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Abstract 
 
The Singular Spectrum Analysis (SSA) of time series provides for decomposition, noise removal, component 
grouping, and reconstruction (collectively called pre-processing) as well as prediction. It has also been employed 
as pre-processing in combination with other time-series prediction methods (neural and neuro-fuzzy approaches) 
to improve their accuracy. Recently, enhanced hybrid methods have been introduced, whereby prediction is 
applied to SSA-derived components (trend, seasonal, and noise) or groups thereof, and the predicted series is 
reconstructed from the latter by means of SSA. In this paper, we use a hybrid method, namely SSA-ANFIS 
(Adaptive Neuro-Fuzzy Inference System), for one-step-ahead prediction of the monthly passenger demand of 
two international airports (Heathrow, London and El. Venizelos, Athens) with very different traffic volume and 
characteristics. The hybrid method was developed in a Matlab code. In the case studies, the SSA-hybrid method 
was proven superior to the pure SSA method in terms of accuracy and robustness of its predictions. 
 
Keywords: Singular Spectrum Analysis (SSA), Adaptive Neuro-Fuzzy Inference System (ANFIS), forecast, 
hybrid method. 

 
 

Περίληψη 
 
Η Ανάλυση Ιδιάζοντος Φάσματος χρησιμοποιείται για την αποσύνθεση μιας χρονοσειράς στις συνιστώσες της, 
την απομάκρυνση των συνιστωσών που χαρακτηρίζονται ως θόρυβος, την εξακρίβωση των συνιστωσών με 
ομοειδή χαρακτηριστικά και εντέλει την ανασύνθεση της χρονοσειράς με τρόπο που διευκολύνει την 
πραγματοποίηση προβλέψεων. Η μέθοδος της Ανάλυσης Ιδιάζοντος Σφάλματος μπορεί να συνδυασθεί και με 
άλλες σύγχρονες μεθόδους πρόβλεψης χρονοσειρών, όπως αυτές των νευρωνικών δικτύων και των ασαφών 
συνόλων, επιτρέποντας έτσι την ανάπτυξη υβριδικών μεθόδων υψηλής προβλεπτικής ικανότητας. Στην παρούσα 
εργασία προτείνεται μια υβριδική μέθοδος ανάλυσης και πρόβλεψης χρονοσειρών που συνδυάζει την Ανάλυση 
Ιδιάζοντος Φάσματος και την αρχιτεκτονική των Προσαρμοστικών Νευρωνικο-ασαφών Συμπερασματικών 
Συστημάτων (ANFIS). Η προτεινόμενη υβριδική μέθοδος, που αναπτύχθηκε ως κώδικας στο λογισμικό Matlab, 
χρησιμοποιείται για την ανάλυση και πρόβλεψη της μηνιαίας διακύμανσης της ζήτησης επιβατών των 
αεροδρομίων Heathrow (Λονδίνο) και Ελ. Βενιζέλος. Τα αποτελέσματα της υβριδικής μεθόδου, ελεγχόμενα με 
τα κατάλληλα στατιστικά κριτήρια, αποδεικνύουν την υπεροχή έναντι των απλών μεθόδων. 
 
Λέξεις κλειδιά: Ανάλυση Ιδιάζοντος Φάσματος, Προσαρμοστικό Νευρωνικο-ασαφές Συμπερασματικό Σύστημα, 
πρόβλεψη, υβριδική μέθοδος.  



 

-2 - 

1. Introduction 

Transportation demand forecasting is the process of estimating the number of people or 
vehicles that will use a specific transport facility over a particular time interval. It is an 
essential part of transportation planning, which helps determine the size of the facility, the 
standards of its maintenance, the personnel and equipment required, etc.  

Accurate forecasting of demand is particularly important in air transport, influencing 
decisions such as ticket pricing, operation of new or closing of existing routes, aircraft 
purchase, building of new or abandoning of old terminals, etc. Furthermore, the task of 
forecasting of air transport demand has been recognized as a very difficult one, because of the 
unpredictability of human behavior and of the large number of determining factors considered 
instead, such as GDP, ticket prices, etc., (Fernandes and Pacheco, 2010).  

