables was calculated based on one of these 4 past time
span lengths: 3, 5, 10, and 15 days, making up a total of 11 ×
4 = 44 input variables.

All input variables were normalized to [−1, 1] so that they
all had the same weight. The only output variable could take
a value of either 0 or 1—a value of 0 means that the predicted
next-day SET50 index was lower than the prediction day
index (down trend)while a value of 1means that the predicted
next-day index was higher than the prediction day index (up
trend).

3.2. Prediction Models

3.2.1. Artificial Neural Network (ANN). ANN (introduced by
McCulloch and Pitts [19]) is a machine learning model that
mimics an aspect of human learning from past experience to
predict a future outcome. ANN is widely adopted in research
studies on stock price and index forecast [1, 2, 8, 16, 20].
It has already been used for predicting SET50 index trend

[12] in a study and found to make more accurate predictions
than support vector machine (SVM). However, its absolute
accuracy was still not very good. This study attempted to
develop it further to make it more accurate for predicting
next-day SET50 index movement. Our ANN model was a
three-layered feedforward model consisting of an input layer,
a hidden layer, and an output layer. Past stock trading data
were represented by 11 technical indicators. Each technical
indicator was imported into ANN as 4 variables based on
4 different past time length spans, making up a total of 44
variables in the input layer. The number of nodes in the
hidden layer was set to 100, following the optimum number
used in a study by Inthachot et al. [12]. The transfer function
between nodes in the input layer and the hidden layer and
between nodes in the hidden layer and the output layer
was tan sigmoid. The output layer had 1 neuron with log
sigmoid transfer function. The computed output could take
a value between 0 and 1 where a value equal to or less
than 0.5 indicates a downward index movement and a value
higher than 0.5 indicates an upward movement. A weight
was assigned between each pair of connected nodes. Initially,
all of the weights were randomly generated; then they were
adjusted during the training period by a gradient descentwith
momentum method.

The model parameters that needed to be set were the
number of hidden layer neurons (𝑛), the learning rate (lr),
the momentum constant (mc), and the number of iterations
for learning (ep). They were set to 𝑛 = 100, lr = 0.1, mc = 0.1,
and 𝑒𝑝 = 8,000 following those that gave the best accuracy in
the study by Inthachot et al. [12] mentioned above.

3.2.2. A Hybrid Intelligence of ANN and Genetic Algorithm
(GA). ANN has several disadvantages such as long training
time, unwanted convergence to local instead of global optimal
solution, and large number of parameters; therefore, there
have been attempts to remedy some of these disadvantages
by combiningANNwith another algorithm that can take care
of a specific problem. An algorithm that has frequently been
hybridized with ANN is GA. In 1990,Whitley et al. [21] began
to use GA to optimize weighted connections and find a good
architecture for neural network connections. In 2006, Kim
[22] proposed a hybridmodel of ANNwithGA that performs
instance selection to reduce dimensionality of data. In 2012,
Karimi and Yousefi [23] used GA to find a set of weights for
connections to each node in an ANN model and determine
correlation of density in nanofluids. Sangwan et al. [24]
proposed an integratedANNandGA for predictivemodeling
and optimization of turning parameters to minimize surface
roughness. Some other successful examples of ANN-GA
hybrid applications are network intrusion detection [25] and
cancer patient classification [26]. Inspired by these successes,
this study attempted to use GA to solve a feature selection
problem—to find effective subsets of input into ANN.

The rationale behind our idea of using a hybrid intelli-
gence of ANNandGAwas that it should be better to use, first,
multiple input variables (4 in this study) for each technical
indicator based on different past time spans (3, 5, 10, and 15
days) and, second, a small number of effective subsets of input
variables thatwould be imported. Since the number of subsets
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Table 2: The number of up and down movements of the whole set of daily index in 5 cross-validation runs.

Year
Five runs of cross-validation

Total1st run 2nd run 3rd run 4th run 5th run
Up Down Up Down Up Down Up Down Up Down

2009 27 22 31 18 24 25 32 16 23 25 243
2010 28 20 30 18 37 11 17 32 26 23 242
2011 26 23 25 24 27 22 22 27 19 29 244
2012 30 19 22 27 30 19 24 25 34 15 245
2013 28 21 27 22 23 26 24 25 24 25 245
2014 26 23 23 26 36 13 19 30 31 18 245
Total 165 128 158 135 177 116 138 155 157 135 1,464

Table 3: Technical indicators used in this study and their equations [2, 18].

Indicator name Equation Level (𝑛) Total

Simple 𝑛-day moving average
𝐶𝑡 + 𝐶𝑡−1 + ⋅ ⋅ ⋅ + 𝐶𝑡−𝑛−1

𝑛 3, 5, 10, 15 4

Weighted 𝑛-day moving
average

(𝑛)𝐶𝑡 + (𝑛 − 1)𝐶𝑡−1 + ⋅ ⋅ ⋅ + 𝐶𝑡−(𝑛−1)
𝑛 + (𝑛 − 1) + ⋅ ⋅ ⋅ + 1 3, 5, 10, 15 4

Momentum 𝐶𝑡 − 𝐶𝑡−𝑛 3, 5, 10, 15 4

Stochastic K%
𝐶𝑡 − 𝐿𝐿𝑡−(𝑛−1)
𝐻𝐻𝑡−(𝑛−1) − 𝐿𝐿𝑡−(𝑛−1) × 100 3, 5, 10, 15 4

Stochastic D% ∑𝑛−1𝑖=0 𝐾𝑡−𝑖%
𝑛 3, 5, 10, 15 4

Relative Strength Index (RSI) 100− 100
1 + (∑𝑛−1𝑖=0 (UP𝑡−𝑖/𝑛))/(∑𝑛−1𝑖=0 (DW𝑡−𝑖/𝑛)) 3, 5, 10, 15 4

Moving Average Convergence
Divergence (MACD)

MACD (𝑛)𝑡−1 + 2𝑛 + 1 ×(DIFF𝑡 −MACD (𝑛)𝑡−1)
3, 5, 10, 15 4

Larry William’s R%
𝐻𝑛 − 𝐶𝑡
𝐻𝑛 − 𝐿𝑛 × −100 3, 5, 10, 15 4

Commodity Channel Index
(CCI)

𝑀𝑡 − 𝑆𝑀𝑡
0.015𝐷𝑡 3, 5, 10, 15 4

Rate of change
𝐶𝑡 − 𝐶𝑡−𝑛
𝐶𝑡−𝑛 × 100 3, 5, 10, 15 4

Average Directional Index
(ADX)

