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Abstract

Previous studies in passenger flow forecasting commonly employ decomposition ensem-
ble models with linear addition, treating individual single-component forecasts with
equal weights, to produce ensemble forecasts. It is known that fuzzy cognitive maps
(FCMs) in multiple criteria decision-making are capable of modeling system dynamics by
catching the causal relationships between the concepts describing a system. To enhance
the forecasting ability of decomposition ensemble models with linear addition, this study
aims to develop weighting schemes based on FCMs and grey relational analysis (GRA).
Time series are decomposed into several components, and neural networks are applied to
forecast individual components. Then, GRA is applied to assess the weights for individual
single-component forecasts. To obtain ensemble forecasts, an optimal FCM determined
by a genetic algorithm is used to determine the final combination weights for individual
single-component forecasts. In comparison with benchmark models, the results show that
the proposed FCM-based decomposition ensemble models significantly effectively im-
prove the forecasting accuracy of air passenger flow in Taiwan across different forecasting
horizons.

Keywords: grey relational analysis; fuzzy cognitive map; ensemble learning; passenger
flow; MCDM

MSC: 68120

1. Introduction

Forecasting demand in any industry is increasingly important to confront external
competition and enhance operational performance [1,2]. The accuracy of forecasts of the
flow of air passengers has received considerable attention from researchers and industry
practitioners in recent years [3]. Such forecasts are advantageous to both policymakers
and air transport practitioners to formulate management strategies and operational plans
[4,5].
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For time series modeling, decomposition ensemble learning has attracted extensive
attention from researchers for forecasting passenger demand, given that it may improve
the forecasting accuracy of single models [3]. The construction of a decomposition ensem-
ble model comprises three main stages: data decomposition, component series forecasting,
and ensemble forecast generation [6,7]. Empirical evidence has demonstrated the superi-
ority of decomposition ensemble models over single forecasting models, including those
such as Bi et al. [6], Hu et al. [8], Tang et al. [9], Xing et al. [10], and Liang et al. [11], among
others. Even so, further improvements to the forecasting performance of decomposition
ensemble models are needed for passenger demand forecasting.

Data decomposition can reduce the complexity of time series by dividing data series
into several components with low volatility through various data decomposition methods
[12,13]. Some decomposition methods have been utilized to extract meaningful patterns
embedded in time series associated with passenger demand to improve the capability of
forecasting models, such as empirical mode decomposition (EMD) [8,9,14-18], variational
mode decomposition [3,10], seasonal and trend decomposition using locally estimated
scatterplot smoothing (STL) [19], and structured time series models (STSMs) [10].

In respect of component series forecasting, because of the capability of neural net-
works (NNs) for modeling nonlinearity and mapping arbitrary functions [5], NNs were
commonly used to forecast component series, such as support vector regression (SVR) by
Shi et al. [20], Xie et al. [21], and Xing et al. [10]; echo state network by Qin et al. [19]; long
short-term memory (LSTM) by Liang et al. [11], Liu et al. [15], Tang et al. [22], Wu et al.
[23], and Yang et al. [24]; radial basis function network (RBFN) by Li et al. [25]; and multi-
layer perceptron (MLP) by Zhang et al. [18]. Ensemble forecasts are then produced by
fusing single-component forecasts. Linear addition with equal weight that simply adds
single-component forecasts together to form ensemble forecasts is frequently applied to
forecast passenger flow such as Cao et al. [14], Liang et al. [11], Qin et al. [19], and Zhang
et al. [18]. However, while equal weight is simple enough, weighting schemes that are
used to assess the contribution of partial performance to the synthetic results can have a
great effect on the accuracy [8].

Here, we focus on the weighting scheme with respect to linear addition for decom-
position ensemble modeling. First, the use of the correlation between components and the
original series is beneficial for identifying influential components for ensemble learning
[16]. It is reasonable to treat air passenger demand as a grey system. Although series of
passenger flow data are available for analyzing air passenger demand, the factors that can
affect demand are not completely known. This motivates us to exploit grey relational anal-
ysis (GRA), an effective tool commonly used for grey systems analysis [26-29], to identify
the weights of individual single-component forecasts by assessing the correlation among
series. Also, little attention has been paid to applying the perspective of grey systems to
forecast the demand for passengers in transportation.

Furthermore, because the sources of information are not always independent of one
another [30], it is feasible to determine the weights of individual single-component fore-
casts by identifying the interrelationships among component series forecasting models.
This inspired us to incorporate fuzzy cognitive maps (FCMs), as proposed by Kosko [31],
into the weighting scheme. FCMs are characterized by their ability to model the dynamics
of complex systems by identifying the causal relationships among factors [32,33]. FCMs
can thus generate final solutions in response to a given set of initial conditions. They are
applied in diverse fields such as pattern recognition [34-36], time series forecasting [37-
40], policy formulation [41,42], and industrial applications [33,43]. To our knowledge, de-
spite the usefulness of FCMs, no study has integrated them with decomposition ensemble
modeling in the field of transportation.
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In sum, this study features a weighting scheme for linear addition: Given state values
pertaining to the initial weights of individually forecasted components through GRA,
FCMs are utilized to determine the final solution by identifying the interrelationships
among component series forecasting models. With data series decomposition, component
series forecasting, and ensemble forecast generation for forecasting air passenger flow, we
aimed to examine whether incorporating FCM-based weighting schemes into linear addi-
tion improves the accuracy of decomposition ensemble models. The forecasting perfor-
mance of the proposed decomposition ensemble models was examined using the flow of
air passengers to Taiwan from six primary airports. Overall, the contributions of this
study are as follows:

e  This study presented a new weighting scheme for decomposition ensemble learning
to improve the accuracy of air passenger demand forecasting.

e  The results showed that the proposed methods with GRA and FCM outperformed
single forecasting models and other benchmark models considered.

e  To our knowledge, despite the usefulness of FCMs, no study has integrated them
with decomposition ensemble modeling in the field of transportation.

The remainder of this paper is organized as follows. Section 2 describes the method-
ological framework, Section 3 introduces the proposed FCM-based weighting schemes
and the resulting decomposition ensemble model, and Section 4 compares its accuracy to
that of several benchmark models based on statistical tests. Conclusions are presented in
Section 5.

2. Methodology

A three-stage methodological framework is depicted in Figure 1. The first stage in-
volves dividing the original data series into multiple components by EMD. This approach
has been previously successful in travel and passenger demand forecasting. In the second
stage, commonly used neural networks, including the MLP, the RBFN, SVR, convolu-
tional neural networks (CNNs), and LSTM, are exploited to generate single-component
forecasts. GRA is applied to assess the state values associated with the initial weights of
individual component series forecasting models, and FCMs with a learning algorithm
evolve to reach a steady state with respect to the final solution. Then, linear addition syn-
thesizes single-model forecasts into composite forecasts. We examined the forecasting
performance of the proposed decomposition ensemble models using the flow of air pas-
sengers to Taiwan from six primary airports.

2.1. Empirical Mode Decomposition

EMD was developed on the assumption that any non-stationary and nonlinear time
series is composed of different simple intrinsic modes of oscillation expressed by intrinsic
mode functions (IMFs) [44]. Some studies combined EMD with NNs to develop hybrid
methods to obtain better forecasting performance [15]. EMD applies a shifting process to
decompose the original series y into z IMFs and a residual such that y = (y(1), y(2), ..., y(n))
can be represented as

YO =X IMF(0)+(0) 0

where IMFi(t) and r:(t) denote the i-th IMF and the residue at time ¢, respectively. Initially,
lets, k, ro(t), and hi(t) equal 1, 1, y(t), and y(t), respectively. To extract the s-th IMF, the first
step of the decomposition procedure identifies all local extrema, including the maximum
and minimum values of h(t). With the interpolation of two cubic splines, we generate the
upper (ux(t)) and lower (I(t)) envelopes defined by the maxima and the minima, respec-
tively. Then, a mean envelope mix(t) is computed as
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Figure 1. The methodological framework.