The numerous methods that have been developed for or employed in air transport demand 
forecasting may be classified as qualitative (such as market surveys, Delphi method, and 
expert meetings), (Duru et al., 2012) or quantitative (such as econometric, time series, and 
causal analysis models), (Fildes et al., 2011). One of the most popular categories of 
quantitative methods is time series prediction, which uses data from the past to make rough 
estimates of the future, without attempting to explain the data in terms of determining factors.  

Statistical time-series prediction methods, such as Autoregressive Integrated Moving Average 
(ARIMA), exponential smoothening, Holt-Winters, etc., have long been preferred for 
modeling of airport passenger demand, but recently artificial intelligence (AI) methods, such 
as Artificial Neural Networks (ANN), Fuzzy Logic, and the Adaptive Neuro-Fuzzy Inference 
System (ANFIS), have gained recognition and have been applied to the same task (Alekseev, 
2009; Theodosiou, 2011).  

All time-series prediction methods are reasonably accurate, but are inherently sensitive to 
noise. Furthermore, they do not correctly capture the qualitatively heterogeneous components 
(such as the trend and the periodic, quasi-periodic, or structural behaviors) of which any time 
series is the sum. To increase the accuracy of time-series prediction, various methods have 
been developed to remove noise from raw data and to decompose any time series into its 
trend, its oscillatory components and its noise components. One of these methods is the 
Singular Spectrum Analysis (SSA), which, for a given window length, decomposes any time 
series into various components that can either be trends, harmonics or noise. 

The SSA has been combined with other classical time-series prediction methods to help 
improve their results. Most related research has centered on using the SSA as a noise removal 
and time-series reconstruction tool, rather than as a pure decomposition tool (Hassani et al., 
2009). Avery recent hybrid approach, however, is to first use SSA to decompose a time series 
into many component time series (trend, seasonal and noise), then predict each non-noise 
component separately by a chosen time-series prediction model, and finally employ SSA to 
aggregate the predicted components into predictions for the original time series (Mirmomeni 
et al., 2007; Zhang et al., 2011; Xiao et al., 2014). 

The contribution of this paper is to show that SSA decomposition of a time series and the 
subsequent prediction of its components can improve forecasting results. ANFIS was chosen 
as a method to allow easy comparison with the work of Xiao et al. (2014). Although, Particle 
Swarm Optimization (PSO) can improve ANFIS tuning, we show that the improvement in 
results is mainly due to the decomposition of the time-series into simpler components. We 
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demonstrate this fact by using the statistical data of two international airports (Heathrow, 
London and El. Venizelos, Athens), with very different traffic volume and characteristics. 

 

2. Adaptive Neuro-Fuzzy Inference System (ANFIS) 

2.1 Introduction 

The development of the ANFIS model by Roger Jang (1993) was considered a major 
breakthrough in artificial intelligence modeling. The success of both the fuzzy logic and 
neural networks for modeling with knowledge and data respectively, motivated researchers to 
develop a model which can combine the human reasoning capabilities of fuzzy systems with 
the machine learning (adaptability) of neural networks.  

The ANFIS was therefore developed as a modeling tool that can transform human knowledge 
into a rule base and data base of a fuzzy inference system using available data and also 
capable of adapting the membership functions of the system to minimize error. An ANFIS 
model is made up of nodes, layers and connections like a neural network but with each layer 
performing specific function with links between nodes that do not have weights. The hidden 
layers perform the work of a fuzzy inference engine using both rules and membership 
functions to model data. 

 

2.2 ANFIS Architecture 

The ANFIS model is a network made up of six layers with different types of nodes, (Fig. 1). 
Square nodes contain modifiable parameters while circle nodes do not. The first layer or layer 
0 is the input layer and the last layer is the output layer. 