SMA(+DI𝑛 − (−DI𝑛)+DI𝑛 + (−DI𝑛)) 3, 5, 10, 15 4

Total 44
Note: 𝑛 is 𝑛-day period times ago; 𝐶𝑡 is closing price; 𝐿𝑡 is low price at time 𝑡;𝐻𝑡 is high price at time 𝑡; DIFF = EMA(12)𝑡 − EMA(26)𝑡; EMA is exponential
moving average; EMA(𝑘)𝑡 = EMA(𝑘)𝑡−1+ ∝ (𝐶𝑡 − EMA(𝑘)𝑡−1); ∝ is smoothing factor = 2/(1 + 𝑘); 𝑘 = 10 in 𝑘−day exponential moving average; 𝐿𝐿𝑡 and
𝐻𝐻𝑡 are the lowest low and highest high in the last 𝑡 days, respectively;𝑀𝑡 = (𝐻𝑡 + 𝐿𝑡 + 𝐶𝑡)/3; 𝑆𝑀𝑡 = ∑

𝑛
𝑡=1 𝑀𝑡−𝑖+1/𝑛;𝐷𝑡 = ∑

𝑛
𝑖=1 |𝑀𝑡−𝑖+1 − 𝑆𝑀𝑡|/𝑛; UP𝑡 is

upward index change at time 𝑡, DW𝑡 is downward index change at time 𝑡; +DI𝑛 is plus directional indicator and −DI𝑛 is minus directional indicator.

of 44 variables is astronomical 244, it would take too much
computation time to process them. GA took care of that. GA
is an algorithm that is especially powerful at feature selection,
so we used it to find better subsets of input variables.

GA, a search algorithm based on concepts of natural
selection and genetics, was officially introduced by Holland
in the 1990s [27].The underlying principles of GA are to gen-
erate an initial population of chromosomes (search solutions)

and then use selection and recombination operators generate
a new, more effective population which eventually will have
the fittest chromosome (optimal value) among them.

The 10 steps of operation of ANN and GA hybrid
intelligence are as follows.

Step 1 (initialization of population). Generate an initial pop-
ulation of chromosomes which are bit strings of randomly
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Figure 1: Steps of operation of ANN and GA hybrid intelligence.

generated binary values. The chromosome and population
sizes that we used were 44 and 10, respectively.

Step 2 (decoding). Decode chromosomes (bit strings) to find
which input variables will be selected.

Step 3 (ANN). Run three-layered feedforward ANN model
to make prediction of next-day SET50 index.The parameters
in the model that we used were the same as those reported by
Inthachot et al. [12].

Step 4 (fitness evaluation). Take the prediction accuracy of
each chromosome from ANN as its fitness value for GA.

Step 5 (stopping criterion). Determine whether to continue
or exit the loop. The stopping criterion was not more than 10
generations.

Step 6 (selection). Select chromosomes to cross over using
tournament selection technique. A tournament selection
involves running several tournaments on a few chromosomes
chosen at random from the population. The winner of each
tournament is selected for crossover.

Step 7 (crossover). Apply an arithmetic crossover operator
that defines a linear combination of two chromosomes.

Step 8 (mutation). Inject new genes into the population
with uniform mutation operator and generate a random slot
number of the crossed-over chromosome as well as flip the
binary value in that slot.

Step 9 (replacement). Replace old chromosomes with two
best offspring chromosomes for the next generation.

Step 10 (loop). Go to Step 2.

All of the steps are shown in Figure 1.

3.3. Fitness Evaluation. We used accuracy to determine
chromosome selection (subsets of input variables)—
chromosomes that would generate the next generation—as
well as to measure the performance of the prediction model.

Fitness values in GA were taken as the accuracy values that
can be calculated as below:

Accuracy = TP + TN
TP + TN + FP + FN , (1)

where TP is true positive, FP is false positive, TN is true
negative, and FN is false negative.

4. Results and Discussion

A hybrid intelligence of ANN and GAmodels was developed
for predicting SET50 index movement during 2009–2014.
Each year’s trading data during this period were converted
into 11 technical indicators, each of which represented by 4
input variables based on different lengths of past time spans,
and hence 44 input variables. All input variables were iden-
tically normalized and subsets of them were selected by GA
and imported into ANN that would use them to make stock
index movement prediction. Fivefold cross-validation runs
were made to guarantee reliability. This hybrid intelligence
was coded and run in a MATLAB software environment.

Results from successful runs are presented in Figures 2–7
andTable 4. Figures 2–7 illustrate the best fitness value (which
reflects the prediction accuracy) achieved in each generation
for each year of prediction.

The trend prediction accuracy performance of our pro-
posed method was compared to another study [12] only
because even though there have been several works on SET,
all of them reported either the mean square error of stock
price or stock price index [17, 28–30]. Moreover, it was not
compared to those of any binary choices model because it
has beenwidely reported in the literature that their prediction
performances were inferior to ANN in regard to stockmarket
prediction [2, 11, 12].

Table 4 compares the accuracies achieved by the model
that Inthachot et al. [12] used in their study and those
achieved by our hybrid intelligence of ANN and GA models.
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Table 4: Prediction performances of Inthachot et al. [12] model and
this study’s model.

Year Accuracy
Inthachot et al. [12] This study Percentage increase

2009 0.5602 0.6293 12.3349%
2010 0.5257 0.6000 14.1335%
2011 0.5986 0.6887 15.0518%
2012 0.5592 0.6041 8.0293%
2013 0.5714 0.6531 14.2982%
2014 0.5796 0.6408 10.5590%
Average 0.5658 0.6360 12.4011%
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Figure 2: Fitness values in each generation (predicting SET50 index
in 2009).
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Figure 3: Fitness values in each generation (predicting SET50 index
in 2010).

2 4 6 8 100
Generation

Best fitness
Mean fitness

Year: 2011 Best: 0.6887 Mean: 0.6812

0.58

0.6

0.62

0.64

0.66

0.68

0.7

Fi
tn

es
s v

al
ue

Figure 4: Fitness values in each generation (predicting SET50 index
in 2011).
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Figure 5: Fitness values in each generation (predicting SET50 index
in 2012).

It can be seen that the model that Inthachot et al. [12] used
achieved its lowest prediction accuracy of 52.57% for the
year 2010, highest accuracy of 59.86% for the year 2011, and
average accuracy of 56.58%. On the other hand, our hybrid
intelligence achieved its lowest prediction accuracy of 60.00%
for the year 2010, highest accuracy of 68.87% for the year 2011,
and average accuracy of 63.60%.

This study’s hybrid intelligence predictedmore accurately
than the model used by Inthachot et al. [12] for every
year during the selected period with the lowest percentage
improvement of 8.0293%, the highest of 15.0518%, and the
average improvement of 12.4011%. In order to confirm this
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Figure 6: Fitness values in each generation (predicting SET50 index
in 2013).
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Figure 7: Fitness values in each generation (predicting SET50 index
in 2014).

conclusion statistically, we compared them using a 𝑡-test at
0.05 level of significance and found that the 𝑃 value of the
right tail was 0.0009; hence the conclusion is valid.

