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Abstract: Hong Kong International Airport is one of the main gateways to 
Mainland China and the major aviation hub in Asia. An accurate airport 
traffic demand forecast allows for short and long-term planning and 
decision making regarding airport facilities and flight networks. This paper 
employs the Box-Jenkins Autoregressive Integrated Moving Average 
(ARIMA) methodology to build and estimate the univariate seasonal ARIMA 
model and the ARIMX model with explanatory variables for forecasting 
airport passenger traffic for Hong Kong, and projecting its future growth 
trend from 2011to 2015. Both fitted models are found to have the lower 
Mean Absolute Percentage Error (MAPE) figures, and then the models are 
used to obtain ex-post forecasts with accurate forecasting results. More 
importantly, both ARIMA models predict a growth in future airport 
passenger traffic at Hong Kong. 

 
 

Introduction 
After the 1997 changeover in Hong Kong from Britain sovereignty to Mainland 

China control, and 14 years after the opening of Hong Kong International Airport 
(HKIA), airport passenger traffic has been in steady growth generally. However, several 
authors (Hobson & Ko, 1994; Seabrooke, Hui, La & Wong, 2003; Zhang, 2003) have 
predicted a decline in air passenger and cargo throughput for Hong Kong International 
Airport and have raised concerns regarding its dominant role as an international hub and 
a gateway to Mainland China. Furthermore, Zhang, Hui, Leung, Cheung and Hui (2004, 
p.95) stated that “neither the [Hong Kong’s] gateway role nor the hub role should be 
taken for granted, and it will be risky to think that the hub role may be maintained 
forever and ... high growth rates will persist for a long time”.  

An accurate and reliable airport passenger demand forecasting is an integral 
component for short-term and long-term planning and decision making regarding 
airport infrastructure development and flight networks.  

However, Hong Kong’s future airport passenger demand is somewhat less well 
researched, although tourist arrival forecasting has been recently studied (Cho, 2003), 
and thereby indicates a gap for this paper to fill. In addition, to my best knowledge, this 
paper is the first empirical study on airport passenger demand for HKIA using time-
series methods. The objective of this paper is thus to build time-series forecasting 
models to accurately predict airport passenger traffic at Hong Kong, and making a 
projection regarding its growth in future air passenger traffic from 2011 to 2015. 
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Methods 
Sample 

Discreet months between January 2001 and February 2011 comprise the ‘subjects’ of 
the research. This amounts to 122 observations (equal to 12 months times 10 years, plus 
two additional months). The forecasting models are estimated and built using the data 
from January 2001 to November 2010, and the remaining data from December 2010 to 
February 2011 are retained to assess the ex-post forecasting performance of the models. 

The variables of interest for our research are several, such as “monthly airport 
passenger traffic data for HKIA” (obtained from the Hong Kong Airport Authority), 
“GDP per capita”, “monthly visitors by air”, “connecting traffic”, etc. Of these 
variables, the “monthly airport passenger traffic data for HKIA” (obtained from the 
Hong Kong Airport Authority) will act as our main dependent variable, whose future 
demand we want to project into the future. The remaining variables, collected from the 
Census and Statistics Department of Hong Kong, the International Monetary Fund and 
the Hong Kong Tourism Board, will act as our main explanatory variables. 

 
Statistical analyses 

This paper employs the Box-Jenkins univariate seasonal ARIMA model and 
ARIMAX model for predicting future trends in airport passenger traffic for HKIA from 
March 2011 to December 2015 (Uddin, McCullough & Crawford, 1985; Cheung, 
1991); Kawad & Prevedouros, 1995; Prevedouros, 1997; Chen & Chen, 2003; Andreoni 
& Postorino, 2006; Jia, Sun, Wan & Ma, 2007; Payne & Taylor, 2007; . Lee, 2009; 
Abdelghany & Guzhva, 2010; Samagaio & Wolters, 2010). The Box-Jenkins ARIMA 
methodology (1976) can be described as follows: 

Theoretically, Box-Jenkins ARIMA models are built empirically from the observed 
time series relying on three underlying process components: Autoregressive (AR), 
Integrated (I) and Moving Average (MA) (Box & Jenkins, 1976; Pankratz, 1983: Box, 
Jenkins & Reinsel, 2008; Gujarati & Porter, 2009). In practice, the Box-Jenkins process 
uses a -order autoregressive process (p), a qth-order moving average process (q), 
and a level of differencing (d) to build the most appropriate fitted model for forecasting 
time series.  

