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Abstract 

The rate of passengers’ traffic in Nigerian airports has increased exponentially in the last few years with 

significant contribution to economic growth. It is therefore important to know the future demand of air 

passengers’ traffic for the provision of proper air space resources. This paper focused on modeling air 

passengers traffic using Support Vector Regression Machine (SVRM), one of the Machine Learning (ML) 

techniques used in predicting future values of time spaced data. In achieving this, domestic flights data 

comprising of 132 months (2007-2018) collected from Nigeria Airspace Management Agency (NAMA) of the 

Muritala Mohammed International Airport was analyzed to achieve the set objectives. The preference evaluation 

of the adopted kernels in Python for data science was carried out on the basis of Root Mean Square Error. 

Empirical analysis of result showed that Linear Kernel function outperformed other kernel functions of Radial 

basis, Polynomial and Sigmoid respectively. Additional evidence was also shown to analyze the improved 

evidence of the linear kernel function from the prediction of the domestic air passengers with the use of the test 

data.  
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Introduction  

In Nigeria today, travelling by air has been one of the most vital transportation services which has out-rightly 

enhanced the movement of passengers both in short and long-haul trips. Almost every part of the world could be 

accessed via airplanes within few hours of time frame as a consequence of promoting globalization (Abel N. E., 

2014). However, there has been a continual rise in the demand of air transport services in almost all countries 

most especially in Nigeria which has brought about the increase in frequency of flights, the number of air 

passengers and the volume of cargo.  

According to International Air Transport Association (IATA) airline forecast for 2013-2017, indicated that the 

airline industry will experience 31% increase in passenger’s flow between 2012 and 2017 and also deduced that 

by 2017 the total passenger numbers are expected to rise to 3.91billion-an increase of 930million passengers 

over the 2.98 billion carried out in 2012. 

Okafor E.G et.al., (2019), affirmed that forecasting air passenger traffic flow is important as it allows airline 

industry due to its capability in projecting airport activities that will reflect the relationship that drives aviation 

activities. 

In this study, the data of the number of passengers travelled by domestic flights in Muritala Mohammed 

International Airline during January 2007 to December 2018 was considered. Due to the nature of this data, 

Support Vector Regression Machine (SVRM) techniques have been applied to model and forecast the air 

passenger traffic. 

In the previous studies of forecasting air passenger traffic flow, many methodologies have been used. Thus, 

Fatimah et.al., (2018), proposed the use of Box-Jenkins ARIMA model to examine and analyze the demand for, 

and the ability to forecast passenger traffic of Yola airport. However, the model predicted the future passenger 

traffic to maintain a growth trend for the months in the following year. 

Ajibode (2017) applied a Seasonal Autoregressive Integrated Moving Average (SARIMA) technique in 

modeling the enplane passenger traffic in Nigeria, where empirical result indicated SARIMA (2,1,1) (0,1,1) 12 

as the best fit based on minimum corrected Akaike Information Criteria (AIC) value. 
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Hsu and Wen (1998) explored the use of Grey theory on airline passenger traffic forecasting. The study showed 

the model technique as an improved time series model, and concluded with an empirical result that the Grey 

model is more accurate than those predicted by ARIMA model or regression model. 

The application of Artificial Neural Network model of backpropagation and multi-layer perceptron in predicting 

the air traffic in Juanda International airport was adopted by Putra and Safrilah (2017). They concluded that the 

model is statistically valid and as well predicted the data well.  Blinova (2007), in his research explored the 

application of artificial neural approach to forecast the expansion of the air transport network in Russia. 

However, proved that the developed model adequately described the passenger traffic demand for the next two 

or three years, which as well deduced that the model can therefore be used for short-term forecast of the Russia 

air transport.  Manohar et al., (2019), adopted Artificial Neural Network (ANN) model for forecasting air traffic 

of Air India domestic Services by using Multi-Layer Perceptron (MLP) network. Thereby, affirmed that the 

results exhibited by the model were quite satisfactory.  

Matthews (1995), conducted a research on measurement and forecasting of peak passenger flow at several 

airports in the United Kingdom. According to his work, annual passenger traffic demand can be seen as the 

fundamental starting point, driven by economic factors and forecasting. While forecasts of hourly flows are 

needed for long-term planning related with infrastructure requirement, hourly forecast are almost always based 

on the forecast of annual passenger’s flows. 

Chen et.al., (2012), adopted the use of back propagation neural network to identify the factors that influence air 

passenger and air cargo demand from Japan to Taiwan. In the research, they showed that air passenger and air 

cargo are generally influenced by different factors but there are some common factors which influence both. 

Furthermore, this allowed the construction of models which possess very high forecasting accuracy in the short 

and medium term. Hence, concluded that the performance of neural network models extremely depends on 

choosing appropriate training set.  

Materials and Methods 

The data for this research came from the Nigeria Airspace Management Agency (NAMA) in association with 

the aviation authority situated at the Muritala Mohammed International Airport (MMIA), Lagos, Nigeria. It 

consists of monthly local air passengers from MMIA to any other local destination within Nigeria between 

January 2007 and December 2018. Linear, Radial Basis, Polynomial and Sigmoid functions of the Support 

Vector Regression Modeling (SVRM) technique were fitted for inference to be made on the best kernel function 

that best predict the passenger traffic data. 