5. Conclusion

In this study, we developed a hybrid intelligence of ANN
and GA models for predicting SET50 stock index movement
and tested it on a large set of past stock trading data.
The purpose of the development was to achieve a better
prediction accuracy than that obtained by a previous ANN
model that we have developed [12]. Test results show that the

hybrid intelligence has accomplished this purpose, gaining
an average improvement of 12.4011%. It is 63.60% average
prediction accuracy; however, it was still not very high and
we are looking into combining ANN with other machine
learningmodels in order to gain a higher prediction accuracy.
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In order to improve the long-term prediction accuracy of feed grain demand, a dynamic forecast model of long-term feed grain
demand is realized with joint multivariate regression model, of which the correlation between the feed grain demand and its
influence factors is analyzed firstly; then the change trend of various factors that affect the feed grain demand is predicted by
using ARIMAmodel.The simulation results show that the accuracy of proposed combined dynamic forecastingmodel is obviously
higher than that of the grey system model. Thus, it indicates that the proposed algorithm is effective.

1. Introduction

The grain used in feeding is the second largest grain used
in China; its quantity and proportion of the total grain con-
sumption grow stably. It is of great significance to ensure food
security in our country by exploring the changes of feed grain
demand and its influencing factors. However, the special
research of China’s feed grain demand is scattered, which
lacks objective statistics and always exists in projections of
the total grain consumption.The forecasting methods of feed
grain demand in existing literature can be divided into two
kinds: one is using some quantitative methods such as time
series regression, model of consumer demand system, and
farming grain consumption, based on the analysis about the
situation of the feeding food consumption over the past few
years to analysis and forecast [1, 2]; the other is from the
perspective of nutrition standards analysis of meat, eggs,
milk, per capita consumption of aquatic products to predict
the future demand for animal products and then use the
ratio of feed to meat (i.e., the conversion rate of feed grains)
to predict the feed grain demand [3, 4]. Actually, the feed
grain demand is affected by population growth, urbanization
level, per capita income (urban residents per capita income
and rural ones per capita income), and other factors [5,
6], which suggest that there should be a comprehensive
survey about correlation degree between the feed grain

demand and its influence factors for improving the prediction
accuracy, and the corresponding prediction model should
be generalized. In this paper, the correlation coefficients of
feed grain demand and its influence factors are calculated
quantitatively on the basis of the second kind of forecasting
method; then the major factors have been chosen; finally
the dynamic prediction of influence factors and feed grain
demand can be realized by using the ARIMA model and
multiple regression model, respectively.

2. Relational Coefficient Analysis of Influence
Factors to Feed Grain Demand

2.1. Grey Relational Analysis. The essence of grey relational
degree is to make a geometric comparison in the data series
which are responded to the changing characteristics of all
factors. The closer the curves are, the greater the relational
grade of the corresponding series is and vice versa.The use of
the grey relational analysis can define the changing trend of
all factors in this system and find out the main factors which
affect the further development of the system so as to grasp
the main features of things and the principal contradiction,
promote, and guide the system to rapid, health, and efficient
development [7].The basic steps of grey relational analysis are
as follows.
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Step 1. Assume that the reference sequence is 𝑥
0
(𝑘) and

related comparison sequences are 𝑥
𝑖
(𝑘). They are expressed

as 𝑥
0
(𝑘) = {𝑥

0
(1), 𝑥
0
(2), . . . , 𝑥

0
(𝑛)} and

𝑥
𝑖
(𝑘) = {𝑥

𝑖
(1) , 𝑥

𝑖
(2) , . . . , 𝑥

𝑖
(𝑛)} , (𝑖 = 1, 2, . . . , 𝑚) . (1)

Step 2. Dis-dimension treatment to the data sequence [8].
Here, we illustrate the initiating. Then it can get the refer-
ence sequence 𝑦

0
(𝑘) and comparison sequences 𝑦

𝑖
(𝑘) (𝑖 =

1, 2, . . . , 𝑚; 𝑘 = 1, 2, . . . , 𝑛).

Step 3. The absolute difference sequences Δ
0𝑖
(𝑘) between

reference sequence𝑦
0
(𝑘) and comparison sequences𝑦

𝑖
(𝑘) are

calculated by the formula

Δ
0𝑖
(𝑘) =





𝑦
0
(𝑘) − 𝑦

𝑖
(𝑘)





= {Δ
𝑖 (
1) , Δ 𝑖 (

2) , . . . , Δ 𝑖 (
𝑛)} ,

(𝑖 = 1, 2, . . . , 𝑚) .

(2)

Step 4. Identify the absolute maximum Δmax and minimum
Δmin from absolute difference sequence.

Step 5. Calculate the grey relational coefficient. The formula
is

𝐿
0𝑖 (
𝑘) =

(Δmax + Δmin)

(Δ
0𝑖
(𝑘) + Δmax)

. (3)

Step 6. Calculate correlation degree.

𝑅
0𝑖
(𝑘) =

1

𝑛

𝑛

∑

𝑘=1

𝐿
0𝑖
(𝑘)

=

1

𝑛

{𝐿
0𝑖
(1) + 𝐿

0𝑖
(2) + ⋅ ⋅ ⋅ + 𝐿

0𝑖
(𝑛)} .

(4)

2.2. Prediction for the Feed Grain Demand by Using Multi-
ple Linear Regression. According to grey relational analysis,
the domestic population, urbanization level, and per capita
income of urban and rural residents are the main factors
affecting the feed grain demand. Based on the modeling
principle of multiple regression model, the linear regression
model of the feed grain demand is set up, the structure form
of the model [9]:

𝑦
0
= 𝑈
0
+ 𝑈
1
𝑥
1
+ 𝑈
2
𝑥
2
+ 𝑈
3
𝑥
3
+ 𝜀, 𝜀 ∼ 𝑁 (0, 𝛿

2
) . (5)

In the formula, 𝑈
1
, 𝑈
2
, and 𝑈

3
are the undetermined

parameters (regression parameters), with 𝜀 for unobservable
random error.

2.3. Prediction for Main Factors That Influence the Feed Grain
Demand. The ARIMA model from literature is adopted to
predict the change trend of impact factors [10]. Suppose that
𝜔
𝑡
is the predictive value in 𝑡 time of various influence factors

and 𝜔
𝑡−1
, 𝜔
𝑡−2
, . . . , 𝜔

𝑡−𝑝
are actual values of various impact

factors in past 𝑝 years. Setting 𝜔
𝑡
= (1 − 𝐿)

𝑑
𝑦
𝑡
, among it, 𝑦

𝑡

is a single integer sequence with 𝑑 order; 𝜔
𝑡
is the stationary

Data input

Correlation
calculation

Multiple regression
forecast of demanding for
feeding grains

Impact factors
prediction

Figure 1: Dynamic prediction simulation process of feed grain
demand.

series [11]; thus the general model of the ARMA model can
be expressed as

𝜔
𝑡
= 𝜑
1
𝜔
𝑡−1
+ 𝜑
2
𝜔
𝑡−2
+ ⋅ ⋅ ⋅ + 𝜑

𝑝
𝜔
𝑡−𝑝
+ 𝜀
𝑡
+ 𝜃
1
𝜀
𝑡−1
+ ⋅ ⋅ ⋅

+ 𝜃
𝑞
𝜀
𝑡−𝑞
.