The autoregressive process implies that an observed event at a specific time period 
depends on its value in the previous time period and error term. The moving average 
process means that an observed event at a specific time is dependent on the previous 
values of its error term. The integrated process indicates the level of differencing 
required to make time series stationary.  Most importantly, the ARIMA models can only 
be used when the time series is stationary. 

The general Box-Jenkins ARIMA model is considered as the non-seasonal ARIMA 
(p,d,q) model. However, the seasonality is very common with air passenger traffic or 
tourist arrival time series. Therefore the seasonal ARIMA (P,D,Q)s model is developed 
taking into account seasonal patterns in the time series, such as quarterly, semi-annual 
or annually. Combining the non-seasonal ARIMA (p,d,q) model and the seasonal 
ARIMA (P,D,Q)s model, and then the seasonal ARIMA can be expressed as follows: 
SARIMA (p,d,q)×(P,D,Q)s

4 
The Box-Jenkins ARIMA model thus includes four specification techniques: 

identification, estimation, diagnostic checking, and forecasting (Box & Jenkins, 1976). 
                                                

4 p and P denotes non-seasonal and seasonal autoregressive process; q and Q denotes non-seasonal and 
seasonal moving average process; d and D denotes level of differencing required to make time series 
being stationary for non-seasonal and seasonal process. 
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Results 
Figure 1 displays the monthly log-airport passenger traffic passing through Hong 

Kong between January 2001 and February 2011.5 Based on graphical analysis, the time 
series exhibits an upward trend along with the possibility of seasonal patterns. More 
importantly, the SARS outbreak caused declines in airport passenger traffic between 
late 2002 and mid-2003. In the seasonality plot, we can observe a peak every July and 
August, indicating high travel periods during the summer holidays, followed by a drop 
in September. Another peak occurs every December and March.  

 

Figure 1: Log-airport passenger traffic (left-side) and 
the seasonality plot (right-side) 
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Before estimating log-airport passenger traffic time series, we checked whether the 

time series data was stationary. The Augmented Dickey-Fuller test was significant (t=-
4.376, p < .01), indicative of the time series being stationary. Thus, further differencing 
process were not required.  

Moreover, the correlograms of Autocorrelation (ACF) and Partial Autocorrelation 
(PACF) indicate that the time series have some seasonal, autoregressive and moving 
average processes. This suggests the use of the SARIMA model. After extensive trial-
and-error, using the lowest test results of Akaike Information Criterion (1974) and 
Schwarz Information Criteria (1978), we decided that the best-fit model with best 
forecasting performance for predicting airport passenger traffic for Hong Kong was the 
univariate seasonal ARIMA (1,0,1)×(1,0,1)12 model.  

Furthermore, we also found that the residuals fell within the 95% of confidence level 
in the residual correlograms of ACF and PACF,6 and also there are “white noise” 
process.7 In addition, the Ljung-Box Q-statistics (1978) suggests one fails to reject the 
null hypothesis of no autocorrelation. After performing the Ordinary Least Squares 
(OLS) estimation procedure, Table 1 shows all of the AR and MA terms are statistically 
significant at above the 99% confidence level, as well as the fitted univariate seasonal 

                                                
5 The variance appears significantly change much over time in the original time series of monthly airport 
passenger traffic, and then the logarithm transformation is chosen stabilise the variance. 

6 For the sake of brevity, the correlograms of residuals of univariate seasonal ARIMA model are not 
reported in this paper. The correlograms would be available upon request. 

7 “White noise” process of residuals means that they are independent and identically distributed with 
zero mean and variance  ( . 
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ARIMA model has the overall predictable power with an adjusted-R2 of 0.850 and it is 
quite accurate with a small MAPE figure (0.633%) (Lewis, 1982).  

