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Research indicates that forecast combination is one of the most important and effective approaches for
time series forecasting. The success of forecast combination depends on how well component models are
selected and combination weights are determined. A forecast combination model resulting from a new
neural networks-based linear ensemble framework (NNsLEF) is proposed in this study. The principle
of the proposed framework adheres to three primary aspects. (a) Four kinds of neural network mod-
els, namely, back-propagation neural network, dynamic architecture for artificial neural network, Elman
artificial neural network, and echo state network, are selected as component forecasting models. (b) An
input-hidden selection heuristic (IHSH) is designed to determine the input-hidden neuron combination
for each component neural network. (c) An in-sample training-validation pair-based neural network
weighting (ITVPNNW) mechanism is studied to generate the associated combination weights. In particu-
lar, the four neural network models are applied to impart their superior performance to the combination
approach while maintaining their diversity. Meanwhile, IHSH is investigated to improve the performance
of each component neural network model by attempting to solve the familiar overfitting problem of net-
works. Lastly, the ITVPNNW mechanism is studied to search for a set of appropriate combination weights
that will primarily affect the accuracy of the linear ensemble framework.
Results: from experiments performed on eight time series data sets show that NNsLEF outperforms the
four component neural network models and other well-recognized models.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

several approaches, such as autoregressive integrated moving aver-
age, support vector machine, and artificial neural networks (ANNSs),

In the past few decades, time series analysis has become a pop-
ular research topic and has attracted a great deal of attention. Time
series analysis has established itself as a powerful tool for charac-
terizing complex systems from observed data [1-4]. Researchers
have applied time series analysis in many fields, such as cluster-
ing [5], pattern recognition [6], classification [7] and prediction
[8,9]. As a branch of time series analysis, time series forecast-
ing plays an important role in practice applications. Examples
include diverse forecasting applicationsin energy[10], finance [11],
tourism [12,13], and electricity load [14,15]. However, improving
the performance of forecasting is an important yet frequently diffi-
cult task. A substantial number of studies have been conducted and
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have been proposed to address this issue. For situations where no
dominant approach has been identified, forecast combination has
been one of the most important, effective, and popular research
perspectives applied since its introduction by Bates and Granger
[16]in the 1960s. A theoretical justification of forecast combination
can be established by viewing the problem from the perspective of
Bayesian model averaging [17]. That is, several forecasting mod-
els can be tested and their forecasts are averaged according to the
probabilities of the component models, in which knowledge of the
precise data to generate a time series process is lacking. Forecast
combination is motivated by an impressive result, which shows
that this approach can generally yield more accurate and reliable
results than single forecasting methods, as evidenced in the litera-
ture review [18-20].

A growing consensus suggests that forecast combination has
advantages over a single model not only in terms of accuracy and
error variability but also in simplifying model building and selec-
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tion, and the forecasting process as a whole [21]. In general, forecast
combination can achieve superior performance based on the fol-
lowing four points. (a) Each component forecast may be insufficient
because the best-trained model in the in-sample training period
may not be the best for forecasting future values. (b) Component
forecasts typically characterize the data-generating process of the
time series from different and somewhat complementary perspec-
tives. (c) Adaptive strategies for forecast combination can provide
a complete picture from a number of partial solutions in a coop-
erative modular form, i.e., forecast combination allows component
forecasts to “cover considerable grounds.” (d) Forecast combination
may mitigate structural breaks, model uncertainties, and model
misspecifications, thereby improving the accuracy of forecasts. In
summary, forecast combination can compensate for the drawbacks
of individual forecasts, benefit from the interactions among indi-
vidual forecasts, and mitigate the risks of using a single forecast.

1.1. Challenges of effective forecast combination

The superior performance of forecast combination has moti-
vated scholars to research different combination approaches, and
valuable knowledge has accumulated over the years. Despite all
these works, two considerable challenges should be overcome.

1.1.1. Selection of the suitable component forecasting models

The first considerable challenge in forecast combination is
selecting the component forecasting models to combine from
an extensive pool of potential models. Forecast combination can
inherit its forecasting performance from its component forecasting
models, and thus, it is considered more superior than its component
models. That is, forecast combination can achieve superior perfor-
mance when the underlying components can provide good forecast.
An implied condition for selection is to maintain the diversity of
the models. The diversity of component forecasting models func-
tions as a safeguard against focusing on a narrow specification. Such
diversity can stem from using different forecasting models, model
specifications, time series preprocessing methods, or exogenous
input variables.

At present, it is difficult to achieve a universal guideline which
is available for determining the best approach to select component
forecasting models; however, different combination techniques
have been proposed. One of the major techniques is to model
the combination using ANNs. ANNs are flexible nonlinear data-
driven models with attractive properties for forecasting. They have
become one of the most accurate and widely used forecasting mod-
els [22,23]. The major advantage of ANNs is their flexible modeling
capability that exhibits a self-adaptive and data-driven mechanism.
ANNs have been proven to be universal and powerful approxima-
tors [24] that can suggest an appropriate data-generating process
for both linear and nonlinear time series with different forms.
Simultaneously, the ANN literature has strongly argued, with sup-
porting empirical evidence and large-scale comparison studies,
that instead of selecting a single ANN that may fail to achieve the
desired accuracy, considering a combination of different ANN mod-
els or acombination of ANN models with other models is preferable
[9,21,22,25,26].

Although the powerful approximation capabilities of ANNs
enable these models to achieve tremendous success in modeling
time series data, these capabilities also substantially complicate
model specification. Selecting optimal architecture and parameters
are important to achieve success in neural network applications
[27,28]. Most widely used ANNs are multilayer perceptrons (MLPs).
MLPs use the McCulloch-Pitts neuron model, which is based on an
additive aggregation function. Thus, in an MLP designed for time
series forecasting, certain design factors, such as the architecture
of a neural network, and the number of input and hidden neurons

significantly influence the forecast accuracy of a neural network
[23]. The number of output neurons is typically set to 1. It is to
say that neural networks encounter problems in specifying optimal
topology and parameters although they are a promising alternative
to traditional forecasting techniques. Therefore, numerous neural
networks, each of which has different architecture and parameter
values, should be built before finding a satisfactory model. Numer-
ous studies have been performed and good suggestions have been
offered. For example, more than one hidden layer can be found in
a neural network; however, a neural network with a single hid-
den layer is preferable [23,24,29,30]. The number of input neurons
helps indicate the relation between observations; hidden neurons
define the properties within data and help establish a nonlin-
ear relationship between the input and the output. These factors
are fairly effective in improving the performance of a neural net-
work [31-33]. However, these factors may change depending on
the problem being addressed. Therefore, determining these fac-
tors is a vital and difficult issue for neural network applications.
Although a systematic theory remains unavailable, several heuristic
approaches have been proposed in the literature [31-37]. Nev-
ertheless, none of the options can work efficiently for all neural
networks.

1.1.2. Determination reasonable combination weights

Another essential challenge is weighting the contribution of
each component model in a combination scheme. That is, deter-
mining the combination weights of component models, which
will primarily affect the accuracy of the combination model. To
solve this problem, a number of weight combination approaches
have been proposed. The simplest approach is the static type; in
this approach, a unique weighting vector is estimated and applied
over the entire forecast horizon based on historical data [38].
Statistical averaging techniques, such as simple average (mean),
trimmed mean, and median, used in an unweighted or weighted
manner, are the most traditional and fundamental weight com-
bination approaches because they do not explicitly determine
combination weights. The simple average is the easiest and sim-
plest weight combination approach that assigns equal weights to
all component forecasts. Research evidence shows that the sim-
ple average can achieve remarkably good accuracy and outperform
some other advanced linear combination approaches [19,39,40].
However, simple average is highly sensitive to extreme values. The
median is also a frequently used statistical averaging technique
[41,42]. This technique may filter outliers included in the distri-
bution of forecasts, which may negatively affect the performance
of mean-based ensemble forecasts. The trimmed mean is another
widely used combination approach [42]. This approach computes
the simple average by discarding an equal number of smallest and
largest component forecasts. Both simple average and median are
special cases of the trimmed mean that corresponds to no trim-
ming and full trimming, respectively. A trimmed mean is feasible
only when more than three component models are used. That s, the
number of component models n should satisfy the constraint n > 3.
For n=3, 4, a trimmed mean is the same as a median. Although
these statistical averaging techniques have been widely used in
different forecasting applications, researchers have suggested that
significant differences do not exist among them [43]. Research has
shown that there are some other statistical combination techniques
can be used to determine combination weights as documented in
the literature [44]. These techniques can be described as minimiz-
ing error sum of squares, minimizing the sum of absolute error,
minimizing the maximum absolute error, arithmetic average value
method, the reciprocal prediction error sum of squares method,
the reciprocal mean square error method, simple weighted aver-
age method and binomial coefficient method. Relative to the static
type of weight combination approaches, other techniques have also
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Fig. 1. Flowchart for forecast combination used in this study.

been investigated. Unlike static approaches, these techniques can
be considered “dynamic” to a certain extent. The common char-
acteristic of these approaches is a weight generation framework
thatisapplied to dynamically determine the corresponding optimal
weights. The main advantage of these approaches is the capability
to relax in-sample performance dependence and abstract statisti-
cal complexity. Research has shown that these dynamic approaches
can improve forecasting accuracy as documented in the literature
[20,29,45-47].