At this stage, it is necessary to check whether hw1(f) accords with the conditions with
respect to the IMF: (1) at any point, the means of the local upper envelope and the lower
envelope are equal to or close to zero; and (2) the number of extreme points and zero
crossing points must be either equal or differ at most by 1. If hx1(t) does not satisfy these
conditions, then hk(t) is replaced by h1(t), k is increased by 1, and the above procedure is
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iterated until the s-th IMF is generated. Otherwise, define IMF;s(t) = hi(t), the residual rs(t)
is computed as

Ts(t) = Tsfl(t) - hk+l(t) (4)

If 7s(t) represents a residue, then the process is terminated; otherwise, we return to
the first step of the decomposition procedure and the procedure is repeated until the res-
idue is stationary by increasing s by 1, and setting k and hi(t) as 1 and rs-1(t), respectively,
where r:(t) is the last IMF extracted from data series.

2.2. Neural Networks

NN like SVR, RBFN, MLP, CNN, and LSTM have been widely used to forecast pas-
senger demand. The proposed model thus applies these NNs to single-component fore-
casting. Let Xi(t) = {y(t — 1), y(t — 2), ..., y(f — B)} denote the input space at time t (t=+1,
+2, ..., ), where 8 denotes the lag order, while J,(¢) representing the single-component

forecast obtained from the i-th component series forecasting model i (1 <i < z) is the cor-
responding 1-step-ahead forecast. With the kernel function (Xi(f), X(t)), SVR generates
¥,(t) as follows:

50 = X (@~ @)K (X0, XO)+b ®)

where X(t) has the form of Xi(t), and a, a

. € [0, C] represent the Lagrange multipliers
in a quadratic programming problem. Gaussian or linear functions can serve as the kernel
function for SVR. For the RBFN, the activation function of a hidden neuron considers the
Gaussian function. With /1 hidden nodes, let ox and pix in the Gaussian function represent
the spread width and center, respectively, for the k-th hidden node (1 <k < h). The corre-
sponding output can be written as
2
o=

Ru(X(t)) = exp(——zg2 ) (6)
k

where |l Il denotes the Euclidean norm. As aresult, J,(¢) produced by the RBFN is writ-

ten as
h
(@) = D wR(X (1) )
k=1

Foran MLP, J,(?) isexpressed by the following [45]:

5.0 = Y g (- ) ®

where g is an activation function, ux denotes the weight of the connection linking the j-th
input node to the k-th hidden node, and vx denotes the weight of the connection linking
the k-th hidden node to the output node.

The convolutional layer, pooling layer, and fully connected layer are the three basic
layers of a CNN. In the convolutional layer, each filter slides over the input sequence and
computes a weighted sum of the local input values. The resulting feature map value can
be expressed as follows:

0 _ ) .- 0
F? =0 2 Wk +07) ©)
m n

(1)

(") denotes the input at positioni+m, w,  the convolutional filter weight, o

where X,

is an activation function, and b denotes a bias term. A down-sampling operation is con-
ducted by the pooling layer to lower the spatial extent, whereas the fully connected layers
are designed with a metaheuristic.
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LSTM copes with data series at time ¢ as follows:

fe=0(Ws- [hea, X(£)] + by) (forget) (10)

it = (Wi - [hi1, X(8)] + bi) (input) 11)

0t = (Wo - [he1, X(£)] + bo) (output) (12)
C=fi® Cr+ir O Ci (cell state) (13)

he =0t O tanh(Cy) (hidden state) (14)

Ci = (We - [he, X(£)] + bo) (candidate cell state) (15)

in which fi, it, and o: denote different gates that control the flow of information, © means
a Hadamard operation, and [h+1, Yi] denotes the concatenation of the previous hidden
state and the current input. Further, Wy, Wi, and W, represent the weight matrices, and by,
bi, and b, represent biases. o0 is an activation function.

The NNs considered were all implemented in Python 3.9.25. The scikit-learn 1.4.1
was applied to the construction of the MLP and SVR. The RBFN was built with the
PyTorch 2.8.0, and the CNN and LSTM were constructed with the TensorFlow 2.7.0. The
searched values for hyperparameters pertaining to a grid search used by these NNs are
presented in Table 1. The lag order and hyperparameters were selected primarily accord-
ing to training set performance, and an independent validation procedure was not imple-
mented. In addition, the implemented CNN consisted of one Conv1D layer, a kernel size
of 1, and a ReLU activation function, followed by a max pooling layer with a pool size of
1, a flattening layer, a dropout layer with a dropout rate of 0.3, and a fully connected linear
output layer with one node. As for LSTV, it consisted of one LSTM layer with a hyperbolic
tangent activation function (tanh), followed by a dropout layer with a dropout rate of 0.5
and a fully connected linear output layer with one node. The loss function, optimizer,
batch size, and random seed are MSE, Adam, 16, and 42, respectively, and are specified to
implement CNN and LSTM.

Table 1. The searching values in grid search for neural networks.

Model Parameter Description Search Value
All mod- lag order Number of preceding time points used as pre- 123,456
els dictors

kernel Kernel function rbf, linear

c Regularization parameter. The strength of the 2-10, 29, 2-8, 27, 26, 2-5 24 2-3 2-2 D-1 20 D1,
SVR regularization is inversely proportional to C 22, 23, 24, 25, 26, 27, 28, 29, 210

2-10 2-9 -8 D-7 D-6 2-5 D-4 D-3 D=2 D-1 20 71

gamma Kernel coefficient 2 ’2 g 2’4’ 25" 5 6” 2 ’28, 2’ 5 2; . T
RBEN hidden nodes The number of hidden nodes 2,4,6,8,10,12, 14
MLP activation The hidden node’s activation function identity, logistic, tanh, ReLU

hidden nodes The number of hidden nodes 2,4,6,8,10,12, 14

learning rate The value of learning rate 0.0001, 0.001, 0.01, 0.1
CNN filters "ljhe number of filter maps in the convolu- 8,16, 32, 64, 128, 256

tional layer

LSTM learning rate The value of learning rate 0.0001, 0.001, 0.01, 0.1

nodes

;1:}1,(; rrlumber of nodes to use in the hidden 8, 16, 32, 64, 128, 256
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2.3. Grey Relational Analysis

GRA can identify the degree of similarity in the developing trend among time series
in a given system. By treating y as the reference sequence and the i-th forecasted compo-

nent series p, =(J,(1), 7,(2),..., »,(n)) (1< i< z) as the comparative sequences, the grey
relational coefficient &j between y(j) and J,(j) (1 <j <n) can be computed as follows
[26,29]:

Amin + pAmax
j= T (16)

Aii + P Amax
where p represents a discriminative coefficient (0 < p < 1), and is usually set to 0.5. Further,
Amin= min min lyG) - ,(j) | (17)

i=l.z j=l.n

Anax= max max ly() = (/) | (18)
Ai=1y() = 3 () | (19)

Obviously, &i approaches one when Aj is near Amin. The grey relational grade (GRG)
representing the overall degree of correlation of IMF: with respect to the original series is
written by the following:

n= o3 (20)

Because Wei and Chen [16] applied Pearson correlation and Kendall correlation to
measure the correlation between each IMF and the original time series without taking the
scale of a component into account, we applied GRA without using the normalization to
measure the correlation between the original series and IMF:.

It should be noted that—unlike traditional correlation analyses such as the com-
monly used Pearson correlation or Kendall correlation, which merely stress the correla-
tion coefficients between two random variables—GRA features the identification of the
correlation between the reference sequence and comparative sequences by viewing the
reference sequence as a desired goal that each comparative sequence expects to achieve.