(6)

In the formula, 𝑝 and 𝑞 are, respectively, called autore-
gressive order number and average order number. Suppose 𝐿
as the lag operator; then

𝐿𝜔
𝑡
= 𝜔
𝑡−1
,

𝐿
𝑝
𝜔
𝑡
= 𝜔
𝑡−𝑝
.

(7)

Equation (6) can be rewritten as

𝜑 (𝐿) 𝜔
𝑡
= Θ (𝐿) 𝜀

𝑡
. (8)

Among it, 𝜑(𝐿) = 1 − 𝜑
1
𝐿 − 𝜑

2
𝐿
2
− ⋅ ⋅ ⋅ − 𝜑

𝑝
𝐿
𝑝 and Θ(𝐿) =

1 + 𝜃
1
𝐿 + 𝜃
2
𝐿
2
+ ⋅ ⋅ ⋅ + 𝜃

𝑞
𝐿
𝑞.

ARMA(𝑝, 𝑞) model in formula (7) can be expressed as
ARIMA(𝑝, 𝑑, 𝑞) after 𝑑 order difference transformation

𝜑 (𝐿) (1 − 𝐿)
𝑑
𝑦
𝑡
= Θ (𝐿) 𝜀

𝑡
. (9)

𝜀
𝑡
is a white noise process with its mean value which is 0 and

variance is 𝜎2 [12].

3. Simulation Analysis

The dynamic simulation process based on the ARIMAmodel
and multiple regression model to predict feed grain demand
is shown in Figure 1.

The dynamic prediction algorithm of feed grain demand
is shown in Figure 1; define the year of 1981 as 𝑡 = 1 and
thus 2007 as 𝑡 = 27. The feed grain demand of urban and
rural population is, respectively, expressed as 𝑦

0
(𝑡) and 𝑦

1
(𝑡);

the three factors are, respectively, defined as 𝑥
1
(𝑡), 𝑥
2
(𝑡), and

𝑥
3
(𝑡). According to the simulation process shown in Figure 1,

the forecast process of feed grain demand in this paper is
shown in the following:
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(1) When t = 1∼27, calculate the correlation degree and
relational sequence, respectively, between 𝑦

0
(𝑡) and

𝑦
1
(𝑡) and 𝑥

1
(𝑡), 𝑥
2
(𝑡), and 𝑥

3
(𝑡).

(2) Use ARIMA model to predict 𝑥
1
(𝑡), 𝑥
2
(𝑡), and 𝑥

3
(𝑡)

when 𝑡 > 27.
(3) Use multiple regressionmethod to predict urban feed

grain demand 𝑦
0
(𝑡) (𝑡 = 28) and rural feed grain

demand 𝑦
1
(𝑡) (𝑡 = 28).

(4) Repeat (3). Urban and rural long-term prediction of
feed grain demand can be completed.

3.1. Correlation Calculation. The data about the feed grain
demand, urban and rural population, urbanization level, and
urban and rural residents per capita income between 1981 and
2007 are selected fromRural China Statistical Yearbook [13] as
the training data; meanwhile the data from 2008 to 2012 are
selected as the precision test data as shown in Table 1.The feed
grain demand can be got by the sum of per capita meat, egg,
milk, and aquatic product consumption multiplied by the
urban and rural population, respectively, and then according
to the conversion ratio of feed grain to meat which is 3.7 to 1,
the conversion ratio to egg which is 2.7 to 1, the conversion
ratio to milk which is 0.5 to 1, and the conversion ratio to
aquatic material which is 0.4 to 1 to get the final result [14, 15].

The correlation degree and relational order are obtained
by using the grey correlation analysis method, while the
data about the feed grain demand are calculated in Table 1
as reference sequence; at the same time urban and rural
population, urbanization level, and urban and rural residents
per capita income are calculated as comparative sequence.
The results are shown in Table 2.

As shown in Table 2, the correlation degree and relational
order of various factors which affected the urban and rural
feed grain demand are not completely the same; on the basis
of that, it will be able to improve the prediction accuracy by
predicting towns and rural feed grain demand separately.

3.2. Impact Factors Prediction. ARIMA(𝑝, 𝑑, 𝑞) model
described in Section 2.3 is adopted to predict the three
factors including urban and rural population, urbanization
level, and urban and rural residents per capita income. The
prediction of impact factors for urban feed grain demand in
2008 is taken as an example in this paper, and the results are
shown in Table 3. The forecast data will be used to forecast
feed grain demand in 2008.

3.3. Prediction for Feed Grain Demand by Using Multiple
Regression. Themultiple regressionmodel of urban and rural
demand for feed grain demands is set up, respectively, in
2008 by usingEVIEWS statistical software, while three factors
mentioned above are taken as independent variables and
China’s urban and rural residents’ feed grain demand is taken
as the dependent variable. The models are shown as follows:

𝑦
0
= −4240163 + 151.53𝑥

01
+ 210419.4𝑥

02

− 195.0006𝑥
03
,

(10)

𝑦
1
= −21283643 + 232.867𝑥

11
+ 392070.5𝑥

12

− 543.328𝑥
13
.

(11)

Among them, 𝑦
0
and 𝑦

1
represent the urban and rural

feed grain demand, respectively, 𝑥
01
is urban population, and

𝑥
11

is rural population. 𝑥
02

and 𝑥
12

represent urbanization
level, 𝑥

03
is urban residents per capita income, and 𝑥

13
is

rural residents per capita income.Thepredicted value of three
factors in 2008 was typed in (10) and (11), respectively; then
the value of urban and rural feed grain demand in 2008 can be
calculated; the results are 9807134 tons and 6663724.9 tons.

In the above multivariate regression model of urban and
rural feed grain demand, the model prediction coefficient
of different years will change dynamically as the change of
correlation of feed grains and affecting factors; then it forms
a dynamic forecast system.

3.4. Simulation Results. The value of feed grain demand in
2008–2012 can be predicted according to (10) and (11); the
result is shown in Table 4. A grey forecasting model by
using residual error correction on the feed grain demand in
literature [16] is also given in Table 4.

From Table 4 and combined with the feed grain demand
between urban and rural areas since 1981, it can be seen that
the basic trend of feed grain demand overall present rises
steadily [17, 18]. The feed grain demand increased by 4 times,
and the average annual growth rate is 14.8% from 1981 to
2007. Analysis shows that the income level of our country
residents is low, and the consumption structure is unitary,
mainly grain consumption before the reform and open policy.
In recent years, the demand for animal products structure is
changing and it mainly displays in the increasing demand for
meat, eggs, milk, and aquatic products because people’s living
standards have been continuously improved.