1.2. Contributions

On the basis of the preceding discussions, a forecast combi-
nation model resulting from a new neural networks-based linear
ensemble framework (NNsLEF) is proposed for time series forecast-
ing in this study. The flowchart of this study is shown in Fig. 1. The
light blue part, orange parts and green part show the difficulties,
novelty and efficiency of the proposed approach, respectively.

The proposed framework can merge the advantages of
component neural networks and dynamic weight combination
approaches to improve forecasting performance. The main contri-
butions of the present study are threefold:

(a) Four widely used neural networks, namely, back-propagation
neural network (BPNN), dynamic architecture for ANN (DAN2),
Elman ANN (EANN), and echo state network (ESN), which
belong to four different categories of neural networks,
are selected as the component models of the combination
approach. The selection rationales of these models are also
detailedly analyzed.

(b) An input-hidden selection heuristic (IHSH) is designed to
determine the number of input and hidden neurons for each
component neural network.

(c) A dynamic weight combination approach, called the in-sample
training-validation pair-based neural network weighting
(ITVPNNW), is used to generate relative optimal combination
weights.

In a word, contributions (a) and (b) propose a feasible and
potential solution for the selecting the underlying component
forecasting models. Meanwhile, contribution (c) mainly helps over-
come the challenge of reasonable weighting the contribution of
each component model in the combination scheme. The results of
the experiments conducted on eight time series data sets show that
the proposed combination approach outperforms the four compo-
nent models and other well-recognized models.

The rest of the paper is organized as follows. In Section 2,
the concepts of the four selected neural networks, namely, BPNN,
DAN2, EANN, and ESN, as well as that of an artificial intelli-
gence approach, namely, the backtracking search optimization
algorithm (BSA), are reviewed. Section 3 explains the linear forecast
combination methodology and introduces the proposed forecast
combination approach, namely, NNsLEF. Section 4 describes a series
of experiments that are intended to test and verify the effectiveness
of the proposed approach. Section 5 presents the conclusions and
possible future extensions of this work.

2. Time series forecasting models

Atime series is defined as a sequential collection of observations
thatis recorded in consecutive time periods. It can be classified into
two kinds: univariate and multivariate. The former is an important
data type of time series that is widely researched in the literature.
A univariate time series can be represented asY = [y1, Y2, - - .,yN]T,
where y; is the observation at time period t. Forecasting is one
of the major tasks required for a time series because it is a basic
knowledge-intensive task. Conceptually, time series forecasting
involves projecting the desired number of future values through
models. The risk in using only one model is relatively considerable
because even an “optimal” model can be prone to misspecification
and inadequacy. However, combining several “non-optimal” mod-
els can closely approximate the actual data generation process as
stated in the literature [48-51]. That is, forecast combination, as a
successful alternative to individual forecast techniques, can over-
come a number of inevitable limitations in using individual models.
A forecast combination system inherits its forecasting performance
from its component forecasting models, and thus, selecting appro-
priate models to combine from an extensive pool of candidates is
essential. Although each component model is not required to be
optimal, the selected models should neither include models with
extremely poor performance nor discard any potentially superior
models. Moreover, model diversity should be maintained. Deter-
mining the number of component models is another factor that
significantly affects the accuracy of forecast combination. However,
this factor is difficult to determine because of the lack of theoreti-
cal guidelines in this regard. From experience and the experimental
results, four or five component models in a forecast combination
approach are good options in improving accuracy [29,40,49,52].

In this study, four computational intelligence-based neural
networks from diverse categories are selected to verify the supe-
rior performance and the diversity of the proposed combination
approach (NNsLEF). These models are BPNN, DAN2, EANN, and ESN.
Diversity is also achieved by considering different combinations of
input and hidden neurons for each neural network. In the follow-
ing sections, the basic concepts and modeling approaches of these
neural networks are briefly reviewed. Meanwhile, the four models
are compared with one another, their respective pros and cons are
presented, and the rationales behind their selection are discussed.

2.1. BPNN model

The BPNN model, introduced by Rumelhart and McClelland
[53], is one of the most utilized feedforward ANNs (FANNSs) for
time series forecasting [23,30,48]. It is a critically acclaimed model
because of its nonparametric and nonlinear modeling capacity,
strong adaptability, and parallel computing capability. The stan-
dard BPNN is composed of an input layer, one or more hidden layers,
and an output layer. In general, a BPNN with a single hidden layer
(Fig. 2) can generate the desired accuracy for time series forecasting
applications [30].
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Fig. 2. Single hidden layer BPNN network structure.

BPNN is well-known for its error back-propagation learning
algorithm while information is transmitted forward. This model
is a mentor learning algorithm of gradient descent. However, one
flaw of this learning algorithm is that the final training result eas-
ily falls into the local minimum instead of into the global optimum
[30]. A slight misspecification of the parameters may yield disas-
trous outputs. Moreover, the BPNN model is ineffective in modeling
linear time series and its forecasting accuracy is sensitive to the
underlying architecture [54,55].

2.2. DAN2 model

The DAN2 model belongs to the category of FANN models but
uses a relatively different architecture from those of traditional
FANNSs [56]. DAN2 can produce good results in time series fore-
casting [56,57]. The general philosophy of the DAN2 model is based
on the principle of learning and accumulating knowledge at each
layer, propagating and adjusting this knowledge forward to the
next layer, and repeating these steps until the desired network per-
formance criteria are achieved. That is, both error and information
are transmitted forward in DAN2. The general DAN2 architecture
is presented in Fig. 3.

Although the structure of DAN2 appears complicated, it is actu-
ally similar to the structure of classic FANN. The DAN2 architecture
essentially comprises an input layer, one or more hidden layers,
and an output layer. The input layer accepts external data into the
model. Once the input nodes (neurons) have been identified, all
the samples in the training data set are simultaneously used to
train the network to minimize a specified training error measure.
This feature differs from those of traditional FANNs. Each hidden
layer is fixed with four nodes: a “C” node, a “CAKE” node, and two
“CURNOLE” nodes. The final “CAKE” node represents the output.
The training process begins with a special layer where the “CAKE”
node captures the linear component of the input data. Thus, the

Input Matrix

input of the “CAKE” node is a linear combination (weighted sum)
of the input variables and a “C” node. These weights are easily
obtained through classical linear regression or artificial intelligence
approaches (e.g., BSA). Hidden layers are sequentially and dynam-
ically generated until a series of stopping criteria are achieved. The
model can be simplified into a linear model if the desired accuracy
level is reached during the first training step.

Both the BPNN and DAN2 models belong to the category of
FANN. However, DNA2 uses an architecture that differs from that of
the BPNN model in several ways, including the utilization of input
records, the choice of the transfer function, the structure and num-
ber of hidden layers, and the relationships among interior nodes
[57]. Moreover, DAN2 adopts a training mechanism that differs
from that of BPNN, in which the training process begins with a
special layer where the CAKE node captures the linear component
of all the training samples. If the desired accuracy level is reached
during the first training step, then the relationship is concluded to
be linear and the training process is terminated. Subsequently, the
DAN2 model degenerates into a linear model. This outcome has
the additional effect of providing extra diversification away from
nonlinear models.