2.4. Fuzzy Cognitive Maps

FCM dynamics analysis examines how the causal relationships among nodes influ-
ence the temporal evolution of node states and the steady states ultimately reached by the
system. The state value of a node can be represented by its relative weight [46]. Therefore,
the GRG of each component series forecasting model can be used as the initial state value
of the corresponding node. In respect of an FCM, the concepts of a modeled system are
represented as nodes, and the nodes are interconnected through directed arcs with
weights that denote the causal relationships between nodes. An FCM is denoted as a tuple
of (C, A, W), where C = {c1, ¢z, ..., cz} denotes the set of nodes representing z component
series forecasting models. Further, A = {<c;, ¢i>Ici, ¢j € C} (1 <14, j<z) is the set of the directed
arcs, and W = [wi] is the adjacency matrix, where wi € [-1, 1] is the weight of the arc <c;,
c>, and lwijl denotes the strength of the effect of ci on ¢;. The sign of wi indicates the direc-
tion of influence: wij > 0 represents that an increase (decrease) in c: gives rise to an increase
(decrease) in ci, wii < 0 represents that an increase (decrease) in ci gives rise to a decrease
(increase) in c;, and wi = 0 represents no relationship between ci and ;.

Let s;() e [0, 1] represent the state value of ci at the a-th iteration (a > 0) so that

51(0), 52(0), ..., sz(0) are initial state values of individual single-component forecasts and are
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measured by grey relational grades. The state value (& +1) of ciis calculated by sum-

marizing the influences of all the other concepts to c: as follows [46,47]:

z

s(a+l) = f(s(@)+ Y, wi(a)s;(@) (21)

=Ly

a equals 0 initially. A monotonically non-decreasing nonlinear function is employed
to squash the activation value of each node to an allowed interval, and the overall impact
can be clamped to [0, 1]. The sigmoid function can serve as the following threshold func-
tion because it exhibits superior forecasting capability [35]:

fo) = @)
I+e
where w is the sigmoid slope.

To enhance the effectiveness of the adjacency matrix for time series modeling, W
should be tuned using unsupervised Hebbian learning to find the final weight set of an
FCM. Given initial state values, all FCM nodes update their state values at each iteration.
Then, each interconnection weight is updated using the weight updating rule, and a new
weight is obtained for the next iteration. It turns out that W changes along with the FCM
dynamics. The frequently used Nonlinear Hebbian learning rule (NHL) is formulated as
follows:

wy (@ +1) = w, (@) + 75, (@)(s,(a) ~ 5 (@), (@) 3)

where 7 is the learning rate belonging to [0, 0.1].

Termination criteria can be either the minimization of the variation in two subse-
quent state values of each node (criterion I) [46] or the maximization of iterations (criterion
II) [33]. The former is expressed by the following;:

ls,(@a+)=s,(a)|< & (24)

where ¢ is a small positive number in [0, 1].

2.5. Evaluation of the Forecasting Accuracy
To assess the forecasting performance of different decomposition ensemble methods
with linear addition, the m-step-ahead forecast J(f+m), which involves relating past
observations to the currently forecasted variable, is formulated as follows:
y(t+m) =h@y®), yt=1), ...yt - (-1)) (25)
where J(f+m) is an m-step-ahead forecast at time ¢ (t + m < n). In general, the lag order
can be determined by the autocorrelation function and the partial correlation function.
However, to maximize the forecasting accuracy of Al-based methods, trial and error can
be used to determine the appropriate structures [5,48]. The best training performance of
individual Al-based methods, considered among lag orders ranging from two to 12, was
thus determined for each component series. Let €(#) denote the ensemble forecast gen-

erated at time t. The root mean square error (RMSE) is applied to measure forecasting
accuracy:

n

o PACERID) 26

n
The smaller the values of the RMSE, the more accurate the forecast of the correspond-
ing method.
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3. FCM-Based Decomposition Ensemble Models

To construct the decomposition ensemble models with the weighting scheme based
on GRA and FCM (GF), a real-valued genetic algorithm (GA), which is a powerful opti-
mization technique inspired by the principles of natural selection and evolution [49], is
devised to determine the optimal sigmoid slope (w), z adjusted weight coefficients (61,
o2, ..., 02) for adjusting state values, and z(z — 1) interconnection weights (w1, ws, ..., wi,
w21, w23, ..., W, ..., Wzz1). An FCM corresponding to a chromosome consisting of z2 + 1 (z
(z—1)+z+1) genes is created, and the initial state values are presented to the FCM. Then,
one Hebbian learning rule is used to tune the adjacency matrix until the termination con-
dition is met. As a result, the final state values serve as the weights for linear addition, and
the resulting RMSE is used to measure a chromosome’s fitness.

A computer program using Delphi XE2 was used to implement the GA to identify
the optimal values of the sigmoid slope and weights pertaining to the FCM. We assigned
500, 200, 0.95, and 0.01 to the maximum number of generations, the population size, cross-
over rate, and mutation rate, respectively, for the GA. ¢ is specified as 0.01. The GA-based
learning algorithm for establishing the proposed FCM-based decomposition ensemble
model was devised as follows.

Step 1. Decomposition of time series: EMD is exploited to decompose a training data
series into z components.

Step 2. Acquisition of single-component forecasts: z NNs are constructed to yield in-
dividual single forecasts.

Step 3. Assessment of interrelationships among series: The initial state value si(0) (1
<i<z)isyielded by applying GRA to derive the GRG of the forecasted component series

Vi with respect to the training data. The greater the GRG of Y i, the greater degree of
a

Step 4. Population initialization: We randomly generate an initial population of chro-

correlation between the original series an

mosomes. Each chromosome corresponding to an FCM comprises the sigmoid slope, z(z
- 1) interconnection weights and z adjusted weight coefficients. At the outset, @ = 0 and
Steps 5-9 are performed for each chromosome.

Step 5. Computation of new state values: The current state values at time ¢ are pre-
sented to an FCM to obtain new state values at iteration o + 1.

Step 6. Adjustment of interconnection weights: The interconnection weights in an
adjacency matrix are tuned using the NHL.

Step 7. Hebbian learning termination criterion I test: The learning process is termi-
nated when termination criterion I (the variation in two subsequent state values of each
node less than €) is satisfied. Then, we go to Step 9.

Step 8. Hebbian learning termination criterion II test: The learning process is termi-
nated when termination criterion II (maximum iterations p) is satisfied; otherwise, we as-
sign a + 1 to & and return to Step 5.

Step 9. Chromosome evaluation: The final state value si(a) (1 < k < z) can be replaced
by axsi(e) when the rankings of the elements in the sets {asi(a) |k =1, ..., z} are the same
as those in {s(a) k=1, ..., z}, where ax (0 < ax < 1) is called the adjusted weight coefficient
[50] with respect to the k-th final state; otherwise, si(«) remains unchanged. This means
that sk(a) shrinks by using 6x, but the ranking of disi(ar), d252(a), ..., 0z52(c) should be con-

sistent with that of si(a), s2(«), ..., s2(«). Using linear addition, the ensemble forecast »(#)
is expressed as follows:

70 = Y5 (@50 @)

The fitness value of each chromosome was measured on the basis of the RMSE.
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Step 10. GA termination test: The whole algorithm is terminated after creating the
maximum number of generations. An optimal FCM can be obtained from the best chro-
mosome whose fitness value is a minimum among the straight generations.

Step 11. Generation of new chromosomes: Once the fitness of each chromosome in
the current population has been acquired, for the next population, new chromosomes are
produced using genetic operations, including selection, crossover, and mutation.

(1) Selection: With binary tournament selection with replacement, two strings are ran-
domly selected from the current population, and the string with less fitness is put in
the mating pool. This task is carried out repeatedly until the number of newly gener-
ated strings equals the population size.

(2) Crossover and mutation: Two parent strings, say wu, W12, Wu,13, ..., W1z, W21, Wu23, ...,
Wu2z, ..., Wuzz-1 and wWo, Wo12, Wo,13, ..., Wolz, Wo2l, Wo23, ..., Wo2s, ..., Woz-1, are randomly
chosen from the mating pool to yield their offspring. Based on a crossover rate, new
sigmoid slopes and interconnection weights are generated as follows:

Wu =Y Wu + (1 - ')/) Wv, Wo = (1 - ')/) wu + Yo (28)

Wi =QiWe,; + (1 - i) Woir Woy = (1= i) Wei TQiW,,; (29)

in which y, @i, and h« (1 <14, j, k < z) are values randomly selected from [0, 1]. With the
pre-specified mutation rate, each parameter is altered by adding or subtracting a
small real value. Likewise, zero is assigned to a, and we perform Steps 5-9 for each
newly generated chromosome.