Support Vector Regression 

Support Vector Machine (SVM) was developed by Vapnik in 1995 to originally find solution to problems in the 

development of SVM classification which as well overcomes the problem of regression called the Support 

Vector Regression (SVR). While one of the major characteristics of Support Vector Regression (SVR) is to try 

obtaining the best hyper-plane using principle of Structural Risk Minimization (SRM), by dividing data and 

minimizing the distance between hyper-plane and data. 

Model Specification  

A training dataset given as by definition,  is a 

multivariate input containing all the independent variables while  is the equivalent scalar output and n is 

deduced as the number of training samples.  

The support vector regression is expressed as: 

       (1) 

where w is the weighting vector,  is a function that maps nonlinearly x from the input space into a high 

dimension features space and b is the bias.  

Model Estimation 

Mathematically in a non-separable case, a new optimization problem can be expressed as: 

      (2) 
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    (3) 

Where the variables , are indicated as slack variables while  is a scalar parameter called the penalty factor 

which shows a balance between the training error and model flatness.  

Thus, to minimize the norm , involves solving a convex optimization problem in equation (2) which 

becomes; 

      (4) 

    (5) 

 

By re-writing the constraint optimization problem in the above equations, Lagrange multipliers 

 is being introduced and expressed as the Primal Lagrangian in equation (6).  

 

  (6) 

       (7) 

 

In equation (6), we take partial derivatives with respective to and set each to zero. 

        (8) 

        (9) 

                  (10) 

Using  and        (11) 

 

By convolution, equation (8) and (9) becomes;  

         (12) 

         (13) 

 

Using equation (12), we substitute for  in equation (6) then by simplication of the result, dual Lagrangian is 

derived as; 

    (14) 

      (15) 

For easy simplicity; the dual problem in equation (14) is thereby expressed as; 

     (16) 

Where  is referred to as a kernel function. 

 

Linear Function 

According to Prachi et.al., (2015), the linear kernel in equation (17) is extremely okay when there are a lot of 

features. However, mapping the data to a higher dimensional space does not really increase the performance. 

For example, text classification as most text classification problems are linearly separable. The linear function is 

specified as  

         (17) 

Substituting equation (17) into equation 16, we have  

     (18) 

Polynomial Function  

The polynomial kernel looks at the given features of input samples to determine their similarity, also 

combinations of these. Such combinations are known as interaction features, in the framework of regression 

analysis. The implicit feature space of a polynomial kernel is similar to that of polynomial regression, but 

without the combinatorial altercation in the number of learned parameters. When the input features are binary-
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valued or Boolean-valued, then the features correspond to logical combinations of input features (Prachi 

et.al.,2015). This function is expressed mathematically as; 

     (19) 

Substituting equation 19 into 16, we have  

    (20) 

Radial Basis Function (RBF) 

Prachi et.al., (2015), defines Radial Basis Function as a well-known kernel function used variously in kernelized 

learning algorithms. They specifically stated that it is commonly used in support vector machine classification. 

For instance; two samples  and  in RBF kernel function are represented as feature vectors in some input 

space denoted in the preceding equation. The equation is expressed as; 

       (21) 

Substituting equation 21 into equation 16, we have 

    (22) 

Sigmoid Function 

The Sigmoid Kernel also known as the Hyperbolic Tangent Kernel is very popular for support vector machines 

due to its origin from neural networks. This is expressed as; 

       (23) 

Substituting equation 23 into equation 16, we have; 

    (24) 

The schematic structure of the Support Vector Machine model can be evidenced in fig. 5 

 

 

 

 

 

 

 

 

Fig. 5: Schematic structure of SVM model (Source: Yoon et al. 2011) 

However, each kernel listed above have a particular parameter that must be optimized to obtain the best 

performance. The performance of each model for both the training and forecasting data are evaluated according 

to the Root Mean Square Error (RMSE) which are widely used in time series forecasting and thus was adopted 

in this study. 
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RMSE =         (25) 

Where,  denotes the Actual value and  as the Predicted value.  

Results and Discussion 

 
Fig. 1: Time plot of Domestic Air Passenger Traffic 

Time plot of the domestic air passengers’ traffic in figure 1 indicated that the series was found to be non-

stationary in its mean and variance. This is as a result of the irregular pattern displayed. However, this is not a 

problem, as our intent was not to adopt the conventional techniques of modeling time series data. Hence, we 

adopt the principle of Structural Risk Minimization (SRM), by dividing data and minimizing the distance 

between hyper-plane and data through the application of SVRM. 