In this work, BSA is briefly introduced. This novel differential
evolution (DE) algorithm was proposed by Civicioglu [58]. The
unique mechanism and simple structure of BSA enable it to solve
numerical optimization problems quickly and successfully. The ini-
tial weights and global optimal parameters for DAN2 are optimized
using BSA during the training process in this study.

2.3. EANN model

FANN models, including BPNN and DAN2, recognize the spatial
relationship among successive observations but ignore the tem-
poral relation. A recurrent neural network (RNN) provides a good
concept to overcome this limitation by creating an internal state
of the network that will allow it to exhibit a dynamic temporal
behavior.

The EANN model is a local recurrent neural network that
presents a context layer and feedback connections which make the
network dynamic and able to perform mappings of input and tar-
get patterns. It was first proposed by Elman [59] to address the
speech signal processing problem, but it could simultaneously pro-
vide promising outcomes for time series forecasting [29,50,60,61].
A Standard EANN model mainly consists of four layers (Fig. 4): an
input layer, a context layer, a hidden layer, and an output layer. The
extra context layer, which makes a copy of the hidden layer out-
put in the previous time steps, preserves the records of previous
network operations. This network possesses massive parallel con-
nections not only between the hidden and output layers but also
between the hidden and input layers and the context nodes. The

Fig. 3. DAN2 network architecture.
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self-connections make the network sensitive to historical input,
thereby allowing it to perform nonlinear time-varying mappings
of input and target patterns [60,61]. Minimal work has been con-
ducted on EANN architecture selection, but a widely agreed fact is
that EANNSs require considerably more hidden nodes than FANNs
to adequately model temporal relations which will increases the
computational cost [50].

2.4. ESN model

Along with EANN, the ESN model, proposed by Jaeger [62], is also
atype of RNN. ESN is coupled with a “time parameter,” and thus, it is
highly effective for time series forecasting [48,63-66]. Relative to
the aforementioned three neural networks, ESN has the simplest
network structure. The widely used ESN can be partitioned into
three components: an input layer, a hidden layer, and an output
layer, as illustrated in Fig. 5. The hidden layer is also called the
reservoir, which is randomly initialized. In general, the relevant
information of the inputs can be represented through the internal
states of a reservoir that is generated when inputs are fed into ESN.
Accordingly, ESN can perform nonlinear time-varying mappings of
input and target patterns by utilizing the dynamics of the reservoir
instead of those of the original inputs.

The most distinctive characteristic of ESN is that only the con-
nection weights from the reservoir neurons to the output layer
neurons are required to be trained, whereas all other connection
weights are randomly fixed and remain unchanged [62]. In addi-
tion, the adaptation can be regarded as a simple linear regression
problem given that echo states have satisfactory richness. This fea-
ture considerably simplifies the training process. The problems
in BPNN, DAN2, and EANN, including network construction and
connection weight adaptation problems, are nearly completely

evaded; ESN facilitates the practical application of RNNs and has
been proven to exhibit superior performance in time series fore-
casting [48,63-66].

3. Proposed linear combination method
3.1. Linear combination of time series forecasts

Combining multiple time series forecasts into forecast com-
bination is a successful alternative to using only a single model
for time series forecasting [20]. In a linear ensemble framework,

letY = [yl , V2, .. .,yNU] T be the index sequence of the forecasting

0
forecasted output of the ith component forecasting model. The final

o AT
objects and Y = [51(1'),5/(2'),...,)‘1%)} (i=1,2,...,n) denote the

combination forecast ¥ from the linear combination is generally
calculated according to Eq. (1) as follows:

n
v = Zw,-W, 1)
i=1

where n is the number of component forecasting models, and
No is the number of desired forecasting objects. The terms
w;(i=1,2,...,n)denote the combination weights, which are fre-
quently assumed to be unbiased and non-negative, i.e., Z?:l w;=1
and w; > 0 Vi, to ensure that the combination model is reasonable.
To achieve the maximum benefit of a linear ensemble framework,
the linear combination forecast ¥ and the component forecast ()
should satisfy the property described in Eq. (2) as follows [29]:

(YY) <A (Y, Y0) vi(i=1,2,...,n), (2)

where A is a forecasting error measure, e.g., one of the frequently
used evaluation metrics such as the root mean square error (RMSE),
mean absolute percentage error (MAPE), mean squared error (MSE),
or mean absolute error (MAE).

3.2. Proposed linear combination method

The proposed forecasting model, i.e., NNsLEF, is a linear ensem-
ble framework based on four neural network models. The block
diagram of NNsLEF is shown in Fig. 6.

The principle of the proposed NNsLEF adheres to three primary
aspects. (a) Four kinds of neural network models, namely, BPNN,
DAN2, EANN, and ESN, are selected as component forecasting mod-
els of the linear ensemble framework. The four neural network
models are applied to impart their superior performance while
maintaining their diversity. (b) An input-hidden selection heuristic
(IHSH) is designed to determine the input-hidden neuron combi-
nation for each component neural network. IHSH is investigated
to improve the performance of each component neural network
model. (c) An in-sample training-validation pair-based neural net-
work weighting (ITVPNNW) mechanism is studied to generate the
associated set of appropriate combination weights. It is because
that the set of combination weights will primarily affect the accu-
racy of the linear ensemble framework.

NNsLEF can provide improved forecasting performance by
merging the advantages of the component neural networks (BPNN,
DAN2, EANN, and ESN) and the dynamic weight combination
approach (ITVPNNW). It can be divided mainly into four phases
as follows:

(a) Building in-sample training-validation pairs (Section 3.2.1);
(b) Selecting the optimal structure for each component model (Sec-
tion 3.2.2);
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Fig. 6. Block diagram of the proposed linear ensemble framework.

(c) Determining the combination weights of the models (Section
3.2.3);
(d) Combining forecasting models (Section 3.2.4).

3.2.1. Building in-sample training—validation pairs

Dividing the in-sample training data into a number of con-
secutive in-sample training-validation pairs is necessary at the
beginning of the proposed model. For example, the time series data
setY=[y1,¥2,--- yN]T is first divided into the in-sample training

T .

dataset Yy = [y1 7 T yNtr] and the out-of-sample testing data
T

set Yis = [yNUH s YN 425 - - -»J/Ntr+Nts] .In these data sets, N, Nir, and

Nis are the number of observations in the time series, training, and
testing data sets, which satisfy the relationship N= N + Nis. Then,

. .. T. .
the in-sample training data set Yy = [yl,yz, .. .,yNtr] is subdi-
vided into a suitable number M (M « Ni) of consecutive in-sample
training-validation pairs (YE’F) Yf,’é) (i=1,2,...,M) through Eq.
(3) as follows [29]:

Yg—) = [ylsy27 . '7ybaS€+j-1:|T’

) T
Yg) = [ybaseJrjv Ybase+j+1> - - +» ybﬂse+j+(Nvd'l)] ’
Vi=1,2,...,M,

where N,q is the number of observations in the in-sample vali-
dation subset, and the term base (base = Nyy — Nyq — M + 1) is the
number of observations in the first in-sample training subset YE:).
The sum number of observations in the last in-sample training
and validation subsets is essentially equal to Ni;. From Eq. (3),

a new in-sample training-validation pair (Ygﬂ),Yg;l)) is pro-
duced through the following steps: (a) adding an observation ypgse+;

into the end of the previous in-sample training subset Yg) and (b)
adding an observation Ypasej4+n,, into the previous in-sample vali-

dation subset YE,’; while deleting the same observation yjse+j from
its beginning. Therefore, the number of observations in the train-
ing subset increases by one at each step, whereas the number of
observations in the validation subset remains constant throughout
the process. An example for building in-sample training-validation
pairs is shown in Fig. 7. In this example, the corresponding param-
eters are set as Ny =20, Nyq =4, and M =4. The restriction M <« N

. . ) _ T o _ T,
j=1 Y, —[yl,yz,...,yB] , Y —[.V|4ay15:yléay17] >

Yt(rZ) = [yl,y2,...,y14]T ) Y\E? :[y157y16’y17’y18]T;

Yt(rS) = [yl,yz,...,yls]T > Yv(j) :[y169y177y18’y19]T;

. ; () _ T G T
Jj=4: Y, _[ynyza“-ayls] . _[y17’y18’y19’y20] .