For simplicity we consider an ANFIS model with two inputs x, y and one output z. Suppose 
that the fuzzy inference system of this model has two fuzzy IF-THEN rules of Takagi and 
Sugeno (1985) type in its rule base defined as follows:  

Rule 1 : IF x is A1 AND y is B1 THEN 1 1 1 1f p x q y r    

Rule 2 : IF x is A2 AND y is B2 THEN 2 2 2 2f p x q y r    

Layer 1: Fuzzification Layer 

The nodes in this layer are square nodes of fuzzy membership functions used to transform the 
inputs into a fuzzy value. The output of each node in layer 1 is: 

 
i

1
i AO (x)   (1) 

where x is the input to the node i and iA  is the fuzzy variable (linguistic variable) associated 
with the node. Thus the output 1

iO  is the membership function of iA  and specifies the degree 
to which the input x satisfy the quantifier iA . The Gaussian bell function is normally used as 
the membership function: 
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where  i i ia ,b ,c  is the set of parameters of the function. The shape of the membership 
function changes as the parameters are adjusted during the training process. These parameters 
are called the premise or antecedent parameters. 

 

 
Figure 1: The architecture of an Adaptive Neuro-Fuzzy Inference System (ANFIS). 

 

Layer 2: Rule Layer  

Every node in this layer is a circle node which multiplies all the incoming signals and sends 
the product out. The output of  the nodes in Layer 2 represent the firing strength of a rule as 
calculated from the T-norm used for the AND operator. If multiplication is used, then the 
output 2

iO  is defined as: 

 
i i

2
i i A BO w (x) (y),   i 1,2      (3) 

Layer 3: Normalization Layer 

Every node in this layer is a circle node that calculates the ratio of the firing strength of the           
i-th rule in Layer 2 to the sum of all the firing strengths of all the rules. The output of this 
layer is called the normalized firing strength and is defined as: 

 3 i
i i

1 2

w
O w  , i 1, 2

w w
  


 (4) 

Layer 4: Defuzzification Layer 

Every node in this layer is a square node which calculates the consequence of each rule. The 
output of the nodes in this layer is defined as: 

 4
i i i i i i iO w f w (p x q y r )     (5) 

where iw  is the output of Layer 3 and  i i ip ,q , r  is the set of parameters of the function. The 
parameters in this layer are called consequent parameters. 

Layer 5: Summation Layer 

The single node in this layer is a circle node that computes the overall output as a summation 
of all incoming signals. The output of this node is defined as: 
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2.3 ANFIS Training 

The training of the ANFIS model is the process of finding the optimal parameter that gives the 
minimum value of our cost or error function. ANFIS can be trained by using gradient descent 
to update all the parameters of the model. This procedure can be quite costly as the number of 
rules of the ANFIS model and hence the number of parameters increases exponentially. To 
decrease the dimension of the search space of the gradient descent and reduce convergence 
time, a hybrid learning (training) approach proposed by Jang is often used. 

The hybrid learning approach splits the set S of all the parameters of the ANFIS model into the 
sets 1S  comprising of the antecedent parameters and 2S  comprising of the consequent 
parameters. The intuition behind this is that given a function F with parameters in the set S and 
if there exist a function H such that the composite function H F  is linear in some elements of 
S, then these elements can be calculated using the Least Square Estimation (LSE) method. 
Applying this principle to the ANFIS model, if the parameters in the set 1S  are kept constant, 
the parameters of the set 2S  can be estimated using the LSE method. This is the first stage of 
the learning algorithm also called the forward pass. Using the ANFIS model of Fig. 1, we 
derive the equivalent LSE equation, A X B   for one training example as follows:  

 1 2
1 2 1 1 2 2

1 2 1 2

w w
f f f w f w f

w w w w
   

 
  (7) 

 1 1 1 1 1 1 2 2 2 2 2 2f (w x)p (w y)q (w )r (w x)p (w y)q (w )r        (8) 

Since the only unknowns in equation (8) are the parameters  1 1 1 2 2 2p ,  q ,  r ,  p , q ,  r , we can 
write the same equation for all the training example and form the LSE equation. Where A is 
matrix the contains the coefficients of the linear equation in (8), the vector B contains the 
actual output f of each training sample and the vector X contain the parameters 

 1 1 1 2 2 2p ,  q ,  r ,  p , q ,  r . The least square estimate can be calculated either iteratively or directly 
by using the inverse of the matrix A. Note that the consequent parameters obtained at this 
stage are optimal with respect to the antecedent parameters which have been kept constant.  

In the second stage of the hybrid learning process, the errors of the first stage are propagated 
backwards from the output layer to the input layer and the derivative of the error function 
with respect to all parameters is calculated using the chain rule explained in the neural 
network section. The consequent parameters  1 1 1 2 2 2p ,  q ,  r ,  p , q ,  r  are then kept constant 
while the antecedent parameters i i ia ,  b ,  c  are updated using gradient descent. The process is 
repeated until the cost function is minimized.  