In addition, compared with the grey system model in
literature [16], the joint dynamic prediction model in this
paper can track the change of impact factors, so it can achieve
good long-term forecasts. Meanwhile the mean relative error
of proposed model is 0.46% and has higher superiority in
forecasting precision compared with traditional grey fore-
casting model of which the mean relative error is 6.4%. It
is fully illustrated that the dynamic impact factor regression
analysis method used to predict the feed grain demand is
feasible.

4. Conclusion

The dynamic influence factors in combination with multi-
variate regression analysis method are used in this paper
to forecast the feed grain demand in China since 2008.
Prediction results show that China’s demand for feed grains
will increase year by year in the next 10 years, and the average
relative error between the actual and predicted value by
using the dynamic impact factor regression model is 0.46%,
superior to the traditional grey system model. At present,
China’s feed grain demand represents more than 30% of the
total demand for grain; the proportion of which feed grain
demand on total demand for grain increased year by year
shows the increasing influence of feed grains on food security,
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Table 2: The grey correlation analysis about each influencing factor in 1981–2007 of urban and rural feed grain demand.

Influencing factor Urban Rural
Correlation degree Relational order Correlation degree Relational order

(Urban/rural) population 0.9370 1 0.9255 2
Urbanization level 0.9047 2 0.9641 1
(Urban/rural) per capita income 0.7236 3 0.6881 3

Table 3: Predicted value of various influencing factors in 2008.

Influencing factor Model Adjusted 𝑅2 Predicted value in 2008
Urban population ARIMA(3, 2, 6) 0.956 62965.45
Urbanization level ARIMA(7, 2, 2) 0.848 36.1254
Urban residents per capita income ARIMA(4, 2, 5) 0.876 15872.19

Table 4: The comparison between the actual value and predicted value of feed grain demand under different prediction models (unit: ten
thousand tons).

Year Actual value Predicted value Relative error Mean relative error

Combined dynamic forecasting model

2008 16332.1 16470.9 0.8%

0.46%
2009 17665.2 17795.3 0.7%
2010 17981.0 17928.4 0.2%
2011 18687.2 18798.5 0.5%
2012 19267.6 19243.8 0.1%

Grey forecasting model

2008 16332.1 17925.4 9.7%

6.4%
2009 17665.2 18426.9 4.3%
2010 17981.0 19246.7 7.0%
2011 18687.2 19875.1 6.4%
2012 19267.6 20144.8 4.6%

so it has become a necessary work to research the feed grain
demand deeply for ensuring food security.
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The rapid industrial development has led to the intermittent outbreak of pm2.5 or haze in developing countries, which has brought
about great environmental issues, especially in big cities such as Beijing andNewDelhi.We investigated the factors andmechanisms
of haze change and present a long-termpredictionmodel of Beijing haze episodes using time series analysis.We construct a dynamic
structural measurement model of daily haze increment and reduce the model to a vector autoregressive model. Typical case studies
on 886 continuous days indicate that ourmodel performs verywell on next day’s AirQuality Index (AQI) prediction, and in severely
polluted cases (AQI ≥ 300) the accuracy rate of AQI prediction even reaches up to 87.8%. The experiment of one-week prediction
shows that our model has excellent sensitivity when a sudden haze burst or dissipation happens, which results in good long-term
stability on the accuracy of the next 3–7 days’ AQI prediction.

1. Introduction

Industry of developing countries ismainly centralized around
big cities, accompanied by a large population, consumption,
and pollution. Together with Tianjin city andHebei province,
Northern China has become one of the most prosperous and
polluted areas on Earth. By 2013, the transient population
of Beijing was 37.5 million, and the intermittent outbreak
of air pollution has greatly impacted every citizen’s life:
physiological diseases [1, 2], depression, and poor visibility
in traffic [3, 4]. The main component of haze is pm2.5
(particulate matters less than 2.5𝜇m in aerodynamic diam-
eter), and the concentration of pollution is described with
Air Quality Index (AQI, the concentration of pm2.5). The
Chinese Government began to monitor and record pm2.5
concentrations for major cities since 2013 [5]. According to
the report of Quan et al. [6], the AQI reached 600 in Beijing
during the haze event in January 2013. In recent years, more
and more papers have referred to the haze episodes and the
consequences in Northern China [7–11]. Researchers pointed
out that, over the coming years, haze episodeswould continue
to burst frequently in Northern China [12].

This paper presents an AQI prediction model of Beijing
based on time series analysis. We collected Beijing’s AQI
data of 29 continuous months since 2013 and constructed
a dynamic structural prediction model. Statistical methods
are used to obtain the maximum likelihood estimation
of the prediction model. And both short-term and long-
term experiments are carried out to test the accuracy and
robustness of our model.

The remainder of this paper is organized as follows.
In Section 2, we introduce recent related work. Section 3
presents our prediction model and proves our model to be
a vector autoregressive model. Experiments and evaluations
are reported in Section 4.We conclude the paper in Section 5
with future works.

2. Related Work

Generally, pm2.5, or haze, is born mainly through anthro-
pogenic factors [13–16] and eliminated by natural diffusion.
Several days after emission, secondary pm2.5 is produced
through photochemical reactions among indiffusible pollu-
tants. Secondary pm2.5 is the principal component in most
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severe haze episodes in China [17]. A typical way of haze
prediction is to use pollutant emission data (CO, SO

2
, and

NO
𝑥
) in the simulation [5, 18]. Huang et al. [14] analyzed

the chemical compositions of pm2.5 and used chemical mass
balance to identify the emission sources.Othermore complex
models are proposed to introduce the atmospheric features,
chemistry components, and transport factors [15]. But the
more common case is that pollutant emission data usually
increase or decrease synchronously with AQI. Sun [19] took
population, car ownership, and GDP into consideration
and proposed a statistical index system of average annual
haze episode days. They found that although most factors
contribute to predicting pm2.5, the annual average of NO

𝑥

is negatively correlated with average severely polluted days.
The paper [12] established a cubic exponential smoothing
model by introducing dust emission into haze prediction.
Liang et al. pointed out that there are various distribution
and transmission patterns of pm2.5 [20]. In fact, Wang et
al. mentioned that the government control policy should be
considered in model simulations [9].

Many researches use backpropagation neural network
as the simulation model [19, 21]. Statistical time series
analysis is rarely used in haze prediction, so long-term haze
prediction is difficult for currentmethods to accomplish [22].
Multiple linear regression models also perform well on daily
scale prediction [23, 24]. However, the test data of existing
researches is not ample; for example, [21] tested the prediction
accuracy on only 3 days. Besides, Zhang et al. pointed out
that pm2.5 accumulation in previous days significantly affects
the present daily pm2.5 concentration, which should also be
a concern in the modeling process [22].

Considering the above points, this paper presents a
new AQI prediction model integrated with natural factor,
humanity factor, and self-evolution factor.