Fig. 7. Example for building training-validation pairs.

attempts to guarantee that the subsequent training process will not
be sensitive to the outliers in the time series.

3.2.2. Selecting the optimal structure for each component model
using IHSH

Selecting an optimal structure is important to achieve success in
neural network applications. Most traditional and universal meth-
ods for selecting the structure of a neural network is based on the

(M) Yf,":)). For example, the

in-sample training-validation pair (Ytr ,

structure with the smallest error on the validation subset Y%') is
believed to be optimal, and thus, is selected from all the candidates
for a given neural network. Such selection is based on the assump-
tion that this “optimal” structure can provide the best solution for
the current problem. Although this traditional selection strategy
has been popular for many years, the structure obtained using this
method may overfit the training phase and may be peculiar to the
validation subset YE,I‘;[ ), thereby resulting in poor performance dur-
ing the testing phase.

To overcome this familiar overfitting problem in a given
neural network, searching the space of all the structures of
the neural network and conducting trials in each structure
repeated with consecutive in-sample training-validation pairs

(Yg),Yfl’g) (j=1,2,...,M) can be directed to find the optimal

structure. An IHSH is designed following this concept to determine
the optimal structures of the selected models. The basic princi-
ple of IHSH is based on the findings obtained from previously
conducted studies in which input neurons are considered more
important than hidden neurons in the performance of neural net-
works [31-33,67,68]. For clarity, a structure for the selected model,
i.e., BPNN, EANN, or ESN, comprises a combination of input and hid-
den neurons. The same concept applied to the DAN2 model means
a combination of input neurons and hidden layers. The pseudocode
of [HSH is presented in Algorithm 1.
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Algorithm 1.
model.

[HSH: Confirm the structure of the ith forecasting

times =

Input: in-sample training—validation pairs (Y&’),Y\Ej))( j=L2,...M ), validation

subset size N4, total number «&; of structures for the ith model, and trail

Output: optimal structure for the ith forecasting model

1. for j=1to M do

2 for m=1 to x; do

tr

calculate the average YY)

3. Fit Y into the ith model with the mth candidate structure (denoted

as T™") and use the fitted model to predict YU for 7 times, then

Vi

to the set @/ .

4. Compute the error ﬂ(f(ﬁj)(m),ij)) using the error measure RMSE
(denoted as RMSE(/.'") ). Use it as the error of the forecasting

model with the mth candidate structure for Y(j), and then add it

5. end

corresponding structure T to the set €.

6. Determine the minimum RMSEi"“’ from the set ®’, and add the

7. end

confirmed structure for the ith forecasting model.

8. Apply Heuristic 1 to choose the most optimal structure from €2, as the final

The main procedure of IHSH for selecting the optimal structure
of the ith forecasting model can be divided into two steps. The first
step is to train the component model with consecutive in-sample

training-validation pairs (YU) 83) (=1,2,...,M).Forexample,

tr

for each pair (Yg.), Y\(,’g), the mth (m=1, 2, ..., k;) candidate struc-

ture of the ith model is trained on the training subset Yg) and used
to forecast the corresponding validation subset Y% for T times, col-

lect the average forecasted values ?E,lc)l(m), and add it into the set 9{
In this case, k; is the number of candidate structures designed for

the ith forecasting model. After the set @i is obtained completely,
an error measure is applied to each (?33(117)’ Y%) (m=1,2,...,k;)

in the set @{ to acquire a space of error. Then, for all candidate

SU(m)

structures of the ith model, the (Yvd ,Y\%) that generates the

smallest error is selected, and the corresponding structure 1';.("1) is
regarded as a local optimal structure and added into the set £2;. The
currently applied error measure is the frequently used evaluation
metric RMSE, which is defined in Eq. (4) as follows:

RMSE = (4)

where ¥; and y; are the forecasted value and actual value, respec-
tively; and k is the number of forecasting objects. In addition to
RMSE, other error measures, namely, MAPE, MSE, and MAE, will
be employed in the following paragraphs. These error measures
exhibit the following advantages and disadvantages. MAE and MSE
are effective in evaluating the total absolute forecasting error, but
are highly sensitive to extreme errors; RMSE has properties similar
to those of MAE, but is considerably less sensitive to extreme errors
and is more stable; MAPE evaluates the percentage of the average
absolute error and is independent of the measurement scale [29].
These error measures are defined in Egs. (5), (6) and (7) as follows:

k
I
MAE = £ 19— yel. (5)
t=1
1 k
_ 1 5 2
MSE = 2> (- y), (6)
t=1
15 e — i
_ I t— Yt
MAPE_k; T (7)

The second step is to select the global optimal structure for
the component model. A local optimal structure set §2; for the
ith model has been obtained, and thus, the final optimal structure
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Fig. 8. Recurring in-sample weight patterns for the time series: (a) River flow and (b) Vehicles.

can be selected from the set for later use. A heuristic is designed
for this purpose, the pseudocode of which is shown in Heuristic
1. The basic principle of the heuristic is based on the notion that
the number of input neurons has a relative priority over that of
hidden neurons. The process of Heuristic 1 is as follows. First, the
elements in the set £2; is classified into different subsets accord-
ing to the number of input neurons. That is, the structures with
the same number of input neurons are collected in the same sub-
set f)f‘. Second, the process is applied to find the subset(s) with
the maximum size n"®*. Third, the process is applied to denote the

subset that has the same size as n"** with Ql@’“t , subdivide it into a

series of sub-subsets according to the hidden neurons/hidden lay-
ers, determine the sub-subset with the maximum size Uf max “and

denote the corresponding structure of the sub-subset with Al?b"“.
Fourth, the current maximum size " is compared with Ulfmax.
If U™ is larger than UM, then v ™M and A,?be“ will be assigned
to v and A?e“, respectively; otherwise, no step is performed.
Fifth, the third and fourth steps are repeated until all the subsets
with the same maximum size "% are checked. Finally, the optimal

structure AP®t is obtained.
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Heuristic1. Select the global optimal structure from the structure
set £2;.

Input: local optimal structure set €, and the number of in-sample

training—validation pairs M

Output: optimal structure A*"

1. o=1, 5727:{ }

2. for j=1 to M do

3. Choose the jth element of €2, which is denoted as Qﬂ’).

4. for k=1 to o do

3 if Qf’) have the same input neurons with the elements in the subset

ok

6. Add Qf’) into QY. // The structures with the same input
neurons are collected in the same
sub-subset.

8 else

8. o=0+l.

9 Create a new empty subset ﬁf’z{ },and add Qf’) into Q7.

10. end

11. end

12. end

13. Calculate the size 77,." of each subset fl,k(k=l,2,.u,0') and record the

maximum 7/ as 7.

14, o™ =0, AF =[]

15. for k=1 to o do

max

16. if 7/ isequalto 7

7. Denote the corresponding subset Qf with €' and subdivide it

into a series of sub-subsets according to the hidden neurons/hidden
layers. // The structures with the same hidden neurons/hidden
layers are collected in the same sub-subset.

max

18. Determine the sub-subset with the maximum size v;"* and denote

the corresponding structure of the sub-subset with AP“'. // If more

than one sub-subsets have the same maximum size, then choose one
sub-subset randomly.

19. if 0" >u"

20' A:M\'/ — A;he\l R Uimux — Ui/max .

21. else

22, continue.
23. end

24. else

25. continue.

26. end

27. end

28.  Obtain the optimal structure A",

3.2.3. Determining the combination weights using ITVPNNW

For combination weights, the simplest and most traditional
statistical weight generation techniques that are solely based on
historical forecast errors are considerably cited in the literature
and present “hard to beat” results. However, the lack of an aux-
iliary model to update information along the forecast horizon may
be considered a limitation. A direct alternative to traditional tech-

niques considers a dynamic procedure where combination weights
vary over the forecast horizon.

In practice, a dynamic generation scheme is not always guar-
anteed to outperform a static one, but “some time-variation or
adaptive adjustment in the combination weights (or perhaps in the
underlying models being combined) can often improve forecast-
ing performance” [20]. However, developing an explicit model is a
highly intricate task that does not guarantee performance increase.
Therefore, the main objective of this section is to develop weighting
models that can enhance traditional weighting procedures, relax
historical forecast performance dependence, and abstract model
complexity. Then, a weight generation framework called ITVPNNW
is studied. ITVPNNW regards the in-sample set of weights as a new
time series as pioneered by [29]. The inherent pattern of the new
time series is then identified and learned through a BSA-BPNN
model. The desired combination weights are then predicted from
this fitted BSA-BPNN model.