 

2.4 Parameter Selection and Model Calibration of an ANFIS 

The main parameter of the ANFIS model is the number of membership function to use for 
each input feature. When choosing this parameter, one should bear in mind that the number of 
rules generated by the model increases exponentially as the number of inputs features 
increase. For example if we have p input features and m number of membership function for 
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each feature them the total number of rules generated is pm . To solve this problem, clustering 
techniques such as fuzzy clustering (Bezdek, 1981) and subtractive clustering (Chiu, 1994; 
(Yager, 1994) are used reduce the data into clusters and thus minimize the number of rules 
formed.  

To improve the generalization capability of an ANFIS model, a method known as cross-
validation is used. In this method, all the available data is split into three sets: a training set, a 
validation or checking set and a testing set. The data in the training set is used to train the 
model while the validation data set is used to prevent the model from overfitting by 
monitoring the error in their output. The training of the model is stopped when the error of the 
validation set is minimized. Note that the validation data is only used after the model have 
been trained and is not part of the training. Thus this can be considered as an independent 
check on how well the trained model is doing. After training and validation, the test set is then 
used as a second independent test of the generalization ability of the model.  The final model 
chosen is the model that gives the minimum error in the output of the test set. 

 

2.5 Forecasting with ANFIS 

The problem of forecasting a time series using either ANFIS is in its simplest form equivalent 
to a non-linear autoregressive model where the future values of the series are predicted from 
its past values. Here the function to be approximated is defined as: 

 y(t) f (y(t 1), y(t 2),..., y(t d))     (9) 

where d is the number of past values used or number of lags or window length. The process of 
transforming a one-dimensional time series to a d-dimension input vector is called embedding. 
This is a standard procedure for time series forecasting also known as the sliding window 
technique.  

The procedure of training, parameter selection and model validation for an ANFIS model in 
regression models is the same for time series prediction. The only important difference is the 
addition of a new parameter which is the number of lags or past values to use for the 
prediction. Just like the hidden nodes of a neural network, there is no method for determining 
the number of lags to use. The only rule is that a small window length might provide little 
information for the model while if the window length is too large, the model might overfit.  

Some guidelines for choosing the number of lags are (Rabuñal and Dorado, 2006): 
1. Use all time lags from 1 to a given maximum m. 
2. Use all lags containing autocorrelation values above a given threshold (0.2). 
3. Use the four lags with the highest autocorrelations. 
4. Use the lags 1, K, and K+1 if the series is seasonal with period K and trended. 
5. Use the lags 1, K if the series is seasonal with period K. 
6. Use lags 1 or 1, 2 if the series is trended. 

In this paper, we used rule one with m=13, as it is considered large enough to account for 
both seasonal and trend effects. In all models, the criteria used to choose the best number of 
lags is the performance of the model on the test data.  

In the next paragraph, we introduce the Singular Spectrum Analysis (SSA) technique and how 
we can combine it with the ANFIS forecasting model, to form hybrid models with powerful 
prediction capabilities. 
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3. Singular Spectrum Analysis (SSA) 

3.1 Introduction 

Singular Spectrum Analysis (SSA) is a relatively new technique for time series 
decomposition, reconstruction and prediction. The development of the method has been 
credited to Broomhead and King (1986), but it was popularized by Golyandina et al. (2001). 
The SSA is a two-stage process.  

The first stage is the decomposition of the series and the second stage is the reconstruction of 
the decomposed series to get the original series. The decomposition of the series is done in 
two steps namely: embedding and Singular Value Decomposition (SVD). The reconstruction 
of the original series is done by diagonal averaging of the resulting matrix after and optional 
grouping of the eigenvalues step has been completed. The mathematical description of all the 
steps mentioned above is presented below. 