4. Empirical Results

The purpose of an empirical setting is to substantiate whether the proposed
weighting scheme (i.e., GF) is instrumental for improving the forecasting accuracy of de-
composition ensemble models with linear addition. For this, monthly data on air passen-
ger flows from Taiwan’s six primary airports—Taoyuan, Kaohsiung, Songshan, Taichung,
Kinmen, and Penghu—from January 2014 to December 2019 were obtained from Taiwan
civil air transportation statistics. The sample period ceased in December 2019 to avoid the
massive impact of outliers arising due to the COVID-19 pandemic. The dataset was parti-
tioned into in-sample data that covered the periods from January 2014 to April 2018, con-
stituting 72.2% of the original data, and out-of-sample data from May 2018 to December
2019. All data were measured in units of ten thousand passengers.

We compared the accuracy of five primary FCM-based decomposition ensemble
models: MLP-GF, SVR-GF, RBFN-GF, CNN-GF, and LSTM-GF, referring to a decomposi-
tion ensemble model that applies an MLP, SVR, RBFN, CNN, and LSTM to component
series forecasting, respectively, and that incorporates the proposed weighting scheme into
linear addition to produce ensemble forecasts. To examine the forecasting performance
for weighting schemes, other useful correlation analyses were taken into account: namely,
equal weights, the Pearson correlation, and the Kendall correlation. In addition to the MLP,
four decomposition ensemble models were treated as benchmark models for MLP-GEF:
namely, MLP-E, MLP-G, MLP-P, and MLP-K, referring to an MLP that incorporates equal
weights, GRA, the Pearson correlation, and Kendall correlation, respectively, into linear
addition to produce ensemble forecasts. Likewise, SVR-GF, RBFN-GF, CNN-GF, and
LSTM have their own competitors.

In terms of the RMSE, Table 2 shows the forecasting accuracy of single neural net-
works. Tables 3-6 summarize the accuracy of different forecasting models for six airports
and across four forecasting horizons (one, three, six, and 12 months ahead). Because the
Friedman test is a robust non-parametric test suitable for comparing multiple classifiers
[51], it was used to validate whether or not the results of the MLP-based models have a
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significant difference. The Friedman test ranked a forecasting method for each time series
separately, the best-performing method had the rank of 1, the second best had a rank of 2,
and so forth. Table 7 reveals that the Friedman statistic is greater than the critical value of
F(5, 115) at a 1% level of significance, so that the forecasting results of the six MLP-based
models have a significant difference at a 99% confidence level. Tables 8-11 respectively
show that the forecasting results of the SVR-, RBFN-, CNN-, and LSTM-based models

were significantly different at a 99% confidence level.

Table 2. Forecasting accuracy of different NNs.

Horizon Models Taoyuan Kaohsiung Songshan Taichung Kinmen Penghu
1-step MLP 17.384 4.637 4.096 2.783 2914 2.559
SVR 34.582 6.390 5.343 3.441 2.872 4.691
RBEN 16.151 4.229 3.590 2.782 2.233 2.463
CNN 38.310 8.909 4.167 3.502 2.373 3.877
LSTM 38.961 19.663 4.691 3.653 3.001 3.378
3-step MLP 11.432 7.866 8.148 3.872 3.448 2912
SVR 33.080 6.862 6.079 3.943 2.938 5.013
RBEN 12.456 4.508 5.875 3.926 2.620 2.599
CNN 37.157 9.025 4.807 3.776 2.358 4.180
LSTM 40.405 8.433 6.025 4.209 2.652 3.959
6-step MLP 9.822 5.507 6.462 3.149 2.243 3.052
SVR 31.314 7.176 5.828 3.607 2.365 4.896
RBEN 16.566 5.889 5.953 2.803 2.066 3.332
CNN 41.632 8.681 5.412 3.938 2.438 3.499
LSTM 44.103 7.257 6.227 4.183 2.559 4.147
12-step  MLP 12.293 65.852 3.879 3.947 2.783 2.351
SVR 28.111 7.799 5.248 3.619 2.195 4.714
RBEFN 11.590 6.241 2.624 2.210 1.771 2.558
CNN 94.517 8.303 2.632 3.745 1.903 6.989
LSTM 97.319 8.977 2.573 8.235 1.472 3.696
Table 3. Accuracy of decomposition ensemble models for one-step-ahead forecasting.
Models Taoyuan Kaohsiung Songshan Taichung Kinmen Penghu
MLP-E 14.356 3.181 21.299 1.058 1.945 3.006
MLP-G 12.610 2.199 20.341 0.721 1.693 2.375
MLP-P 15.295 2.416 18.299 2.272 1.796 5.877
MLP-K 15.325 3.585 19.499 8.187 1.896 5.495
MLP-GF 11.784 2117 19.754 0.597 1.570 1.498
SVR-E 23.321 2.200 4115 0.822 1.859 3.043
SVR-G 19.082 2.460 4.278 1.042 1.838 2.770
SVR-P 20.958 2.829 5.072 2.099 1.947 6.094
SVR-K 21.946 4.025 5.249 8.753 1.968 5.648
SVR-GF 19.513 2.195 4.077 0.762 1.811 1.806
RBFN-E 10.843 2.955 2.553 0.505 1.410 3.578
RBEN-G 12.567 2.238 3.124 0.680 1.390 2.334
RBEN-P 14.175 2.480 4.532 2.195 1.742 5.669
RBFN-K 14.446 3.259 4.783 6.796 1.711 6.087
RBFN-GF 8.926 1.824 2.342 0.420 1.348 1.643
CNN-E 9.389 2.425 3.797 0.651 2.234 3.493
CNN-G 11.257 2.374 4173 0.869 1.982 2.315
CNN-P 15.346 2.674 4.930 2.097 2.060 5.794
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CNN-K 15.582 3.891 5.193 15.871 2.038 5.597
CNN-GF 9.550 2.263 3.808 0.649 1.806 1.985
LSTM-E 13.680 2.588 6.496 0.766 1.975 2.850
LSTM-G 11.598 1.874 5.497 1.092 1.889 2.226
LSTM-P 15.934 2.292 5.665 2.283 2.086 6.075
LSTM-K 16.451 3.447 5.766 18.165 2.295 4.978
LSTM-GF 10.481 1.710 5.443 0.692 1.737 1.682

Note: Bold values denote the most accurate models among the proposed model and its counterpart.

Table 4. Accuracy of decomposition ensemble models for three-step-ahead forecasting.

Models Taoyuan Kaohsiung Songshan Taichung Kinmen Penghu
MLP-E 11.968 2.561 4.478 1.050 2.036 4.314
MLP-G 13.669 2.552 4.857 0.928 1.797 2.894
MLP-P 15.692 2.998 5.151 2.257 1.867 6.286
MLP-K 15.768 3.937 5.688 2.184 1.890 6.279
MLP-GF 11.560 2.501 4.511 0.694 1.790 2.811
SVR-E 21.491 2.650 4.344 0.945 1.886 2.917
SVR-G 17.999 2.648 4.343 1.092 1.968 2.264
SVR-P 17.740 3.321 5.082 2.178 2.013 6.377
SVR-K 21.986 3.972 5.346 1.032 2.042 5.870
SVR-GF 18.427 2.639 4.120 0.963 1.892 1.797
RBEFN-E 14.317 3.127 5.616 1.228 2.026 2.959
RBFN-G 14.062 2.300 5.335 1.195 1.847 2.594
RBFN-P 15.966 2.880 5.395 2.199 1.912 5.575
RBFN-K 16.474 4.070 5.550 2.949 1.922 5.446
RBEN-GF 11.962 2.213 5.292 1.131 1.797 1.838
CNN-E 17.385 2.941 3.954 0.962 2.341 3.292
CNN-G 15.843 2912 4.191 1.049 2.155 2213
CNN-P 16.513 3.407 4.899 1.990 2.286 6.463
CNN-K 16.775 3.642 5.272 12.714 2.344 6.093
CNN-GF 15.497 2.888 3.991 0.936 2.040 2.084
LSTM-E 16.789 3.116 5.290 1.851 1.904 2.561
LSTM-G 16.405 2.863 5.085 1.248 1.868 2.066
LSTM-P 16.909 3.390 5.185 2.570 1.869 6.027
LSTM-K 16.393 3.686 5.189 12.971 1.941 5.377
LSTM-GF 15.755 2.814 5.047 0.997 1.791 1.615

Note: Bold values denote the most accurate models among the proposed model and its counterpart.