The procedure for ITVPNNW can be divided into two phases.
In the first phase, a set of in-sample weights is generated. For
example, each component forecasting model with an optimal struc-
ture obtained in Section 3.2.2 is again trained on the consecutive
in-sample training subsets and used to forecast their respective
validation subsets. Some of the aforementioned absolute error
measures are used to evaluate the forecasting efficiency of the
model. A common consensus is that a component model with a
larger error should receive less weight in a combination system.
On the basis of this consensus, an error-based combination scheme
assigns each weight as the normalized unbiased inverse absolute
forecasting error of the model, such that

Wizli,Vl‘zl,Z,“gn (8)

In Eq. (8), e; denotes the forecasting error of the ith model. In
this study, the weight to the ith forecasting model for the jth
training-validation pair is assigned based on an extended form of
an error-based combination scheme shown in Eq. (9) as follows:

: ex UI
wie P i 4o mjo1,2,M ©)

> exp(t))
i=1

, . . N -1
where v} = (MAE{. + RMSE] + MAPE&.) . The three terms, namely,

MAE, RMSE, and MAPE, represent the respective errors of the ith
model for the jth validation subset. The reasons for combining these
three error measures have been mentioned in the previous para-
graph. This assignment mechanism uses the SOFTMAX distribution,
and these three error measures are inversely proportional to the
combined effect. Evidently, each weight in a specific in-sample
forecasting trial is non-negative and unbiased. An in-sample
forecasting trial involves training the model and verifying its fore-
casting accuracy using an in-sample training-validation pair. Let

o T
w = [w’lw’zw’n] (i=1,2,...,M)bethe column weight vec-

tor of the n models for the jth forecasting trial. XT denotes the
transposed form of X. A series of M weight vectors can be obtained
after all the in-sample forecasting trials have been performed.
Then, all the obtained weight vectors are concatenated with one
another to form a Bx 1 (B =n x M) dimensional column vector

w= [(w1)T, (WZ)T, o (WM)T:| T,whichcanbe regarded as a new

time series of weights. Two examples of the new time series of
weights are shown in Fig. 8. The vertical and horizontal axes repre-
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Input layer

Hidden layer

Output layer

Fig.9. Single hidden layer BPNN structure with the same input and output neurons.

sent the normalizedweightswﬁ (i=1,2,...,m;j=1,2,...,M)and
their indices in the column weight vector w, respectively. Notably,
the weight time series exhibits regular recurring patterns. The pri-
mary reason for such recurrence is the sliding window mechanism
used to formulate the consecutive pairs of training-validation sub-
sets.

A neural network-based model, called BSA-BPNN, is proposed
to identify and understand these regular recurring patterns in the
second phase. The BSA-BPNN model caters to the following three
points. (a) The characteristics of the whole data set can be approx-
imately reflected by the training data set. (b) BPNNs are highly
powerful and efficient in recognizing the recurring pattern in a data
set, and this model has a simple architecture in which the num-
bers of input and output neurons are both equal to the number
of component models. Moreover, this architecture only requires
selecting the number of hidden neurons. (c) BSA is rapidly and
successfully applied to solve the optimization problem, and it can
be used to preliminarily search for the global optimal initial con-
nection weights and the thresholds of BPNN. Thus, the designed
BSA-BPNN model has an n x h x n neural network structure, which
is depicted in Fig. 9. The term h indicates the number of neurons in
the hidden layer. (M — 1) input and output patterns, which are con-

o 4T ,
stituted by the weight vectors w = |w,, w), ..., w}| andw*! =

: ) 4T
[w’]“ , W’;], . W{f]] (j=1,2,...,M—1),respectively, are used
to train the BSA-BPNN model during the model fitting phase.
Moreover, the last weight vector wM is fed as the input to the

fitted BSA-BPNN model to obtain the final predicted weights as
W= [wq,wy,..., Wn]T. The pseudocode of the ITVPNNW process is

presented in Algorithm 2.

Algorithm 2. Determining the combination weights of the models

Input: in-sample training—validation pairs (Ym Yv(d’))( Jj=12,...,M), validation

tr

subset size N, n (n = 4) identified forecasting models, and trail times ¢

Output: predicted weight vector w for the forecasting models

1.

w =[ ] // Initialize w as the empty column vector

for j=1 to M do

for i=1 to n do

Fit Y[(rj) into the ith individual model and use the fitted model to

predict Y\Ej) for 7 times, and then calculate the average \A(V(;;)(i).

Calculate the errors of ﬂ(f(sj)(i),Yij)) using three error measures
(MAE, RMSE, and MAPE) and then record the results as
MAE/, RMSE/, and MAPE/, respectively.

end

Compute the weights w’ =[m’,wz’,...,14)’,,]T using Eq. (9).

=
w=[wT,(w-")T} // Append w’ to w

end

10.

Fit an appropriate nxhAxn BPNN model into w(l:n(M—l)) and use

BSA to optimize its connection weights and thresholds.

11.

Provide w((n(M—1)+1):nM):[wlM,wé”,...,wy]T as the input to
the fitted BSA-BPNN and obtain the predicted weight vector as

w :[Wl,Wz,...,M/”]T .

Some features presented in this section are similar to those used
in the literature; however, a new and different feature that extends
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the previous work has been introduced in the literature [29]. In par-
ticular, the feature that concerned the training process of BPNN is
included. This feature is facilitated by adopting a novel evolutionary
computational technique, namely, BSA. In this manner, BSA can be
applied to optimize the initial connection weights and the thresh-
olds of BPNN, which will overcome the shortcoming of BPNN, i.e.,
the training results easily fall into the local minimum point instead
of into the global optimum.

3.2.4. Combining forecasting models

The identified structure and the corresponding weight for each
forecasting model are obtained after the aforementioned three
phases. The training process of the proposed NNsLEF is completed
and the fitted ensemble framework can be used for forecasting.
The whole in-sample training data set Yy, is fed into each identified
forecasting model to forecast the out-of-sample data set Y, and the
forecasted output is recorded as (). The final forecasted output ¥
can be obtained using Eq. (1) by combining the forecasted outputs
YD (i=1,2,...,n) with the weight vector w. The pseudocode of
NNSsLEF is presented in Algorithm 3.

Algorithm 3. Process of the proposed linear ensemble framework

Table 1
Description of the eight data sets.

Time series Type Total size Training size Testing size

Lynx Stationary, nonseasonal 114 100 14
Sunspots  Stationary, nonseasonal 288 253 35
River flow Stationary, nonseasonal 600 500 100
Vehicles Nonstationary, nonseasonal 252 200 52
RGNP Nonstationary, nonseasonal 85 70 15
Wine Monthly seasonal 187 132 55
Airline Monthly seasonal 144 132 12
Industry Quarterly seasonal 64 48 16

vations of USA from the first quarter of 1977 to the last quarter of
1992.

These data sets are the same as those used in the literature [29]
to ensure effective comparison. Table 1 presents the basic informa-
tion of these data sets. The first column lists the names of all the
data sets. The second column presents the characteristic of each
data set. The total size, training size, and testing size of each data set
are provided in the third, fourth, and fifth columns, respectively. All
the experiments are implemented using MATLAB 2014a and per-

Input: training subset Y, =[J’1sz--=)’~“ JT, testing subset size N,
forecasting models (BPNN, DAN2, EANN, and ESN), and trail times =

n(n=4)

A T
Output: combined forecast Y = [)?N"“,jzz\,"ﬂ,. N ]

1. Algorithm 1. Confirm the structures of the forecasting models.

2. Algorithm 2. Obtain the predicted weights w =[w},w,,...,w,]" .

1. for i=1 to n do

2, Fit Y,

tr

times, and then calculate the

AL . . . i
PO [543 s,

average

into the ith model and use the fitted model to predict Y, for ¢

predicted

3. end

5 n )
4. Obtain the final combined forecast as Y:ZHWI.Y .