 

3.2 Decomposition of a time series 

3.2.1. Step 1: Embedding 

This is the process of transforming a one dimensional time series T 1 2 TY (y , y ,..., y )  into the 
multi-dimensional series 1 2 KX ,X ,...,X  where iX  is the lagged vector i i 1 i L 1(y , y ,..., y )  
 L , L is an integer such that 2 L T   and K T L 1   . The matrix formed from these 
vectors is the trajectory matrix 1 2 KX [X ,X ,...,X ] : 

 

1 2 3 K

2 3 4 K 1L,K
ij i, j 1

L L 1 L 2 T

y y y y

y y y y
X (x )

y y y y




 

 
 
  
 
 
 





   



 (10) 

The resulting matrix X is Hankel, i.e. all the elements along the diagonal i j const.   are 
equal. 

3.2.1. Step 2: Singular Value Decomposition 

This is the singular value decomposition of the trajectory matrix, X into a sum of bi-
orthogonal elementary matrices of rank one. Let 1 2 L, ,...,    be the eigenvalues of 'XX  
arranged in decreasing order of magnitude 1 2 L( ... )      and 1 2 LU , U ,..., U  its 
corresponding eigenvector.  

If we set iR max(i,  such that 0) rank(X)    , i i iV X U /  and i i i iX U V   for
(i 1, 2,..., R) , then the SVD of the trajectory matrix can be written as the sum: 

 1 2 RX X X ... X     (11) 

The vectors iU  (empirical orthogonal functions) and iV  (principal components) are the left 
and right eigenvectors of the trajectory matrix while i is the singular value. The collection

i i i( , U ,V )  is called the i-th eigentriple of the matrix X. 
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The SVD in equation (11) is optimal because among all the matrices (r)X  of rank r R , the 

matrix
r

ii 1
X

  gives the best approximation to the trajectory matrix X, such that (r)X X  

is minimum, (Golyandina et al., 2001). The ratio
R

i ii 1
   is the contribution of the matrix

iX  to the expansion in equation (11). Given that 
R2

ii 1
X


   and 2

i iX   for 

i 1, 2,..., d , the ratio 
r R

i ii 1 i 1 
   , the sum of the first r ratios, is the characteristic of the 

optimal approximation of the trajectory matrix by the matrices of rank r. 

 

3.3 Reconstruction of the time series 

3.3.1. Step 1: Grouping 

In this step, the elementary matrices iX  are split into different groups based on their 
similarity and the matrices within each group are summed. Let  1 2 pI i , i ,..., i  be a group 
with indices 1 2 pi , i ,..., i  . Then the matrix IX  corresponding to the group I is defined as 

1 2 pI i i iX X X ... X    . If we split the set of indices J 1, 2,..., R  into m disjoint subsets 

1 2 mI , I ,..., I , then the matrix X can be represented as: 

 
1 2 mI I IX X X ... X      (12) 

The procedure of choosing the sets 1 2 mI , I ,..., I  is called eigentriple grouping. The 
contribution of a group I to the expansion in equation (12) is measured by the share of the 
corresponding eigenvalues of the members of the group:  

 
R

i ii I i 1 
     (13) 

3.3.2. Step 2: Diagonal Averaging 

In this final step, the matrices 
1 2 mI I IX ,X ,..., X  are each converted into a one-dimensional 

time series through a process called diagonal averaging. Let ijz  be an element of an arbitrary
L K  matrix Z, then the k-th element of the resulting series is obtained by averaging ijz  over 
all i, j  such that i j k 2   . The method essentially takes the average of all the elements in 
all the diagonals that can be formed from the matrix Z such that i j k 2   . This is also 
called the Hankelization of the matrix Z. 

Let L min(L, K)  , K max(L, K)  and N L K 1   . Also let ij ijz z   if L<K and ij jiz z   
otherwise. The diagonal averaging procedure transforms the L K  matrix Z into the time 
series 1 2 T(y , y ,..., y )    using the formula: 

 

m,k m 1

m,k m 1

*

k 1

m 1

L

k
m 1

L

m,k m 1
m k K 1

1
z                     1 k L

k 1

1
z z                         L k K        

L

1
z         K k N

N k
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The Hankelization procedure is optimal because the Hankelized matrix of Z is the closest to Z 
(with respect to the matrix norm) among all Hankel matrices of the same size, (Hassani, 2007). 
If we apply the Hankelization procedure to the expansion in equation (12), then we have: 

 
1 2 mI I IX = X + X +...+ X    (15) 

Where X  is the Hankelized matrix of X. This is equivalent to the decomposition of the initial 
series T 1 2 TY (y , y ,..., y )  into a sum of m series: 

 
m

(k)
t t

k 1

y y


    (16) 

where T 1 2 TY (y , y ,..., y )     corresponds to the matrix 
kI

X . 