3. The Prediction Model of Beijing’s Daily AQI

3.1. The Parameters and Architecture of the Prediction Model.
The change of daily pm2.5 concentration depends on two
factors: daily overall production of pm2.5 by human activities
𝑃
𝑡
and daily overall natural diffusion or overall natural accu-

mulation of pm2.5 𝐶
𝑡
. The production of haze depends a lot

on the control policies of the government toward the emission
of industry fuels 𝐼

𝑡
. The diffusion of haze mainly depends

on the airflow𝑊
𝑡
. Besides, complex chemical changes could

occur between pm2.5 and other pollutants; thus, previous
day’s pm2.5 concentration also affects the AQI, which could
be seen as the evolution result of previous day’s pm2.5 and
is represented by 𝑌

𝑡
. Apparently, 𝑃

𝑡
− 𝐶
𝑡
could be directly

observed. 𝑃
𝑡
is generated by a semimanual method. 𝑃

𝑡
is

mainly related to daily human activities, and we calculate 𝑃
𝑡

from AQI sequences of no less than five consecutive sunny
and windless days. Special circumstances are also considered.
In winter, 𝑃

𝑡
will be larger because the heating system is on.

The car usage restrictions and temporary stoppage of factories
during Beijing APEC 2014 are also taken into consideration.
𝐶
𝑡
is then calculated as 𝑃

𝑡
− (𝑃
𝑡
− 𝐶
𝑡
). Sometimes, 𝐶

𝑡
is

greater than zero, which means pm2.5 accumulates because
of nonhuman factors.

Thus, the daily net growth of pm2.5 (𝑃
𝑡
−𝐶
𝑡
) is a function

of the evolution result 𝑌
𝑡
, the industry control index 𝐼

𝑡
, and

the forecast of wind power 𝑊
𝑡
. Consider this problem as a

dynamic structural model, and our model can be described
as

𝑃
𝑡
− 𝐶
𝑡
= 𝛽
0
+ 𝛽
1
𝑌
𝑡
+ 𝛽
2
𝑊
𝑡
+ 𝛽
3
𝐼
𝑡
+ 𝛽
4
(𝑃
𝑡−1

− 𝐶
𝑡−1
)

+ 𝜇
𝐷

𝑡
.

(1)

Parameters 𝛽
1
, 𝛽
2
, and 𝛽

3
, respectively, represent the

effect caused by the pm2.5 of the previous day, the wind
power, and the industry control index. The net growth
of previous day’s pm2.5 partly affects present day’s pm2.5
and partly affects the next day’s pm2.5. The parameter 𝛽

4

represents this “partial adjustment.” The disturbance 𝜇
𝐷

𝑡

represents other factors which affect present day’s pm2.5.

3.2. Complexity Reduction of the PredictionModel. In order to
facilitate the research and modeling process, we have proved
that this model could be reduced to a vector autoregressive
model.

Proposition 1. Formula (1) is a vector autoregressive model.

Proof. Assume that there exists sequence autocorrelation in
formula (1). The autocorrelation is

𝜇
𝐷

𝑡
= 𝜌𝜇
𝐷

𝑡−1
+ 𝜐
𝐷

𝑡
(2)

in which 𝜐
𝐷

𝑡
is white noise. Here, we apply the Cochrane-

Orcutt iteration to rewrite formula (2):

(1 − 𝜌𝐿) 𝜇
𝐷

𝑡
= 𝜐
𝐷

𝑡
, (3)

where 𝐿 is the lag operator (𝐿𝑉
𝑡
≡ 𝑉
𝑡−1

), which can convert
the last phase to current value in a time series.

The next work is to find the most satisfying value
of 𝜌 through successive iteration method. Specifically, this
method uses residual error to estimate the unknown 𝜌.

Assume that we use previous 𝑝 days’ AQI to predict
present day’s AQI. Multiply (1 − 𝜌𝐿) on both sides of formula
(1); the expansion formula will be as follows:

𝑃
𝑡
= 𝑘
1
+ 𝛽
0

12
𝐶
𝑡
+ 𝛽
0

13
𝐼
𝑡
+ 𝛽
0

14
𝑌
𝑡
+ 𝛽
0

15
𝑊
𝑡
+ 𝛽
1

11
𝑃
𝑡−1

+ 𝛽
1

12
𝐶
𝑡−1

+ 𝛽
1

13
𝐼
𝑡−1

+ 𝛽
1

14
𝑌
𝑡−1

+ 𝛽
1

15
𝑊
𝑡−1

+ 𝛽
2

11
𝑃
𝑡−2

+ 𝛽
2

12
𝐶
𝑡−2

+ 𝛽
2

13
𝐼
𝑡−2

+ 𝛽
2

14
𝑌
𝑡−2

+ 𝛽
2

15
𝑊
𝑡−2

+ ⋅ ⋅ ⋅ + 𝛽
𝑝

11
𝑃
𝑡−𝑝

+ 𝛽
𝑝

11
𝐶
𝑡−𝑝

+ 𝛽
𝑝

11
𝐼
𝑡−𝑝

+ 𝛽
𝑝

11
𝑌
𝑡−𝑝

+ 𝛽
𝑝

11
𝑊
𝑡−𝑝

+ 𝜐
𝐷

𝑡
.

(4)

In the substitution process, many assumptions are
neglected. But the ordinary least square method (OLS esti-
mation) should not be used in the estimation of formula
(4), because OLS can only illustrate the relationship between
daily pm2.5 production and the policy control index, the
accumulation of history pm2.5, and the wind power. The net
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growth of previous day’s pm2.5 is only one reason of the
correlation of these variables.

The government could make policies to control pm2.5
production of industry to obtain “satisfying” daily production
of pm2.5; that is, 𝐼

𝑡
is an endogenous variable. And the policy

control index depends on present day’s and previous 𝑝 days’
accumulation of history pm2.5, the wind power, the daily
production of pm2.5, and daily diffusion of pm2.5:

𝐼
𝑡
= 𝑘
3
+ 𝛽
0

31
𝑃
𝑡
+ 𝛽
0

32
𝐶
𝑡
+ 𝛽
0

33
𝑌
𝑡
+ 𝛽
0

34
𝑊
𝑡
+ 𝛽
1

31
𝑃
𝑡−1

+ 𝛽
1

32
𝐶
𝑡−1

+ 𝛽
1

33
𝑌
𝑡−1

+ 𝛽
1

34
𝑊
𝑡−1

+ 𝛽
1

35
𝐼
𝑡−1

+ 𝛽
2

31
𝑃
𝑡−2

+ 𝛽
2

32
𝐶
𝑡−2

+ 𝛽
2

33
𝑌
𝑡−2

+ 𝛽
2

34
𝑊
𝑡−2

+ 𝛽
2

35
𝐼
𝑡−2

+ ⋅ ⋅ ⋅ + 𝛽
𝑝

31
𝑃
𝑡−𝑝

+ 𝛽
𝑃

32
𝐶
𝑡−𝑝

+ 𝛽
𝑃

33
𝑌
𝑡−𝑝

+ 𝛽
𝑃

34
𝑊
𝑡−𝑝

+ 𝛽
𝑃

35
𝐼
𝑡−𝑝

+ 𝜐
𝐶

𝑡
,

(5)

where 𝜐𝐶
𝑡
represents the influence brought about by other

policies.
The net growths of previous days’ pm2.5 and policy

control index also have an effect on daily accumulation of
pm2.5:

𝑌
𝑡
= 𝑘
4
+ 𝛽
0

41
𝑃
𝑡
+ 𝛽
0

42
𝐶
𝑡
+ 𝛽
0

43
𝐼
𝑡
+ 𝛽
0

44
𝑊
𝑡
+ 𝛽
1

41
𝑃
𝑡−1

+ 𝛽
1

42
𝐶
𝑡−1

+ 𝛽
1

43
𝐼
𝑡−1

+ 𝛽
1

44
𝑊
𝑡−1

+ 𝛽
1

45
𝑌
𝑡−1

+ 𝛽
2

41
𝑃
𝑡−2

+ 𝛽
2

42
𝐶
𝑡−2

+ 𝛽
2

43
𝐼
𝑡−2

+ 𝛽
2

44
𝑊
𝑡−2

+ 𝛽
2

45
𝑌
𝑡−2

+ ⋅ ⋅ ⋅ + 𝛽
𝑝

41
𝑃
𝑡−𝑝

+ 𝛽
𝑝

42
𝐶
𝑡−𝑝

+ 𝛽
𝑝

43
𝐼
𝑡−𝑝

+ 𝛽
𝑝

44
𝑊
𝑡−𝑝

+ 𝛽
𝑝

45
𝑌
𝑡−𝑝

+ 𝜐
𝐴

𝑡
,

(6)

where 𝜐𝐴
𝑡
represents other factors that influence daily accu-

mulation of pm2.5.
Analogized from formulas (4), (5), and (6),𝐶

𝑡
and𝑊

𝑡
can

both be written in a similar form. Join formulas (4), (5), and
(6) together, and rewrite them into vector form:

𝐵
0
𝑥
𝑡
= 𝐾 + 𝐵

1
𝑥
𝑡−1

+ 𝐵
2
𝑥
𝑡−2

+ ⋅ ⋅ ⋅ + 𝐵
𝑝
𝑥
𝑡−𝑝

+ 𝜐
𝑡 (7)

in which

𝑥 (𝑡) = (𝑃
𝑡
, 𝐶
𝑡
, 𝐼
𝑡
, 𝑌
𝑡
,𝑊
𝑡
)
𝑇

,

𝜐
𝑡
= (𝜐
𝐷

𝑡
, 𝜐
𝑆

𝑡
, 𝜐
𝐶

𝑡
, 𝜐
𝐴

𝑡
, 𝜐
𝐻

𝑡
)
𝑇

,

𝐾 = (𝑘
1
, 𝑘
2
, 𝑘
3
, 𝑘
4
, 𝑘
5
) ,

𝐵
0
=

[
[
[
[
[
[
[
[
[

[

1 −𝛽
0

12
−𝛽
0

13
−𝛽
0

14
−𝛽
0

15

−𝛽
0

21
1 −𝛽

0

23
−𝛽
0

24
−𝛽
0

25

−𝛽
0

31
−𝛽
0

32
1 −𝛽

0

34
−𝛽
0

35

−𝛽
0

41
−𝛽
0

42
−𝛽
0

43
1 −𝛽

0

45

−𝛽
0

51
−𝛽
0

52
−𝛽
0

53
−𝛽
0

54
1

]
]
]
]
]
]
]
]
]

]

.

(8)

In𝐵
0
, the parameters in the 1st, 2nd, 3rd, 4th, and 5th row,

respectively, relate 𝑃
𝑡
, 𝐶
𝑡
, 𝐼
𝑡
, 𝑌
𝑡
, and𝑊

𝑡
to the other variables.

Every 𝐵
𝑠
is a 5∗5matrix. Premultiply formula (7) by 𝐵−1

0
(the

inverse matrix of 𝐵
0
):

𝑥
𝑡
= 𝑐 + Ψ

1
𝑥
𝑡−1

+ Ψ
2
𝑥
𝑡−2

+ ⋅ ⋅ ⋅ + Ψ
𝑝
𝑥
𝑡−𝑝

+ 𝜀
𝑡 (9)

in which

𝑐 = 𝐵
−1

0
𝐾,

Ψ
𝑠
= 𝐵
−1

0
𝐵
𝑠
,

𝜀
𝑡
= 𝐵
−1

0
𝜐
𝑡
.

(10)

This is the standard form of vector autoregressive model.
So it is proved that our prediction model (formula (1)) is in
fact a vector autoregressive model.

The regression parameters of our haze prediction model
can be obtained as follows.

Let

−Γ = [𝐾 𝐵
1
𝐵
2
⋅ ⋅ ⋅ 𝐵
𝑝] ,

𝑦
𝑡
= [1 𝑥

𝑡−1
𝑥
𝑡−2

⋅ ⋅ ⋅ 𝑥
𝑡−𝑝]
𝑇

.

(11)

The dynamic structural system (formula (7)) isss

𝐵
0
𝑥
𝑡
= −Γ𝑥

𝑡
+ 𝜐
𝑡
. (12)

Assume that the disturbance terms are not sequence
correlated or correlated to each other, which means

𝐸 (𝜐
𝑡
𝜐
𝑇

𝜏
) =

{

{

{

𝐷, 𝑡 = 𝜏,

0, 𝑡 ̸= 𝜏.

(13)

𝐷 is a main diagonal matrix. Formula (12) could be
written as

𝑥
𝑡
= Φ
𝑇
𝑦
𝑡
+ 𝜀
𝑡

(14)

in which

Φ
𝑇
= 𝐵
−1

0
− Γ,

𝜀
𝑡
= 𝐵
−1

0
𝜐
𝑡
.

(15)

LetΩ be the variance-covariance matrix of 𝜀
𝑡
:

Ω = 𝐸 (𝜀
𝑡
𝜀
𝑇

𝑡
) = 𝐵
−1

0
𝐸 (𝜐
𝑡
𝜐
𝑇

𝑡
) (𝐵
−1

0
)
𝑇

= 𝐵
−1

0
𝐷(𝐵
−1

0
)
𝑇

. (16)

Suppose 𝐵
0
is a lower triangularmatrix, in which all main

diagonal elements are assigned 1, and 𝐷 is a main diagonal
matrix. The parameters (𝐵

0
, Γ, 𝐷) can be obtained through

themaximum likelihood estimation of complete information.
Themaximum likelihood estimation ofΩ can be obtained by
the variance-covariance matrix of regression residual.
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Figure 1: (a, b, c) Next day’s AQI prediction on 886 continuous days.