Table 5. Accuracy of decomposition ensemble models for six-step-ahead forecasting.

Models Taoyuan Kaohsiung Songshan Taichung Kinmen Penghu
MLP-E 19.477 4.965 6.339 1.473 5.334 4.285
MLP-G 17.929 3.486 5.019 1.202 2.388 2.560
MLP-P 17.438 3.597 4.925 2.197 2.970 6.039
MLP-K 18.513 6.980 5.630 1.671 3.288 4.890
MLP-GF 16.994 3.778 4.524 1.198 3.096 2.476
SVR-E 20.081 3.315 5.138 1.458 2.287 2.962
SVR-G 18.789 3.242 4.098 1.160 2.194 3.236
SVR-P 17.819 3.898 5.127 2.199 2.357 6.396
SVR-K 34.865 5.540 5.469 12.461 2.427 5.093
SVR-GF 20.952 2.979 3.895 1.068 2.135 1.783
RBFN-E 15.144 3.797 14.144 1.554 2.639 2.878
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RBFN-G 14.678 2.474 10.811 1.486 2.094 2.197
RBEN-P 16.939 3.152 7.355 2.178 2.091 6.442
RBFN-K 25.332 6.953 8.522 1.992 2.075 4.231
RBEN-GF 13.557 2.403 8.909 1.443 2.048 1.677
CNN-E 16.560 3.698 5.724 1.311 2.724 2417
CNN-G 15.973 3.397 4.856 1.054 2.260 2.017
CNN-P 16.805 3.746 5.260 2.149 4.785 6.195
CNN-K 24.193 4.485 5.375 14.083 2.158 4.960
CNN-GF 15.146 3.340 4.815 1.025 2.194 1.592
LSTM-E 17.041 4.456 4.437 4.299 2.751 2.058
LSTM-G 16.519 3.785 3.735 2.383 2.270 1.979
LSTM-P 17.806 4.187 4.668 3.913 4.639 5.961
LSTM-K 27.295 5.398 5.098 14.826 3.071 4.696
LSTM-GF 14.976 3.583 3.525 2.808 2.240 1.701

Note: Bold values denote the most accurate models among the proposed model and its counterpart.

Table 6. Accuracy of decomposition ensemble models for 12-step-ahead forecasting.

Models Taoyuan Kaohsiung Songshan Taichung Kinmen Penghu
MLP-E 13.461 8.368 5.120 2.290 2.356 2.717
MLP-G 13.946 4.971 3.356 1.955 2.178 1.878
MLP-P 16.676 4.672 4.395 2.283 2.339 5.764
MLP-K 75.810 16.980 9.480 2.059 4.180 4.755
MLP-GF 12.274 4.692 3.203 1.898 2.143 1.821
SVR-E 18.081 3.294 2.142 5.500 3.734 4.276
SVR-G 17.774 3.063 2.692 5.042 3.364 3.781
SVR-P 17.596 3.696 4.542 5.752 3.423 6.617
SVR-K 63.232 16.494 13.359 7.199 2.812 9.482
SVR-GF 17.279 3.028 1.895 4.387 3.042 2,127
RBFN-E 16.414 8.319 17.791 1.846 3.575 2.807
RBEN-G 16.557 6.364 7.568 1.517 2.566 2.054
RBEN-P 17.326 5.273 7.801 2.254 2.795 6.607
RBFN-K 82.592 17.771 7.692 1.899 3.297 4.386
RBFN-GF 14.340 6.151 9.150 1.487 2.465 1.797
CNN-E 9.696 5.032 2.099 2.324 2.073 2.210
CNN-G 12.830 3.447 2.599 1.567 1.511 2.192
CNN-P 16.573 3.669 4.321 3.083 2172 5.895
CNN-K 86.723 17.601 4.599 8.898 1.894 7.631
CNN-GF 9.888 3.407 2.064 1.498 1.532 1.691
LSTM-E 16.100 5.253 2.369 2.297 2.438 1.935
LSTM-G 14.558 4.342 2.655 1.558 2.074 2.734
LSTM-P 17.993 4.213 3.983 3.398 2.185 5.986
LSTM-K 90.259 18.613 7.293 9.292 3.343 3.983
LSTM-GF 12.842 3.993 2.286 1.394 1.933 1.374

Note: Bold values denote the most accurate models among the proposed model and its counterpart.

Table 7. Friedman test for MLP-based forecasting methods with average ranks.

Model Friedman Statistic
MLP MLP-E MLP-G MLP-P MLP-K MLP-GF
425 4.042 2.458 3.875 4.875 1.5 19.245 ***

Note: *** denotes that the forecasting results of these models have a significant difference at a 1%

level of significance.
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Table 8. Friedman test for SVR-based forecasting methods with average ranks.

Model Friedman Statistic
SVR SVR-E SVR-G SVR-P SVR-K SVR-GF
5 3 2.458 4 5.083 1.458 34.586 ***
Note: *** denotes that the forecasting results of these models have a significant difference at a 1%
level of significance.
Table 9. Friedman test for RBFN-based forecasting methods with average ranks.
Model Friedman Statistic
RBFN  RBEN-E RBFN-G RBEN-P RBFN-K RBEN-GF
4.042 3.875 2.625 4.208 4.875 1.417 20.391 ***
Note: *** denotes that the forecasting results of these models have a significant difference at a 1%
level of significance.
Table 10. Friedman test for CNN-based forecasting methods with average ranks.
Model Friedman Statistic
CNN CNN-E CNN-G CNN-P CNN-K CNN-GF
5 3.125 2.333 4.417 4.958 1.292 57.028 ***
Note: *** denotes that the forecasting results of these models have a significant difference at a 1%
level of significance.
Table 11. Friedman test for LSTM-based forecasting methods.
Average Rank Friedman Statistic
LSTM LSTM-E LSTM-G LSTM-P LSTM-K LSTM-GF
4.833 3.458 2.333 4.208 5.042 1.125 45.918 ***
Note: *** denotes that the forecasting results of these models have a significant difference at a 1%
level of significance.

The Nemenyi test was further conducted to detect any significant differences be-
tween MLP-based models. The results of two forecasting methods are significantly differ-
ent if their average ranks differ by at least the critical difference. Table 12 shows the dif-
ference in the average ranks between a matched pair of MLP-based models. For instance,
MLP-GF significantly outperformed MLP-E because the average ranks of MLP-GF and
MLP-E differ by 2.542, which is greater than the critical difference of 1.817 at a 99% confi-
dence level. MLP-GF significantly outperformed MLP, MLP-E, MLP-P, and MLP-K as
well. Tables 13-16 indicate the significant superiority of SVR-GF, RBFN-GF, CNN-GF, and
LSTM-GF over their respective competitors. Overall, it is reasonable to conclude that the
decomposition ensemble methods with the proposed weighting scheme outperformed the
benchmark models in terms of forecasting air passenger flow in Taiwan. The Friedman
test results presented in Tables 17-21 further demonstrate significant differences in fore-
casting performance across different horizons for the MLP-, SVR-, RBFN-, CNN-, and
LSTM-based models, respectively. The subsequent Nemenyi post hoc test further con-
firms that the proposed FCM-based decomposition ensemble models outperform the
benchmark models considered in this study.