 

3.4 Parameter Selection 

The three parameters to be selected for the SSA algorithm are the window length L, the 
number of elementary matrices to use for the reconstruction r, and the number of groups m. 
The most important parameter is the window length L. The other two parameters can be 
omitted, depending on the way the SSA will be used. For example, for pure decomposition 
only the window length is required, and for noise removal the grouping stage can be omitted. 

The window length is the only parameter needed for the decomposition of the time series. 
There is currently no algorithm for selecting the window length but many researchers have 
suggested choosing L N / 2  as a general rule, where N is the number of available time series 
data, (Golyandina et al., 2001; Hassani et al., 2009). The choice of L depends on the nature of 
the time series data and the type of components that one is interested in extracting. 

For a time series data with a known period T, Golyandina et al. (2001) recommend choosing 
L such that L T  is an integer. For instance, if the time series data is seasonal and the period is 
4, then choosing L to be multiples of 4 (4, 8, 12, 16,...) will help capture the periodic 
components with periods 4. If the series has multiple periods say 1 2 nT ,T ,...,T , then L should 
be chosen such that iL / T  is an integer for all i 1,..., n , which is possible only if all 

1 2 nT ,T ,...,T  are rational to each other and even then may yield L N / 2 . 

To extract only a trend component, L should be chosen large enough so that the trend is 
separable from other components such as the noise but not too large because large values of L 
mix-up the trend with other components. In conclusion, L should be chosen such that all the 
components from the decomposition of the time series are separable or non-correlated. 

The grouping of the eigentriples m is an optional step done to enhance the separability of the 
components decomposed by the SSA. Components that are highly correlated are summed 
together to form a group. The correlation between two components can be calculated using 
the w-correlation or weighted correlation. The matrix of the w-correlation of the components 
can be useful in grouping. Correlation values close to 1 implies that the components are 
highly correlated and hence should be grouped together while values close to 0 indicate non-
correlation of the components. 

Another way to grouping is by summing components with approximately the same period. 
This is an effective technique especially when the decomposed components contain lots of 
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harmonic (periodic) components. The period of each component can be found by constructing 
the periodogram and finding the dominant period. 

 

4. The Hybrid Models 

The proposed hybrid models combine the SSA with ANFIS. The goal is to improve the 
performances of the ANFIS model by first decomposing the time series into a sum of simple 
components (time series) which are easier to predict using these methods and then combining 
the predictions of each component, (Figure 2).  

 

 
 

Figure 2: The architecture of the proposed Hybrid model. 

 

4.1 Decomposition 

This the first stage of the hybrid model. The given time series is decomposed into a sum of 
simpler components using the SSA. At this stage, the only parameter chosen is the window 
length L of the SSA algorithm. 

 

4.2 Reconstruction and Grouping 

This is equivalent to the reconstruction and grouping stages of the SSA algorithm except that 
the final reconstructed components are themselves time series which when added together 
give the original time series. 

After reconstruction, a plot of each time series is made and the time series which display 
similarities (correlation, period) are grouped (summed) together by examining the correlation 
coefficient matrix and the periodograms of each series. 
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This is the most important stage in the hybrid models because it produces simpler time series 
components each of which can be analysed separately as a complete time series. All the time 
series analysis tools can be applied to each one of them. 

Another advantage of this stage is the grouping which not only increases the separability of 
each time series component but also help to reduce the number of components that will be 
used in the prediction stage. For example, if we have 24 time series components and put them 
into 6 groups, then we only have to use six time series in the prediction stage instead of 24. 
This reduces the work load and minimizes the error in the total prediction. 

 

4.3 Prediction and Summation 

In this final stage, a time series prediction model is chosen to predict all the time series from 
the grouping stage. Depending on the nature and difficulty of the time series, a suitable model 
is selected and is used to predict the future values of each time series and then each predicted 
series is then Hankelized, a matrix of the sum of the Hankelized series is formed and then the 
diagonal averaging procedure of the SSA method is applied to get the final series containing 
the final predictions. Note that this process is equivalent to adding the predictions of each 
series, if we are considering only one-step ahead predictions. 