Finally, 𝐵
−1

0
and 𝐷 are calculated through triangular

decomposition of Ω; thus, Γ can be evaluated.
Above all, the prediction model of Beijing AQI has

considered factors including industry emission and policy
control, together with the chemical changes of previous days’
pollution accumulation and the diffusion conditions. This
model also takes the correlations between these factors into
consideration and introduces time series haze features into
the dynamic structural model. The policy control index is
simulated by the record of 4 severe haze episodes during this
period. The diffusion is evaluated by weather record of daily
wind power.

4. Model Evaluations

We collected the daily AQI and daily weather information
from 28 Oct. 2013 to 31 Mar. 2016. This complete sequence
is used to test the accuracy of the prediction model. The next
day’s AQI prediction experiment (Section 4.1) and long-term
AQI prediction experiment (Section 4.2) are both imple-
mented. The next day’s AQI prediction is evaluated from
two perspectives: the accuracy of daily prediction and the
accuracy of statistical analysis.

4.1. Next Day’s AQI Prediction. The next day’s weather fore-
cast information is applied in next day’s AQI prediction.
The observed and predicted daily mean AQI in Beijing are
illustrated in Figure 1. The simulation result shows that the
predicted value matched the observed value very well on
the whole sequence of 886 days. Sometimes, there is severe
deviation from the observed value; for example, on 19 Feb.
2014, the observed AQI was 89, while our model gives a
prediction of 209, with an offset of 135%. But the fact is,

in the afternoon of 19 Feb., the wind of Beijing suddenly
changed from northeasterly to southwesterly, and by 19:00
the AQI has reached already up to 170, which could be
interpreted as our model successfully forecasted a severe
haze outbreak several hours in advance; in the coming 7
days, the average daily AQI of Beijing is 305. The occasional
occurrence of this “foreseeing” phenomenon is caused by
coarse time granularity (daily), and this phenomenon is
marked with red ellipse in Figure 1.These marks indicate that
ourmodel could “foresee” the sharp change of both outbreaks
and diffusions. Most haze outbreaks and diffusions could be
accurately simulated; some could be foreseen but could never
be delayed.

Figure 2(a) is a scatter diagram of daily AQI, including
both observed value and predicted value.Most points lie close
to 𝑦 = 𝑥 (the red line). But some points lie in a queue at
the bottom part, whichmeans the observed AQI exceeds 200,
while the predicted value is less than 50. There are altogether
15 such outliers, 7 of which “foresee” haze diffusion, while
the other 8 bug points could not be well interpreted. All
the 15 points are checked and listed in Table 1. “✓” means
a “foreseeing” phenomenon, and “?” represents bug points.
Figure 2(b) is a scatter diagram of annual AQI (sum of daily
AQI in a certain year). Our data covers only 2 months of 2013
and 3 months of 2016, so, in this diagram, these 2 points lie in
the lower left corner.

The pie chart in Figure 3 shows the distribution of
prediction accuracy.The deviation of predicted and observed
AQI is obtained through the following formula:

Dev
𝑡
=
|PredictedValue −ObservedValue|

ObservedValue
× 100%. (17)
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Figure 2: (a) Daily AQI of the 886 days. (b) Annual AQI from 2013 to 2016.

Table 1: All the 15 outliers in Figure 2(a).

Date of outlier Label
Nov. 2, 2013 ✓

Dec. 7, 2013 ?
Dec. 25, 2013 ✓

Feb. 14, 2014 ?
Feb. 25, 2014 ?
Mar. 26, 2014 ?
Oct. 10, 2014 ✓

Oct. 11, 2014 ✓

Nov. 19, 2014 ?
Nov. 20, 2014 ?
Nov. 30, 2014 ✓

Dec. 9, 2014 ?
Jan. 4, 2015 ?
Jan. 15, 2015 ✓

Mar. 7, 2015 ✓

Figure 3 shows that 55% predictions match the observed
values very well (<20% deviation). The purple part is mainly
caused by the “foreseeing” phenomenon.Most samples of the
red part come from less-polluted days. For example, on 12
Jan. 2016, the AQI prediction is 40 while the observed AQI
is 29, which makes a deviation of 37.9%. In fact, statistics
also indicate that our model performs better in worse air
conditions (Figure 4). A sample is correctly predicted if the
deviation of a sample is less than 20% or the predicted air
quality level matches the observed level.

4.2. Long-Term AQI Prediction. In the long-term prediction,
we use history haze data sequence and weather forecast
information to predict the next 7 days’ AQI. A sample is

34.60%

20.40%

31.10%

12.90%

<5%
<20%

Others
>70%

Figure 3: The deviation of predicted and observed AQI.

correctly predicted if the deviation of a sample is less than
20% or the predicted air quality level matches the observed
level. From 26Dec. 2015 to 31Mar. 2016, we predict theAQI in
the next 7 days and check the accuracy of 𝑛-day predictions.
Figure 5 shows the accuracy of long-term prediction in the
91 days’ experiment. Figure 5 shows that the accuracy stays
stable on the next 3, 4, 5, 6, and 7 days’ AQI prediction,
which indicates that our model has excellent robustness on
the task of long-term prediction. The next day’s prediction
accuracy surprisingly reaches 79.1%, which is far better than
the experiment in Section 4.1.The reason is that, during the 91
days, 6 haze episodes attacked Beijing.These frequent attacks
did contribute a lot to the overall performance because our
model is very sensitive to sudden changes of AQI, including
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Figure 5: The accuracy of long-term AQI prediction.

outbreaks and diffusions (Section 4.1; Figure 4). Figures 6 and
7 show several haze episodes during the 91 days. Both figures
show a pm2.5 change process of more than 2 weeks. Figure 6
also shows a “foreseeing” phenomenon caused by coarse time
granularity, marked by a red ellipse.

5. Conclusion and Future Work

This paper presented a dynamic structural model to predict
Beijing’s daily AQI. This model integrated natural factor,
humanity factor, and self-evolution factor into the time series
model. This dynamic structural measurement model of daily
haze increment is proven to be a vector autoregressive model.
Experiments reflected two highlights of this model. First,
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Figure 6: Three haze episodes in Jan. 2016.
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Figure 7: Three haze episodes in Feb. 2016.

our model is very sensitive to and performs very well on
predicting sudden changes of AQI, including both outbreaks
and diffusions. Second, themodel has great robustness on the
task of long-termAQI prediction. Lastly, limited by the coarse
time granularity, our model sometimes “foresees” but never
delays or misses any sudden changes of haze.

Many researchers use simple backpropagation neural
network to accomplish nonlinear prediction models. But
since methods based on time series are proven to be effective
in haze predictionmodeling, we believe that recurrent neural
networks give better performances in such a prediction task.
Although the related factors are limited in existing models,
the overfitting problem should still be concerned, because,
in long-term prediction, a deviation could spread and be
exaggerated in the following days’ predictions.
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