 
 

Table 1: Estimated results of the univariate seasonal ARIMA model 
 

Dependent variable = log-airport passenger numbers 
 
Explanatory variables Coefficient t-statistics 
Constant 15.693*** 17.299 
Trend -0.001 -0.287 
AR(1) 0.574*** 7.090 
SAR(12) 0.858*** 9.366 
MA(1) 0.650*** 5.382 
SMA(12) -0.944*** -34.152 
R2 0.858  
Adjusted-R2 0.850  
MAPE (%) 0.633  

Remarks:  
1) Method: Ordinary Least Squares (OLS) 
2) Sample (adjusted): 2002M02−2010M11 
3) Included observations: 106 after adjustments 
4) *** indicates the variable is significant in either at above the 99% confidence 

level (two-tailed) 
 
 
In addition, Figure 2 shows the comparison of residuals (the difference between the 

forecasted airport passenger traffic with actual values). Two main conclusions are 
derived from the residual patterns. First of all, the fitted values are sufficiently close to 
the actual values; particularly the graph captures the adverse impact of SARS outbreak 
upon airport passenger traffic at Hong Kong. Second, the fitted univariate seasonal 
ARIMA model has the ability to preserve both short and long-term memory and can be 
used for long-term forecast of passenger traffic for HKIA. In addition, HKIA’s future 
passenger traffic demand is projected to grow towards 2015.  

 
Figure 2: Actual, fitted and residuals for the univariate seasonal ARIMA model 

(left-side) & Monthly passenger traffic projection (right-hand) 
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After selecting the univariate seasonal ARIMA model, this paper continues to apply 

the ARIMAX model (i.e., the multivariate ARIMA model). In the essence of ARIMAX 
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modelling, the forecasting of future airport passenger traffic demand for HKIA can 
further be explained by the changes in originating or local traffic, visitors by air, 
connecting traffic (transfer and transit passenger traffic) via the airport,8 along with 
other interventions or shocks (i.e., the SARS outbreak, Cross-Strait direct flight 
agreement between China and Taiwan, fuel price, Individual Travel Scheme). In order 
to estimate the ARIMX model, future forecasted values relate to the explanatory 
variables and the likely impacts of interventions (shocks) need to be estimated. This 
paper resorts to a combination of available forecasts/estimates from the external sources 
and the ARIMA application. For the originating traffic, the forecasts of Hong Kong’s 
GDP per capita obtained from the International Monetary Fund (IMF) are used as the 
proxy due to the direct correlation between airport demand and GDP.9 Unfortunately, 
future forecasts for visitors by air and connecting traffic are more difficult to obtain due 
to the lack of published data, and thus their future forecasted values are predicted by 
employing the Box-Jenkins ARIMA methodology. After extensive trial-and-error 
specification, the best-fit models for log-visitors by air and log-connecting traffic are the 
SARIMA (4,0,2)×(1,0,0)12 model and the SARIMA (2,0,2)×(1,0,0)12 model, 
respectively. Both fitted SARIMA models have the MAPE figures of 1.091% and 
0.841%.  

Moreover, the likely effects of interventions (shocks) are captured by employing 
dummy variables in accordance with their permanent or temporary effects .10 For 
example, fuel price is assumed to maintain at the level of more than US$80 per barrel 
between March 2011and December 2015.  

 
 

 
 
 
As described above, the ARIMAX modelling is first to incorporate the selected 

univariate SARIMA (1,0,1)×(1,0,1)12 model, and then we employed the General-to-
Specific (GS) approach to determine the lags of log-GDP per capita, log-visitors by air 
and log-connecting traffic by eliminating variables which are statistically insignificant, 
as well as inserting identified interventions (shocks) during the regression analysis 
(Henry, 1995; Song, Wong & Chon, 2003; Balli & Elsamadisy, 2010). Table 2 shows 
the parameters of regression coefficients and the ARIMAX model has a good fit with an 
adjusted-R2 of 0.993 and the lower MAPE figure of 0.127%. 