 

5. Application of the Proposed Hybrid Model 

5.1 Airports and their characteristics 

To test the effectiveness of these SSA-based hybrid forecasting models, we apply a hybrid 
SSA+ANFIS model to forecast the monthly passenger demand of two different international 
airports: London Heathrow (LHR) and Athens (ATH). 

LHR airport is by far the busiest airport in the United Kingdom and the busiest in Europe in 
terms of passenger traffic. It handled over 72 million passengers in the year 2013 (third 
busiest airport in the world). It is an international hub with only 7% of the total passengers 
classified as domestic thus making the biggest handler of international passengers in the 
world. As of 2013, the airport has flight connection to about 180 destinations in 85 countries 
in the world with just over 80 airlines operating in all terminals. 

ATH airport is the largest airport in Greece and one of the largest in the South Eastern 
European region. The airport handled about 13 million passengers in 2013 making it the 35th 
busiest airport in Europe. It is primarily a European airport with about 87% of its total 
scheduled destination in Europe. About two-third of the total passenger traffic were classed as 
international. Overall, in 2013 Athens was directly connected to 101 destinations in 41 
countries by a total of 55 airlines. 

There are two time series (one for each airport) of the monthly passenger data starting from 
January 2005 to December 2013. A total of 96 observations (Jan. 2004-Dec. 2012) were used 
for the calibration of the each model while the remaining 12 observations (Jan. 2013-Dec 
2013) were used for testing the accuracy of the predictions made by the final models. 
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5.2 Trend Component and Periodogram of Seasonal Components 

A look at the trend of the LHR shows that while the airport did not see a significant increase 
in passenger demand (almost constant) from 2005 to 2008, the effect of the economic crisis 
was less noticeable compared to other airports worldwide, (Fig. 3a). The passenger demand at 
the ATH on the other hand, was steadily increasing from 2005-2008 but the increase was 
hindered by the crisis in 2009 resulting in a little dip in the in the upward curve followed by a 
constant decrease in passenger demand from 2008 till 2013, (Fig. 3b).  

The similarity of LHR and ATH is evident from the periodogram of their seasonal 
components. We see that they both show strong yearly seasonality with one very significant 
spike corresponding to a period of 12 months and very low or almost insignificant spike at 
lower periods, (Figs. 3e and 3f). 

 

5.3 Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) Plots 

The ACF plot of the first differenced time series of LHR airport shows a strong yearly 
correlation with significant spikes at multiples of 12, (Fig. 3g). The ATH airport shows four 
significant spikes around multiples of 6 confirming the fact that the airport has two serial 
correlations per year; one for the winter months and another for the peak summer months. 
When a second differencing is applied, the ACF of the ATH airport becomes similar to LHR 
with strong yearly correlation, (Fig. 3h). 

 

5.4 Parameter Selection and Model Calibration 

The ACF plot of the time series is the first way we can use to choose a starting value for 
windows length L. Three possible values 12, 24, 36 are used, since larger values of might 
result in lack of separability of the components. The SSA is applied using L=12, L=24 and 
L=36. The periodograms of the seasonal components after the trends have been extracted 
show that the dominant periods are 3 and 12 for all plots, (Figs. 3e and 3f). We therefore 
chose L=12 because all dominant periods are present in its periodogram. 

All ANFIS models were programmed in Matlab using built-in functions from the fuzzy logic 
tool box. The first parameter chosen is the number of input data (or input lags) to use. After 
the lag has been chosen, the data from the airport is divided into three sets: two sets for 
training and validation and one set for testing the accuracy of predictions made by the models. 
After embedding the time series using a chosen lag, the first 96 data points (Jan. 2005-Dec. 
2012) were used for training (78) and validation (12). The last 12 points were used to test the 
model. The number of iterations was first set to 20 for all models and later adjusted until there 
is no significant reduction in the error of the validation set of each model. 