Table 12. Results of the Nemenyi test for MLP-based models.
Method MLP MLP-E MLP-G MLP-P MLP-K MLP-GF
MLP 0 0.208 1.792 ** 0.375 -0.625 2.750 ***
MLP-E -0.208 0 1.583 * 0.167 -0.833 2.542 ***
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MLP-G -1.792 -1.583 0 -1.417 -2.417 0.958
MLP-P -0.375 -0.167 1.417 % 0 -1.000 2.375 ***
MLP-K 0.625 0.833 2.417 *** 1.000 0 3.375 ***
MLP-GF —2.750 —2.542 -0.958 -2.375 -3.375 0
Note: ***, ** and * denote that the performance of two methods is significantly different at 1%, 5%,
and 10% levels if the corresponding average ranks differ at least the critical differences of 1.817,
1.539, and 1.398, respectively.
Table 13. Results of the Nemenyi test for SVR-based models.
Method SVR SVR-E SVR-G SVR-P SVR-K SVR-GF
SVR 0 2.000 *** 2.542 *** 1.000 -0.083 3.542 ***
SVR-E -2.000 0 0.542 -1.000 -2.083 1.542 **
SVR-G —-2.542 -0.542 0 -1.542 -2.625 1.000
SVR-P -1.000 1.000 1.542 ** 0 -1.083 2.542 ***
SVR-K 0.083 2.083 *** 2.625 *** 1.083 0 3.625 ***
SVR-GF -3.542 -1.542 -1.000 -2.542 -3.625 0
Note: ** and ** denote that the performance of two methods is significantly different at 1% and
5% levels if the corresponding average ranks differ at least the critical differences of 1.817 and
1.539, respectively.
Table 14. Results of the Nemenyi test for RBFN-based models.
Method RBFN RBFN-E RBEFN-G RBFN-P RBFN-K RBFN-GF
RBFN 0 0.167 1.417 * -0.167 -0.833 2.625 ***
RBEN-E -0.167 0 1.250 -0.333 -1.000 2.458 ***
RBEN-G -1.417 -1.250 0 -1.583 -2.250 1.208
RBFN-P 0.167 0.333 1.583 ** 0. -0.667 2.792 ***
RBFN-K 0.833 1.000 2.250 *** 0.667 0 3.458 ***
RBFN-GF -2.625 —-2.458 -1.208 -2.792 -3.458 0
Note: ***, ** and * denote that the performance of two methods is significantly different at 1%, 5%,
and 10% levels if the corresponding average ranks differ at least the critical differences of 1.817,
1.539, and 1.398, respectively.
Table 15. Results of the Nemenyi test for CNN-based models.
Method CNN CNN-E CNN-G CNN-P CNN-K CNN-GF
CNN 0 1.875 *** 2.667 *** 0.583 0.042 3.708 ***
CNN-E -1.875 0 0.792 -1.292 -1.833 1.833 ***
CNN-G -2.667 -0.792 0 -2.083 -2.625 1.042
CNN-P -0.583 1.292 2.083 *** 0 -0.542 3.125 ***
CNN-K -0.042 1.833 *** 2.625 *** 0.542 0 3.667 ***
CNN-GF -3.708 -1.833 -1.042 -3.125 -3.667 0
Note: *** denotes that the performance of two methods is significantly different at 1% level if the
corresponding average ranks differ at least the critical differences of 1.817.
Table 16. Results of the Nemenyi test for LSTM-based models.
Method LSTM LSTM-E LSTM-G LSTM-P LSTM-K LSTM-GF
LSTM 0 1.375 2.500 *** 0.625 -0.208 3.708 ***
LSTM-E -1.375 0 1.125 -0.750 -1.583 2.333 ***
LSTM-G -2.500 -1.125 0 -1.875 -2.708 1.208
LSTM-P -0.625 0.750 1.875 *** 0 -0.833 3.083 ***
LSTM-K 0.208 1.583 ** 2.708 *** 0.833 0 3.917 ***
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LSTM-GF -3.708 -2.333 -1.208 -3.083 -3.917 0
Note: ** and ** denote that the performance of two methods is significantly different at 1% and 5%
levels if the corresponding average ranks differ at least the critical differences of 1.817 and 1.539,
respectively.
The null hypothesis for the Diebold-Mariano test, which stated that the proposed
FCM-based model did not outperform any of its corresponding forecasting models in ac-
curacy, was tested. Let MLP-GF, SVR-GF, RBFN-GF, CNN-GF, and LSTM-GF represent
the proposed FCM-based models for the MLP-, SVR-, RBFN-, CNN-, and LSTM-based
models, respectively. Thus, for instance, the competitors of the MLP-GF include the MLP,
MLP-E, MLP-G, MLP-P, and MLP-K. As Tables 22-25 illustrate, the Diebold—Mariano test
statistics were positive for the majority of cases, which suggested that the proposed FCM-
based models were more accurate than their competitors. The ratios of statistically posi-
tive statistics were 77.33%, 60.67%, 68%, and 72% in the cases of the one-, three-, six-, and
12-step-ahead forecasts, respectively. These results support the superiority of the pro-
posed FCM-based models in terms of accuracy over the other forecasting models consid-
ered across all horizons.
Table 17. Friedman test for MLP-based forecasting methods with average ranks across different
horizons.
Horizon Model Friedman Statistic
MLP MLP-E MLP-G MLP-P MLP-K MLP-GF
1-step 4.5 4.167 2.5 3.667 4.667 1.5 4.052 ***
3-step 4.667 3.167 2.5 4.5 4.833 1.333 6.581 ***
6-step 3.667 4.667 2.333 3.5 4.833 2 3.161 **
12-step 4.167 4.167 2.5 3.833 5.167 1.167 7.023 ***
Note: ** and ** denote that the performance of six methods is significantly different at 1% and 5%
levels, respectively.
Table 18. Friedman test for SVR-based forecasting methods with average ranks across different ho-
rizons.
Horizon Model Friedman Statistic
SVR SVR-E SVR-G SVR-P SVR-K SVR-GF
1-step 5 2.833 2.333 4.167 5 1.167 4.937 ***
3-step 5.667 2.5 2.5 4 4.667 1.667 10 ***
6-step 5.167 3 2.167 3.667 5.5 1.5 13.75 ***
12-step 3.667 3.667 2.833 4.167 5.167 1.5 3.949 ***
Note: *** denotes that the performance of six methods is significantly different at 1% level.
Table 19. Friedman test for RBFN-based forecasting methods with average ranks across different
horizons.
Horizon Model Friedman Statistic
RBFN RBFN-E RBFN-G  RBEN-P RBFN-K  RBFN-GF
1-step 5 2.833 2.5 4.333 5.333 1 20 ***
3-step 5 4 2.167 4 4.833 1 12.697 ***
6-step 3.833 4.167 3 4.167 45 1.5 3.678 **
12-step 2.333 4.5 2.833 4.333 4.833 2.167 3.378 **