4. Empirical results and discussions
4.1. Experimental setup

4.1.1. Data sets

The proposed approach is empirically studied for the time series
forecasting problem. The designed experiments are performed on
eight data sets to demonstrate the effectiveness of the proposed
NNsLEF. All the eight data sets are available at the Time Seires Data
Library (TSDL) [69]. The detailed information of these eight data
sets are (a) Lynx records the number of lynx trapped per year in
Mackenzie River district of Northern Canada from 1821 to 1934; (b)
Sunspots records annual visible spots observed on the face of the sun
from 1700 to 1987; (c) River flow records the monthly flow in cms
of the Clearwater river at Kamiah, Idaho, USA from 1911 to 1965;
(d) Vehicles records monthly sales of vehicles in USA from January
1971 to December 1991; (e) RGNP records the real GNP values of
USA from 1890 to 1974 in billions of dollars; (f) Wine records the
monthly sales of red wine of Australian from January 1980 to July
1995 in thousands of liters; (g)Airline records the monthly number
of international airline passengers from January 1949 to December
1960 in thousands; (h) Industry records quarterly industrial obser-

formed on a personal computer with Intel Core 4 GHz CPU and 8
GB main memory.

4.1.2. Data preprocessing

A data preprocessing process is performed for each data set to
improve the performance of the proposed approach at the begin-
ning of the experiments. Each data set is linearly scaled within the
range [0, 1] by adopting linear transformation through Eq. (10):
X = w! (10)

Xmax — Xmin

where Xmgx and X, are the maximum and minimum values of
the data set, respectively. Among all the data sets, “Lynx” is pre-
processed using logarithms (to the base of 10) to achieve a good
fit [29], and then the data preprocessing process is applied. This
process is implemented to avoid the phenomenon in which the
attributes in the wide numeric ranges dominate those in the small
numeric ranges.

4.1.3. Parameter setting tuning test
The performance of the proposed approach primarily depends
on the performances of the suggested ANN models, which are influ-
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Table 2

Requisite modeling information.

Data sets BPNN DAN2 EANN ESN h
Lynx 3x9x1 8x0x1 3x16x1 3x30x1 14
Sunspots 8x12x1 8x0x1 8x16x1 3x40x1 13
River flow 8x9x1 3x1x1 8x9x1 8x80x1 16
Vehicles 3x11x1 7x2x1 3x9x1 3x30x1 12
RGNP 5x16x1 4x0x1 3x15x1 8 x60x1 12
Wine 8x8x1 3x1x1 8x11x1 8x30x1 12
Airline 11x12x1 12x3x1 11x12x1 11x90x 1 17
Industry 4x17 x 1 4x0x1 4x16x1 11 x60 x 1 13

enced by the selection of their structures and selected according to
aseries of experiments. In general, all the four neural network mod-
els are designed with one neuron in the output layer in this study.
More details about specific setting process of each model are as
follows. The BPNN and EANN models are designed with only one
hidden layer and are fitted into the neural network toolbox through
the training function trainlm [70]. The numbers of input and hid-
den neurons for each individual BPNN model are selected from the
set {3, 4,..., 12} and the set {12, 13,..., 24}, respectively. The
selections of input and hidden neurons for the EANN models are
the same as those for the BPNN models. The number of input nodes
is also selected from the set {3, 4,..., 12} for each individual DAN2
model and ESN model; however, the selection of hidden structures
for the DAN2 and ESN models is relatively different from that for
the BPNN and EANN models. In particular, the DAN2 models are
designed to have less than five hidden layers and the number of
hidden neurons for each hidden layer is fixed to four. The number
of hidden neurons (i.e., the reservoir size) is selected from the set
{30, 40, ...,120} for each individual ESN model. Thus, a total of
k1 =100 BPNN models, x; =100 EANN models, x4 =100 ESN mod-
els, and a maximum of k3 =50 DAN2 models have been investigated
for each in-sample training-validation pair of each time series. For
the BSA-BPNN model, the numbers of input and output neurons
are both equal to the number of component models; thus, only
the number of hidden neurons h is required to be determined. h
is selected from the set {12, 13,..., 24}, and the optimal value is
chosen based on the experiments. Based on the IHSH introduced in
Section 3.2.2, the requisite modeling information for all the eight
time series data sets is obtained and presented in Table 2, in which
p x q x 1 for DAN2 indicates that g hidden layers exist in the model.

Other parameters also play important roles in the performance
of the proposed approach, such as parameters M used for the train-
ing phase, N,q and t used for the entire phase, parameters involved
in ESN, and parameters used in BSA. An extremely large value of
M may lead the training process be sensitive to the outliers and
increases the size of the in-sample weight set as well as increases
the time complexity of the algorithm; however, a small value of
Mmay lead to a biased combination of the most recent in-sample
observations, and thus, may be inadequate. The determination of
M is based on a series of experiments. Different values of M have
been tested based on the formula M = [coeff x N1, where coeffis a
coefficient ranging from 0.1 to 0.3, and Ny, is the number of observa-
tions in the training data set Y of each data set. [C] represents the
rounding of C to the nearest integer higher than or equal to C. The
experimental results suggest that M = [0.2 x N is an appropriate
choice for nearly all the data sets. Another parameter is N4, which
is considered equal to the number of observations in the out-of-
sample testing data set for each data set, i.e., Nyq = Nts. Meanwhile,
the parameter trial times 7 is set to 5. The two parameter Nygq and
T are not so important to affect the experimental results, and thus
are empirically set.

ESN involves the selection of reservoir parameters, such as the
number of input nodes, reservoir size (SN), sparseness (SP), and
spectral radius (SR) of the internal connection matrix W. The sug-

Table 3

Best forecasting results for different models.

Our proposed models

Adhikari’s models

Error

Data sets

measures

Combination methods

Individual models

Combination methods

Individual models

NNsLEF

ESN
0.095
0.016

EANN
0.086
0.012

AIW AsM BPNN DAN2
0.091
0.013

Outperf.

Median EB LSR

0.133
0.026

EANN Avg.

0.156
0.036

FANN
0.154
0.032

SVM

Box-Jenkins

0.067
0.006

0.125
0.024
16.997

0.068
0.006
13.49

0.107 0.110
0.017
311

0.015

0.027

0.133
14.2

0.097
0.013

0.112
0.018

0.173
0.053

0.103
0.015

Lynx

210.485

11.451
0.723

13.106
302.93
0.684

15.1
401.057
0.834
1.688
2177
6.89

509.055
1.54
5.

305.354

13.242
0.654

13.84
371.8

13.75
375.4
0.665

3934

0.736

13.78
352.3
0.712

14.98
428.4

15.96
371.8

20.06 16.55 18.93
526.4 663.6

630.3

14.91
348.5

MAE
MS

Sunspots

1.372
1.878
5.397

1.107
1.955
6.191
29.46
1133

2.737

19

1.001
2.099

6.428

0.638
0.978

0.749
1.156
2.071

1.068
2.011

1.245
2.059
7.508
12.25
278.5
2.466

1.197

0.676
1.138
2.139
6.683

0.751
1.158
2.087
6.188
11.74
197.3
2.075
9.233

1.036
2.19

0.66
1.217

1.172
2.239
6.794

0.687
20.89

1.26
2.606

MAE
MSE
M

River flow

2.073
6.407

2.001
5.531

6.175
11.72
196.6
2.372

6.088

2.06
6.011
10.1

2.173
6.989

2.128
7.018
16.2

2.174
7.142
17.01

470

AE
MSE

MA

Vehicles

131.085
2.303
9.113

9.567
7

14.513
315.293
2.893

206.696

11.747
2.954

16.873
678.162
2.766

9.903
9

13

13.23
260.6

155.2
2.057

13.67
265.9

15
3222

359.4
2.923
17

719.2
2.451

E
MSE
MAE
MSE

RGNP

12.185
12.167
230.5

13.106
14.583
264.25

15.859
12.5

16.201
14.083

1.923
7.524
7.434
86.63

9.204
10.22

143.1

2.008
7.712

10.07
10.68
158.3

9.014

2.173
10.05
11.73
176.5
1.37

3.009
18.2

10.03
10.85
176.9

2.776
12.19
12.49

291

Wine

64.833
1.011

260.667

244417

10.85
152.5

10.85
157.8

11.63
181.4

15.24
3325

16.17
378

MAE
MSE
MAE
MSE

Airline

1.335 1.667
2.266 3.186 1.302

1.391
2.624

1.419
2.355

1.272
2.576

1.386
2.892

1.365 1.452
2974 3.764

1.388 1.822 1.386 1.678
3.162 4.606 2.888 2.869 5.239

1.958
5.532

1.526
4.842

Industry




L. Wang et al. / Applied Soft Computing 66 (2018) 1-17 13

gested preparation of the reservoir is presented in the study of
Jaeger [62]. In the current simulation, the number of input nodes
and reservoir size (SN) are set as mentioned earlier. All the other
parameters are set according to the recommendation of existing
literature. According to the study [7], the sparseness (SP) of W is
selected as 10/SN and the spectral radius (SR) is set to 0.8. Con-
nection weights matrices W and Wi, as well as the noise matrix
bias, are randomly fixed and unchanged. The range of elements in
W, Win, and bias is specified within [0, 1][62]. The parameters used
in BSA are set based on a series of experiments and recommenda-
tion of existing literature. From the experimental results, the BSA
parameters are specified as follows: (a) the population size is set
to 100, (b) the maximum iteration is set to 100, and (c) the control
parameter mixrate is set to 1.0 [58]. In summary, all the parameters
used in this study can be determined according to the experiments,
the recommendations of existing literature and empirical setting.