Given no further improvement can be achieved for the ARIMAX model, and also the 
ACF and PACF correlograms and the Ljung-Box Q-statistics (1978) confirm the “white 
noise” characteristics of residuals. From Figure 3, we found that the fitted airport 
passenger traffic for HKIA are more closely resemble the actual values shown, 
suggesting the ARIMAX model has more predictive power with additional explanatory 

                                                
8 Hong Kong International Airport experiences more transfer or transit passenger traffic, since it plays a 
role of the international gateway airport to the Pearl River Delta region and Mainland China, and also the 
international transportation hub to Asia and Southeast Asia (O’Conner 1995; Oum & Yu, 2000; Zhang et 
al., 2004; Mason, 2007). 
9 For checking purpose, IMF and the Census and Statistics Department of Hong Kong offered the same 
figures of Hong Kong’s GDP per capita between 2001and 2010. 
10 For the sake of brevity, the future forecasts for log-visitors by air and log-connecting traffic, the 
assumptions of future impacts of intervention (shocks) are not reported. These figures would be available 
upon request. 
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variables than the univariate seasonal ARIMA model. Similarly, the ARIMX model also 
predicts a steady growth in future airport passenger traffic at Hong Kong for the period 
from 2011 to 2015. 

Table 2: Estimated results of the ARIMAX model 
 

Dependent variable = log-airport passenger traffic 
   
Explanatory variable Coefficient t-statistics 
Constant 6.095*** 7.995 
Trend 0.002*** 3.312 
Log-GDP per capita 0.350* 1.891 
Log-GDP per capita(-

1) -0.198 -0.628 
Log-GDP per capita(-

2) -0.326* -1.875 
Log-GDP per capita(-

3) -0.371*** -2.986 
Log-GDP per capita(-

4) 0.404*** 3.602 
Log-Connecting traffic 0.237*** 5.416 
Log-visitors by air 0.489*** 13.998 
SARS -0.027** -2.085 
Cross Strait  -0.028*** -3.674 
Fuel price 0.050*** 5.292 
IVS -0.013 -0.876 
AR(1) 0.482*** 3.062 
SAR(12) 0.789*** 13.037 
MA(1) -0.997*** -35.981 
SMA(12) -0.931*** -41.886 
R2 0.994  
Adjusted-R2 0.993  
MAPE(%) 0.127  

Remarks:  
1. Method: Ordinary Least Squares (OLS) 
2) Sample (adjusted): 2002M06−2010M11 
3) * and ** and *** indicates the variable is significant in either at above 

the 90%, 95% and 99% confidence level (two-tailed) 
4) The lags of each explanatory variable is decided when it become 

statistically significant using t-statistics 
5) AR and MA terms included are to capture autoregressive and moving 

average relationships in the time series 
 

Figure 3: Actual, fitted and residuals for the ARIMAX model (left-side) 
& Monthly passenger traffic projection (right-hand) 
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Evaluation of forecasts  

It is important to check the forecast accuracy of both fitted ARIMA models by 
evaluating ex-post forecasts using the period of December 2010 and February 2011. 
After transforming log-airport passenger traffic to absolute values, Table 3 shows the 
forecasting performance of both fitted models by comparing their actual airport 
passenger traffic and forecasted values.11 We found that the forecasted errors of 
univariate seasonal ARIMA model are smaller compared to those of ARIMX model. 
Another finding is that, for both models, the forecasted errors are very accurate within 
two months forecast horizon, and the forecasted errors increase remarkably when the 
forecast horizon gets to three month. This indicates that both models may experience 
larger forecasted errors for long-term forecasts. 

 
Table 3: Forecast performance between ARIMA models 

 

  Univariate seasonal 
ARIMA model ARIMAX model 

Periods Actual Forecast Forecasted 
errors (%) Forecast Forecasted 

errors (%) 
2010M12 4,328,138 4,353,869 -0.59 4,562,261 -5.41 
2011M01 4,206,217 4,220,524 -0.34 4,243,759 -0.89 
2011M02 3,909,319 4,162,938 -6.49 4,317,438 -10.44 

 

Conclusions  
In summary, the best-fit Box-Jenkins univariate seasonal ARIMA model and the 

ARIMAX model are built for predicting airport passenger traffic for Hong Kong. The 
ex-post forecasts indicate that both fitted models provide accurate and reliable forecast 
results ranging from -0.59 to -10.44 percent. For the long-term forecasts, both models 
may suffer from larger forecasted errors. However, Hong Kong airport’s future 
passenger traffic is projected to maintain a growth trend for the period of March 2011 to 
December 2015, and more importantly, this projection highlights the challenges for 
policy makers, airport authority and airline management to meet the increasing demand 
of airport passenger traffic at Hong Kong.  
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