Note: *** and ** denote that the performance of six methods is significantly different at 1% and 5%

levels, respectively.
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Table 20. Friedman test for CNN-based forecasting methods with average ranks across different

horizons.
Horizon Model Friedman Statistic
CNN CNN-E CNN-G CNN-P CNN-K CNN-GF
1-step 5 2.667 2.833 4.667 5 1.333 32.952 ***
3-step 5.167 3 2.333 4.167 5.167 1.167 14.688 ***
6-step 5 3.833 2 4.333 1.333 8.462 ***
12-step 5 3 2.167 4.333 5.333 1.333 21.471
Note: *** denotes that the performance of six methods is significantly different at 1% level.
Table 21. Friedman test for LSTM-based forecasting methods across different horizons.
Horizon Models Friedman Statistic
LSTM LSTM-E LSTM-G  LSTM-P LSTM-K  LSTM-GF
1-step 4.667 3.5 2.333 4.167 5.167 1.167 9.318 ***
3-step 5.667 3.5 2.333 4.167 4.333 1 16.575 ***
6-step 4.833 3.667 1.833 4.333 5.167 1.167 16.875 ***
12-step 4.167 3.167 2.833 4.167 5.5 1.167 8.235 ***
Note: *** denotes that the performance of six methods is significantly different at 1% level.
Table 22. Results of Diebold—Mariano test statistic for one-step-ahead forecasting.
Models Taoyuan Kaohsiung Songshan  Taichung Kinmen Penghu
MLP-based
MLP 1.510* 3.557 *** -3.230 5.280 *** 3.174 *** 2.152**
MLP-E 1.202 1.826 ** 4.737 % 3.547 *** 1.650 ** 2.540 ***
MLP-G 0.886 1.094 2.239 ** 1.543 * 0.826 2.538 ***
MLP-P 1.532 % 1.252 -2.315 3.792 *** 1.544 % 5.275 ***
MLP-K 1.705 ** 2.959 *** -0.553 11.193 *** 1.589 * 5.573 ¥
SVR-based
SVR 5.139 *** 4.880 *** 1.460 * 7.441 *** 2.830 *** 3.661 ***
SVR-E 2.787 *** 0.047 0.123 1.194 0.519 1.958 **
SVR-G -0.424 0.896 2.173 ** 2.316 *** 0.646 2.680 ***
SVR-P 1.587 * 1.831 ** 4.142 4.071 *** 1.531* 4.668 ***
SVR-K 2.863 *** 3.958 *** 4.539 *** 9.428 *** 1.155 5.012 ***
RBFN-based
RBFN 2.480 *** 3.889 *** 1.992 ** 3.237 *** 3.301 *** 1.921 **
RBEN-E 2.180 ** 2.031 ** 2.352 *** 1.992 ** 0.456 2.745 ***
RBEN-G 1.893 ** 1.167 2.394 *** 3.580 *** 0.580 1.808 **
RBFN-P 1.766 ** 1.608 * 3.849 *** 4.035 *** 2.451 *** 5.279 ***
RBFN-K 1.989 ** 2.324 ** 3.725 *** 9.033 *** 2.130 ** 5.052 ***
CNN-based
CNN 5.508 *** 4.976 *** 0.532 6.757 *** 1.651 ** 4.117 ***
CNN-E -0.144 0.688 -0.211 0.097 2.357 *** 3.124 ***
CNN-G 2.581 *** 0.709 2.194 ** 2.481 *** 2.020 ** 0.906
CNN-P 2.785 *** 1.273 3.475 *** 3.834 *** 1.726 ** 4.850 ***
CNN-K 2.806 *** 3.075 *** 3.497 *** 17.261 *** 1.232 4.753 ***
LSTM-based
LSTM 5.654 *** 10.488 *** -0.916 6.429 *** 3.146 *** 2.955 ***
LSTM-E 2.261 ** 1.486 ** 1.368 * 0.698 1.747 ** 2.003 **
LSTM-G 1.215 2.388 *** 0.314 2.340 *** 1.250 1.544 **
LSTM-P 1.589 * 1.953 ** 0.642 3.906 *** 1.691 ** 5.037 ***
LSTM-K 1.484 * 2.981 *** 0.863 20.172 *** 2.052 ** 4.754 ***
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Note: A negative sign of the statistic implies that the proposed FCM-based models performed worse.

*#x, ** and * denote significance at 1%, 5%, and 10% levels, respectively.

Table 23. Results of Diebold—Mariano test statistic for three-step-ahead forecasting.

Models Taoyuan Kaohsiung Songshan  Taichung Kinmen Penghu
MLP-based
MLP -0.063 4.469 *** 2.517 *** 5.871 *** 3.080 *** 0.239
MLP-E 0.648 0.343 -0.303 1.973 ** 1.119 2.931 ***
MLP-G 1.749 ** 0.348 0.979 2.065 ** 0.237 0.426
MLP-P 1.789 ** 1.586 * 1.619 * 3.798 *** 1.153 4.176 ***
MLP-K 1.987 ** 2.828 *** 2.118 ** 3.608 *** 0.989 4.074 ***
SVR-based
SVR 4.606 ** 4.453 *** 1.707 ** 8.641 *** 2.321 *** 4.017 ***
SVR-E 1.945 ** 0.165 1.187 -0.275 -0.111 2.5971 ***
SVR-G -0.944 0.121 1.707 ** 1.553 * 0.505 2.563 ***
SVR-P -0.594 1.719 ** 2.430 *** 3.770 *** 0.604 4.785 ***
SVR-K 3.082 *** 2.647 *** 2.474 *** 10.863 *** 0.731 4.838 ***
RBFN-based
RBEFN 0.240 3.189 *** 0.588 8.641 *** 2.423 *** 4.017 ***
RBFN-E 2.187 ** 2.089 ** 0.681 -0.275 1.445* 2.591 ***
RBFN-G 1.155 0.570 1.155 1.553 * 0.849 2.563 **
RBEN-P 1.644 ** 1.776 ** 0.512 3.770 *** 1.076 4.785 ***
RBFN-K 1.945 ** 3.079 *** 0.974 10.863 *** 1.202 4.838 ***
CNN-based
CNN 4.743 *** 6.947 *** 1.137 6.668 *** 1.230 4.260 ***
CNN-E 1.423 % 0.354 -0.431 1.105 1.779 ** 2.770 ***
CNN-G 0.422 0.456 1.525* 1.280 * 0.840 0.728
CNN-P 0.723 1.680 ** 2.044 ** 3.329 *** 1.514 % 4.361 ***
CNN-K 0.695 2.195 ** 2.599 *** 13.662 *** 1.612 % 4.527 ***
LSTM-based
LSTM 5.052 *** 5.876 *** 1.288 % 6.582 *** 2.602 *** 3.566 ***
LSTM-E 0.826 0.741 0.793 3.748 *** 0.885 2.428 ***
LSTM-G 0.693 0.303 0.472 2.786 *** 0.511 1.739 **
LSTM-P 1.045 1.425* 0.409 4.274 *** 0.577 5.212 ***
LSTM-K 0.808 2.023 ** 0.719 13.872 *** 0.866 4.955 ***

Note: A negative sign of the statistic implies that the proposed FCM-based models performed worse.

%% and * denote significance at 1%, 5%, and 10% levels, respectively.

Table 24. Results of Diebold—Mariano test statistic for six-step-ahead forecasting.
Models Taoyuan Kaohsiung Songshan  Taichung Kinmen Penghu
MLP-based
MLP -2.215 2.432 *** 1.565 * 8.951 *** -1.328 1.220
MLP-E 1.297 * 2.163 ** 2.579 *** 2.006 ** 2.004 ** 2.164 **
MLP-G 0.715 -0.684 1.669 ** 0.035 -2.156 1.656 **
MLP-P 0.324 -0.600 1.287 * 3.240 *** -0.851 4.644 ***
MLP-K 0.906 3.683 *** 2.073 ** 2.239 *** 0.786 3.993
SVR-based
SVR 4.847 *** 4.212 % 2.086 ** 6.558 *** 0.466 4.419 ***
SVR-E -2.427 1.374 % 2.142 ** 3.171 *** 1.062 2.552 ***
SVR-G -1.578 1.513 % 1.674 ** 1.028 1.155 2.720 ***
SVR-P -1.709 1.851 ** 2.980 *** 3.227 *** 1.667 ** 4.540 ***
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SVR-K 5.668 *** 3.036 *** 3.082 *** 13.717 *** 1.839 ** 4.266 ***
RBFN-based

RBEN 1.050 4.670 *** -1.901 4.258 *** 0.049 3.154 ***
RBFN-E 1.890 ** 2.097 ** 2.815 *** 1.361 * 2.361 *** 2.847 ***
RBFN-G 0.531 0.815 2.622 *** 0.445 0.772 1.692 **
RBEN-P 1.163 2.152 ** -1.930 2.109 ** 0.936 4,639 ***
RBFN-K 3.933 *** 4,496 *** -0.900 2.034 ** 0.993 4,085 ***
CNN-based