4.2. Analysis of results

In this work, the performance of the proposed approach is com-
pared with those of different forecasting models, including the
four proposed component models and Adhikari’s models [29]. Note
that Adhikari’s models include the four individual models (Box-
Jenkins, SVM, FANN and EANN) and seven combination models
(Avg., Median, EB, LSR, Outperf., AIW and the linear combination
model). Among the seven combination models, the linear combi-
nation model, denoted as AsM, is the best-known model. For more
details, we refer to the reference [29]. MAE and MSE error mea-
sures are selected to evaluate forecasting accuracies, as used in
Adhikari’s models [29], to provide a fair idea on the performances
of the different models.

Table 3 presents the obtained forecasting results of the proposed
models and Adhikari’s models, where the best results are shown in
boldface. In particular, the results of the “River flow,” “Wine,” and
“Industry” time series are given in transformed scales, such that
the original MAE is equal to the obtained MAE multiplied by 102
and the original MSE is equal to the obtained MSE multiplied by
10%. A diagrammatic depiction of the forecasting performance of
the proposed models on the eight data sets is provided in Fig. 10.
The actual and forecasted values obtained from the BPNN, DAN2,
EANN, ESN, and NNsLEF models are represented in each plot.

The mean ratio of relative errors is used as a measure across
data sets to have an idea regarding relative performance [7,71].
For the two methods, A (base method) and B (comparison method)
with errors §4 and §g, the relative error is %. A relative error

is a popular measure that indicates superior performance between
two compared methods. The lower the relative error, the better
the performance of the comparison method than that of the base
method.

In this study, the proposed NNsLEF model is set as the compar-
ison method, whereas the proposed four individual models, and
Adhikari’s four individual models, as well as Adhikari’s seven com-
bination models are set as the base methods. Tables 4 and 5 show
the relative errors of the pair of models where NNsLEF is set as com-
parison method and an individual model or a combination method
is set as base method. The mean ratio of the relative error is the
average of the relative errors over all the data sets. A value of the
mean ratio of the relative error that is less than O represents an
improvement relative to the base method.

From Tables 3-5, the performance of the proposed NNsLEF
model is relatively superior to those of the four proposed com-
ponent models (BPNN, DAN2, EANN, and ESN), Adhikari’s four
individual models (Box-Jenkins, SVM, FANN and EANN), and
Adhikari’s seven combination models (Avg., Median, EB, LSR, Out-

perf., AIW and AsM), as evidenced by examining either the cases
alone or the overall cases.

(a) Improvement in the forecasting performance occurs when the
NNSsLEF model is compared with the eight individual mod-
els, including Box-Jenkins, SVM, FANN, Adhikari's EANN, BPNN,
DAN2, the proposed EANN and ESN. Examining the cases alone,
the NNsLEF model is superior to the eight individual mod-
els in cases with eight, seven, seven, eight, seven, eight, eight,
and seven data sets in term of MSE error measure. Hence, the
NNSsLEF model can achieve better forecasting accuracy than the
eight component models for nearly all of the eight data sets. For
the “River flow” data set, the performance of the NNsLEF model
is relatively unsatisfactory compared with the individual mod-
els of SVM, FANN, BPNN and ESN. This information is shown in
italicin Table 4. The reason for this unsatisfactory result is mul-
tifaceted. One reason for this outcome may be attributed to the
limited computational complexity and running time given that
the notable characteristic of this data set is the large number of
samples.

From another aspect, i.e., examining the overall cases, the
NNsLEF model can also obtain better forecasting accuracy. The
mean ratios of the relative error, in terms of both MAE and
MSE error measures, are —31.61% and —52.45% for the Box-
Jenkins and NNsLEF pair, —32.4% and —48.69% for the SVM and
NNSLEF pair, —29.44% and —50.4% for the FANN and NNsLEF
pair, —37.33% and —59.15% for the Adhikari’s EANN and NNsLEF
pair, —22.37% and —38.31% for the BPNN and NNsLEF pair,
—31.68% and —53.45% for the DAN2 and NNSsLEF pair, —25.51%
and —43.1% for the EANN and NNsLEF pair, and —25.69% and
—40.82% for the ESN and NNSsLEF pair, respectively. This infor-
mationis shown as “MEAN” in the last row of Table 4. The results
that all the mean ratios of the relative error, in terms of both
MAE and MSE error measures, are less than 0 have indicated
that the NNsLEF model has an improvement relative to the eight
individual models.

(b) Improvement in the forecasting performance is observed when
the NNsLEF model is compared with Adhikari’s seven combina-
tion models, including Avg., Median, EB, LSR, Outperf., AIW and
AsM. The proposed model also outperforms the seven combi-
nation models in two aspects. For the cases alone, the NNsSLEF
model can obtain better forecasting accuracy in the cases with
seven, siX, siX, eight, six, eight and six of the eight data sets in
term of MSE error measure. In particular, the NNsLEF model
clearly does not perform well in the “River flow” and “Wine”
data sets. This information is shown in italic in Table 5. More
specifically, for the “River flow” data set, the performance of
the NNSLEF model is relatively unsatisfactory compared with
the combination models of Median, EB, Outperf., and AsM. The
reason for this unsatisfactory outcome may be attributed to the
results generated from the proposed model do not satisfy Eq.
(2), which may lead to the unsatisfactory performance. As for
the “Wine” data set, the NNSsLEF clearly does not perform well
when compared with the combination models of Avg., Median,
EB, and AsM. It may be because of the limited performance of the
NNSsLEF model. After all, a model cannot produce good results
for all data sets.

Although the NNsLEF model generates unsatisfactory results in
the “River flow” and “Wine” data sets, it does not indicate that the
performance of the NNsLEF model is poor. Evidence can be obtained
when attention is directed toward the performance of the over-
all cases. The reduction values of the proposed NNsLEF model, in
term of both MAE and MSE error measures, are 19.57% and 32.3%,
21.12% and 38.05%, 15.46% and 29.77%, 21.06% and 39.99%, 16.36
and 30.16%, 18.62% and 30.75%, and 2.42% and 6.71% when com-
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Fig. 10. Forecasting performance of the eight data sets: (a) Lynx, (b) Sunspots, (c) River flow, (d) Vehicles, (e) RGNP, (f) Wine, (g) Airline, and (h) Industry.

pared with the models Avg., Median, EB, LSR, Outperf., AIW and
AsM, respectively. Note that the performance of the NNsLEF model
is better than that of the best-known model AsM and has MAE and