For simplicity, the number of input lag was chosen to be the same for all components 
extracted by the SSA. We tried different input lag from 2 to 8 and then we chose the lag that 
gave the lowest RMSE in the test set after all models have been summed. The components 
used for prediction are the trend component, PC1+PC2, PC3+PC4, PC5+PC6, PC7+PC8, 
PC9+PC10, (Fig. 4). The components PC11 and PC12 were not used as they were considered 
as noise components. The components that are added together have almost the same period.  
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Figure 3: The time series characteristics of the London Heathrow (LHR) and Athens (ATH) airport. 
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Figure 4: Components extracted from the London Heathrow and Athens airport by SSA. 
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5.5 Comparison of Results between Pure ANFIS and Hybrid SSA–ANFIS Models 

The results of the prediction of the pure ANFIS model re-emphasise the advantages in using 
the hybrid models, (Fig. 5). Although the pure models did not perform well on average on two 
airports with Mean Absolute Percentage Error (MAPE) between 4.38% and 8.69%, the hybrid 
SSA–ANFIS models gave far better predictions with MAPE less than 2% for both airports, 
(Table 1). In terms of the Root Mean Square Error (RMSE), the predictions made by the 
hybrid models were an average 5.3 times better than the pure ANFIS. Also the coefficient of 
determination R2 had an average improvement of 21% across both airports. 
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Figure 5: Comparison of actual and fitted values between pure ANFIS and hybrid SSA-AFNIS model. 

 

Table 1: Improvement of the forecasting ability by using the hybrid SSA-AFNIS model. 
 

Statistics 
Pure ANFIS 

model 
Hybrid SSA – 
ANFIS model 

Airport 

Root Mean Square Error 
(RMSE) 

335.49 89.68 Heathrow 
112.96 16.26 Athens 

Mean Absolute  
Error (MAE) 

263.99 72.27 Heathrow 
73.70 14.32 Athens 

Mean Absolute  
Percentage Error (MAPE) 

4.38 1.21 Heathrow 
8.69 1.52 Athens 

Coefficient of  
determination, R2 

0.77 0.98 Heathrow 
0.85 0.98 Athens 
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6. Concluding Remarks 

Although econometric methods are currently being used to forecast transport demand, the 
success of time series forecasting models, especially for short-term demand forecasting, has 
shifted research focus to development of methods to improve the forecasting ability of these 
models. Consequently, specialized statistical models like ARIMA and more recently artificial 
intelligence (AI) methods like ANN and ANFIS have been applied successfully to forecast air 
transport demand time series. 

Despite the success of AI models, their poor performance when used to predict noisy and 
seasonal time-series data, like monthly passenger demand of airports, has necessitated better 
forecasting models that can forecast in the presence of noise and also exploit the seasonality 
of the data to improve forecasting results. Methods like seasonal ARIMA have been used to 
forecast seasonal data, while Singular Spectrum Analysis (SSA) has been used as a noise 
removal tool to forecast noisy data. 

In this paper, hybrid models that combine SSA and ANFIS have been calibrated to forecast 
the passenger demand of two international airports, London Heathrow and Athens. Forecast 
results have shown that decomposing a time series by means of SSA into simpler 
components, predicting the future values of the components using any established prediction 
method, and then summing the predictions using SSA, can greatly improve forecasting 
performance. 

The main reasons for the remarkably improved forecasting achieved by the SSA-hybrid 
prediction methods are the simplicity, since the component time series are simpler and, hence, 
easier to predict, the exploitation of seasonality, since each seasonal component is predicted 
separately and the noise removal, since noise in the data is reduced by removing components 
with no seasonality or no significant contribution. 

In subsequent research, the authors schedule to demonstrate that SSA can be combined with 
any other popular forecasting method. Specifically, we will combine SSA with Adaptive 
Neural Network models and Autoregressive Integrated Moving Average models and will test 
their performance on various international airports worldwide. This will be an important 
contribution to the forecasting community as it will constitute the first practical evaluation of 
these hybrid models. Quantitative issues like error measures and forecasting performance will 
be discussed. Also qualitative issues like number of tuned parameters, computational cost, 
implementation issues, etc., will be also discussed. We must note that this type of hybrid 
prediction can easily be added to statistical packages, as an option, since all the methods 
involved are already available. One can choose to do a direct forecast or hybrid forecast with 
any chosen method depending on the nature of the series of available data. 
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