CNN 4,915 *** 5.924 *** 0.787 6.764 *** 0.865 5.001 ***
CNN-E 0.926 1.054 1.433 * 2.089 ** 2.956 *** 2.808 ***
CNN-G 1.171 0.638 0.182 1.146 0.746 1.524 *
CNN-P 1.152 1.337 * 0.837 3.818 *** 6.225 *** 4,928 ***
CNN-K 3.119 *** 2.127 ** 0.963 14.789 *** -0.342 4.614 ***
LSTM-based

LSTM 6.245 *** 3.646 *** 3.713 *** 3.396 *** 1.362 * 4,142 ***
LSTM-E 2.264 ** 1.344 % 1.397 * 7.152 *** 2.048 ** 1.747 **
LSTM-G 1.613* 1.242 1.241 -2.763 2.094 ** 0.911
LSTM-P 1.430 * 1.319* 2.799 *** 3.177 *** 6.066 *** 4,742 ***
LSTM-K 4.124 *** 2.233 ** 3.079 *** 13.734 *** 3.955 *** 4.292 ***

Note: A negative sign of the statistic implies that the proposed FCM-based models performed worse.

*x% % and * denote significance at 1%, 5%, and 10% levels, respectively.

Table 25. Results of Diebold—Mariano test statistic for 12-step-ahead forecasting.

Models Taoyuan Kaohsiung Songshan  Taichung Kinmen Penghu
MLP-based

MLP 0.007 1.068 0.713 3.334 *** 1.507 * 1.135
MLP-E 0.696 2.326 *** 2.995 ** 1.553 * 1.256 2.457 ***
MLP-G 1.958 ** 1.677 ** 3.047 *** 4,128 *** 0.618 0.223
MLP-P 2.966 *** -0.113 3.654 *** 1.618* 1.260 4.631 ***
MLP-K 10.465 *** 8.874 *** 4.241 ** 1.142 3.491 *** 3.990 ***
SVR-based

SVR 4.192 *** 4.605 *** 3.446 *** -1.791 -1.119 4.619 ***
SVR-E 2.175** 0.886 0.981 5.703 *** 3.891 *** 3.543 ***
SVR-G 0.177 0.478 2.782 *** 2.673 *** 3.028 *** 3.149 ***
SVR-P 0.313 2.040 ** 4.727 *** 3.080 *** 2.923 *** 4.463 ***
SVR-K 9.210 *** 10.194 *** 6.668 *** 6.729 *** -1.425 5.022 ***
RBFN-based

RBEN -1.270 0.075 -2.606 2.322 *** -1.258 2.118 **
RBFN-E 1.344 % 2.084 ** 3.260 *** 1.298 * 4.024 *** 3.144 ***
RBFN-G 2.015 ** 0.367 -2.171 0.330 0.553 0.704
RBEFN-P 1.371*% -0.857 -2.214 2.881 *** 1.907 ** 4.349 ***
RBFN-K 10.251 *** 8.360 -0.906 2.039 ** 1.295* 3.359 ***
CNN-based

CNN 12.046 *** 4.824 *** 1.170 6.483 *** 1.803 ** 3.916 ***
CNN-E -0.234 2.308 *** 0.295 3.461 *** 3.313 *** 2.166 **
CNN-G 1.831 ** 0.134 1.907 ** 3.240 *** -0.219 1.973 **
CNN-P 2.498 *** 0.837 3.997 *** 4.037 *** 2.277 ** 4.794 ***
CNN-K 12.277 *** 10.606 *** 3.982 *** 10.873 *** 1.617* 5.598 ***
LSTM-based

LSTM 12.331 *** 4.069 *** 0.951 9.065 *** -1.806 3.035 ***
LSTM-E 1.543 * 2.061 ** 0.820 3.800 *** 2.822 *** 1.472*
LSTM-G 1.358 * 2.020 ** 1.976 ** 2.617 *** 1.313* 2.943 ***
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LSTM-P 2.929 *** 0.698 3.338 *** 4.181 *** 1.813 ** 5.604 ***
LSTM-K 12.050 *** 10.111 *** 4.212 *** 10.992 *** 4.079 *** 4.464 ***

Note: A negative sign of the statistic implies that the proposed FCM-based models performed worse.

*x% % and * denote significance at 1%, 5%, and 10% levels, respectively.

5. Concluding Remarks

A well-performing forecasting model is beneficial to the airline industry for formu-
lating appropriate developmental strategies and making operational plans. Decomposi-
tion ensemble models have been used to improve the accuracy of forecasts of air passen-
ger demand. Such models in previous studies commonly use linear addition and simply
add the individual single-component forecasts together. Our study investigated whether
incorporating correlation analysis can enhance linear addition to produce competitive re-
sults for decomposition and ensemble modeling. Recently, Hu [50] applied GRA to gauge
the correlation between forecasted component series and the original series to improve
the forecasting accuracy of decomposition ensemble models. The novelty of our research
was to develop a new weighting scheme that uses FCMs for decomposition and ensemble
modeling to determine the final weights of individual forecasts by taking GRGs as the
initial state values and then identifying the interrelationships among component series
models.

The results in Tables 12-16 elucidated that decomposition ensemble models using
the proposed weighting scheme (e.g., CNN-GF) significantly outperformed their respec-
tive competitors using the other considered weighting schemes, including equal weights,
the Pearson correlation, and the Kendall correlation, across different forecasting horizons
(e.g., CNN-E, CNN-G, CNN-P, CNN-K). Interestingly, the forecasting models with the
GRA-based weighting schemes (e.g., CNN-G and CNN-GF) significantly outperformed
their respective competitors with Pearson’s and Kendall’s correlations (e.g., CNN-E,
CNN-P, CNN-K) as well. These findings suggest that the GRA-based weighting scheme
outperforms those based on Pearson’s and Kendall’s correlation coefficients. This ad-
vantage may arise because GRA can simultaneously evaluate the relational degrees be-
tween the original time series and multiple forecasted component series, whereas Pear-
son’s and Kendall’s correlation coefficients measure the pairwise association between the
original time series and each forecasted component series separately. Moreover, although
MLP-GF did not significantly outperform MLP-G, it achieved a better average rank (1.500
vs. 2.458). Similarly, SVR-GF, RBFN-GF, CNN-GF, and LSTM-GF achieved better average
ranks than their respective SVR-G, RBFN-G, CNN-G, and LSTM-G counterparts. These
findings suggest that determining ensemble weights by considering the causal relation-
ships among component series forecasting models can improve the forecasting perfor-
mance of decomposition-based ensemble models.

The findings of this study also provide promising directions for future research on
decomposition ensemble learning with correlation measures:

(1) Because explanatory factors are likely to affect the accuracy of forecasting models, it
is feasible to consider the effects on air transport of explanatory factors such as eco-
nomic growth.

(2) Al-based models such as Elman neural networks [52], least-squares support vector
machines [11], the non-additive Choquet integral [28], and grey forecasting [53-55]
have been widely employed to produce forecasts for time series. Our future research
will consider incorporating these forecasting models into component series forecast-
ing to strengthen the overall accuracy of the proposed FCM-based models.

(3) For the 12-step-ahead forecasting, MLP-K, SVR-K, RBFN-K, CNN-K, and LSTM-K
produced a greater number of anomalous forecasts for Taoyuan Airport. One possi-
ble explanation is that these models, which employ Kendall correlation-based
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weighting, may be more susceptible to overfitting. Future research could investigate
whether decomposition-based ensemble models using Kendall correlation-based
weighting are more likely to generate anomalous forecasts at longer forecasting ho-
rizons.

(4) More recent forecasting models, including DLinear, N-HiTS, PatchTST, TimesNet,
and iTransformer, represent advances in deep learning techniques. Future studies
should compare decomposition-based ensemble models with these architectures us-
ing identical data partitions, forecasting horizons, and performance metrics.
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