MSE improvements of 2.42% and 6.71%. This information is shown
in boldface as “MEAN” in the last row of Table 5.
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Table 4
Relative error rates of different models (NNsLEF is set as comparison method and the eight individual models are respectively set as base method).
Data sets Error Adhikari’s models Our proposed models
measures
Box-Jenkins SVM FANN EANN BPNN DAN2 EANN ESN
Lynx MAE -0.3495 -0.6127 -0.5649 -0.5705 -0.2637 -0.464 -0.2209 -0.2947
MSE -0.6 -0.8868 -0.8125 -0.8333 -0.5385 -0.75 -0.5 -0.625
Sunspots MAE -0.232 -0.4292 -0.3081 -0.3951 -0.1353 -0.3263 -0.2417 -0.1263
MSE -0.396 -0.666 -0.6 -0.6828 -0.3107 -0.5865 -0.4752 -0.3052
River flow MAE -0.4262 0.0524 0.0955 -0.3021 0.1055 -0.5305 -0.1331 0.0570
MSE -0.4735 0.1706 0.1274 -0.3735 0.3706 -0.7356 -0.1872 0.2394
Vehicles MAE -0.1362 -0.1612 -0.1175 -0.1358 -0.1053 -0.0941 -0.1373 -0.0394
MSE -0.2443 -0.2056 -0.231 -0.2278 -0.1604 -0.1576 -0.2167 -0.1283
RGNP MAE -0.4376 -0.542 -0.4094 -0.3622 -0.433 -0.1856 -0.3408 -0.6753
MSE -0.7211 -0.8177 -0.6353 -0.5932 -0.8067 -0.3658 -0.5842 -0.8843
Wine MAE -0.1704 -0.0604 -0.2121 -0.2346 -0.1674 -0.2204 -0.2039 -0.1586
MSE -0.2524 -0.0914 -0.4639 -0.4993 -0.4375 -0.4254 -0.3047 -0.2521
Airline MAE -0.4396 -0.3548 -0.5671 -0.5407 -0.5029 -0.4400 -0.5200 -0.4247
MSE -0.7772 -0.6335 -0.8285 -0.805 -0.7347 -0.7513 -0.7547 -0.7187
Industry MAE -0.3375 -0.4837 -0.2716 -0.4451 -0.2875 -0.2732 -0.2427 -0.3935
MSE -0.7311 -0.7646 -0.5882 -0.7173 -0.4471 -0.5038 -0.4254 -0.5913
MEAN MAE -0.3161 -0.324 -0.2944 -0.3733 -0.2237 -0.3168 -0.2551 -0.2569
MSE -0.5245 -0.4869 -0.504 -0.5915 -0.3831 -0.5345 -0.431 -0.4082
Table 5
Relative error rates of different models (NNSsLEF is set as comparison method and the seven combination models are respectively set as base method).
Data sets Error Adhikari’'s models
measures
Avg. Median EB LSR Outperf. AIW AsM
Lynx MAE -0.4017 -0.4962 -0.3093 -0.4962 -0.3738 -0.3909 -0.0147
MSE -0.6667 -0.7692 -0.5385 -0.7778 -0.6 -0.6471 0
Sunspots MAE -0.2825 -0.2356 -0.169 -0.1936 -0.1672 -0.1723 -0.1511
MSE -0.4339 -0.5087 -0.4025 -0.465 -0.4393 -0.4339 -0.3232
River flow MAE -0.0373 0.0695 0.0155 -0.0177 0.0872 -0.0347 0.1332
MSE 0.1848 0.2056 0.1462 0.102 0.2846 0.1869 0.4029
Vehicles MAE -0.1001 -0.122 -0.0884 -0.0879 -0.0661 -0.0932 -0.0615
MSE -0.1278 -0.1924 -0.1021 -0.2812 -0.1135 -0.126 -0.0242
RGNP MAE -0.1851 -0.3001 -0.0528 -0.219 -0.2769 -0.1837 -0.0339
MSE -0.3356 -0.507 -0.1554 -0.5293 -0.497 -0.3332 -0.0569
Wine MAE 0.1099 0.0598 0.1196 -0.0661 0.1469 -0.0291 0.1976
MSE -0.013 -0.0932 0.011 -0.095 0.1817 -0.0099 0.2112
Airline MAE -0.3981 -0.4032 -0.3548 -0.3446 -0.3548 -0.3151 -0.0584
MSE -0.6426 -0.6327 -0.5891 -0.5904 -0.5749 -0.5469 -0.2516
Industry MAE -0.2706 -0.262 -0.3975 -0.2593 -0.3037 -0.2706 -0.2052
MSE -0.5492 -0.5462 -0.7515 -0.5622 -0.6541 -0.5498 -0.4946
MEAN MAE -0.1957 -0.2112 -0.1546 -0.2106 -0.1636 -0.1862 -0.0243
MSE -0.323 -0.3805 -0.2977 -0.3999 -0.3016 -0.3075 -0.0671
Table6 EANN, and ESN), and Adhikari’s four individual models, as well as
Wilcoxon signed-rank test. Adhikari’s seven combination models by examining either the cases
Compared methods R* R- p-value Diff? alone or the overall performance.
NNSLEF versus BPNN 34 2 0.025 Yes
NNsLEF versus DAN2 36 0 0.012 Yes
NNSLEF versus EANN 36 0 0.012 Yes 5. Conclusions and future work
NNSLEF versus ESN 34 2 0.025 Yes
NNSLEF versus AsM 28 8 0.161 No

This study proposes a new and effective linear ensemble frame-

Nonparametric statistical tests are performed on the experi-
mental results using the MAE error measure alone to further test
whether significant performance differences exist between the
proposed NNsLEF model and the four component models (BPNN,
DAN2, EANN, and ESN) and the reference method (AsM). The
Friedman test shows that significant differences exist among the
compared methods with a p-value of 0.001 (the p-value is less
than 0.05). Furthermore, the Wilcoxon signed-rank test outcomes
shown in Table 6 indicate that the NNsLEF model is statistically
better than the BPNN, DAN2, EANN, and ESN models with respec-
tive p-values of 0.025, 0.012, 0.012, and 0.025 and is insignificantly
better than the AsM model with a p-value of 0.161.

In summary, the performance of the proposed model is supe-
rior to those of the proposed four individual models (BPNN, DAN2,

work, called NNsLEF, which aims to improve the accuracy of time
series forecasting. The proposed NNsLEF could be an effective
forecast combination model because of the following reasons: (a)
four widely used neural networks (BPNN, DAN2, EANN, and ESN)
are selected as the underlying component forecasts, and an IHSH
mechanism is accordingly designed to determine their structures.
Neural networks are flexible nonlinear data-driven models with
attractive properties for forecasting. Thus, NNsLEF could inherit
its forecasting performance from the four component neural net-
work models. (b) adynamic weight combination approach, namely,
ITVPNNW, is proposed to generate the relative optimal combina-
tion weights. The main advantage of ITVPNNW is the capability
to relax in-sample performance dependence and abstract statis-
tical complexity. It can improve forecasting accuracy of forecast
combination model. Thus, NNsSLEF can merge the advantages of
component neural networks and a dynamic weight combination
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approach for better performance. This merging is the main contri-
bution of this work.

A series of experiments has been performed to verify the effec-
tiveness of the proposed forecast combination. Under the criterion
of minimizing the sum of absolute errors in terms of MAE and MSE,
the experimental results obtain the following main conclusions.
(a) The proposed forecast combination approach is superior to the
four component models (BPNN, DAN2, EANN, and ESN) in cases
with seven, eight, eight, and seven data sets, with MAE and MSE
presenting the best/worst average improvements of 31.68%/22.37%
and 53.54%/38.31%, respectively. (b) The proposed approach is
more promising compared with the best-known AsM combination
method, as reflected in better forecasting accuracies for three-
fourths of the eight data sets, with average improvements of 2.42%
for MAE and 6.71% for MSE for all the data sets. (c) The proposed
approach adapts well to different data set types, including sta-
tionary/nonstationary and seasonal/nonseasonal, without showing
evident signs of overfitting. Thus, the proposed NNsLEF model is a
potential tool for addressing complex and interesting time series
forecasting problems in a variety of fields.

However, the approach is limited in terms of computational
complexity, particularly when data sets with a large number of
samples are used to test the proposed proposal. These under-
lying drawbacks would limit the approach to the cases where
additional training time is of low relevance for the concerned
application. Therefore, future research can involve reducing the
computational complexity and running time of NNsLEF to address
these limitations. Other extensions may comprise (a) combining
different forecasting models, (b) analyzing other input-hidden neu-
ron determination mechanisms, and (c) applying new combination
weight-generating mechanisms such as Bayes combination and
genetic optimization. Efforts should also be exerted to develop
novel combination approaches that can be easily implemented with
satisfactory performance under complex decision environments
[72-76].
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