Table 1: Descriptive Statistics of Domestic Airline   

Descriptive Stat. Values 

Minimum 188,842 

Maximum 449,467 

Mean 319,339.708 

Standard deviation 47853.917 

Skewness  -0.431 

Kurtosis  0.421 

Source: Extracted from Python Output 

On the descriptive statistics of the domestic airline passengers’ traffic in table 1, minimum, maximum, mean, 

standard deviation, skewness and kurtosis can be evidenced. Analysis indicated that the range of the sampled 

data within the 132 months is within 18,842 to 449,467 on average of 319,3340 (SD ± 47,853.917) total 

passengers that boarded the domestic air space resources on monthly basis. Meanwhile, the skewness and 

kurtosis measure of location of -0.431 and 0.421 indicated the non-normality of the data as the respective values 

were not within the threshold of 3 and 4. This can be inferred that the domestic air passengers traffic within the 

studied period is not as the independent samples do not come from normal distribution in its mean and variance. 

Although, non-normality of the data may not affect the robustness of the identified kernel function classifiers. 

Table 2:  Validation of Kernel Function Classifiers 

Kernels MSE RMSE C value Degree Value 

Linear  1.222091e+09 34958.413 13000 - 

Rbf  1.222151e+09 34959.270 15000 - 

Polynomial 1.223222e+09 34974.590 - 110 

sigmoid  1.222130e+09 34958.973 16000 - 

Source: Extracted from Python Output 

Table 2 showed the validation of the kernel function classifiers based on their MSE and RMSE. Analysis from 

the table indicated that the linear function with RMSE of 34958.413 was found to predict well the domestic air 
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passeenger traffic as it was found to be smallest among the several kernels of RBF (34959.270), Polynomial 

(34974.590) and Sigmoid (34958.973) respectively. 

 

Figure 2: Pictorial representation of performance of different kernels in the forecast of Domestic Air Traffic  

Figure 2 showed the graph of RMSE of different kernels showing the best performance in each of the model in 

the different training sessions. The Support Vector kernel that returns the smallest mean square error in each of 

the model was adjudged the best model that can give the best accurate prediction, as confirmed from table 2.  

 

Figure 3: Pictorial representation of actual (Train) and predicted Domestic Air Passengers Traffic using 

Linear Kernel function 

Monthly air passengers’ traffic and associated predicted values of the training data in figure 3 indicated that the 

predicted values of domestic air passengers follows the same terrain. This can also be inferred that the linear 

kernel function predicted the air passengers traffic series well compared to the irregularities experienced in the 

trained (actual) data. 

Table 3 Out of sample predictions on selected best models  

Month 
Domestic airline traffic out of sample predictions 

Actual: Predicted  

Jan.,2017 259120 301164.1002  

Feb.,2017 261354 298046.1667  

Mar.,2017 264254 341327.8997  

April,2017 284987 324046.1667  

May,2017 299440 326820.1002  

June,2017 274879 323990.9002  
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July,2017 320221 324046.1667  

Aug.,2017 349454 324046.1667  

Sept,2017 319032 324046.1667  

Oct,.2017 337832 324046.1667  

Nov.,2017 347682 330584.0997  

Dec.,2017 365797 346389.9002  

Jan.,2018 308849 301164.1002  

Feb.,2018 313391 298046.1667  

Mar,2018 360356 341327.8997  

April,2018 366740 324046.1667  

May,2018 340339 326820.1002  

June,2018 356650 323990.9002  

July,2018 351414 324046.1667  

Aug,2018 336657 324046.1667  

Sept.,2018 351409 324046.1667  

Oct.,2018 370784 324046.1667  

Nov,2018 375224 330584.0997  

Dec.,2018 413334 346389.9002  

Source: Extracted from Python 3.0 Output 

From the out of sample prediction of the test data in table 3 and figure 4, it can be seen that there are wide gaps 

(in favour of the predicted values) between the test data and the predicted values from January 2017 to July 

2017, with a steady decline from August 2017 to December 2018 as against the testing data. However, the linear 

function used in the estimation of the predicted out-of-sample predictions was found to be the best based on the 

RMSE value of 34958.413, as RMSE is a good measure of how accurately the model predicts the response, 

which is an important criterion for fit since the main purpose of the model is prediction. Hence, there might be 

other kernels functions(s) and other techniques such as the Artificial Neural Network (ANN), which can predict 

the domestic air passengers’ traffic as against the selected kernels and SVRM technique used in this study.  

 

Figure 4: Pictorial representation of Test data and predicted Domestic Air Passengers Traffic using Linear 

Kernel function 

Conclusion 

Since aftermaths of different researches has shown the importance of airline activities based on its impact on 

gross domestic product of a nation like Nigeria, Support Vector Regression Machine technique with different 

kernel functions were applied to develop the best model for predicting air passenger traffic flow in Murtala 

Muhammed International Airport from year 2007 to 2018. This study used the Root Mean Square Error (RMSE) 

as the selected criterion to model the evaluation prediction performance of the kernels. Hence, the empirical 

results indicated that linear kernel function of the SVRM having the least RMSE outperforms the other SVRM 
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kernels in predicting the airline services. Hence, the short term predicted value of the domestic air passengers’ 

traffic indicated a decline in the predicted series as compared with the actual (test data) value. This might be as a 

result of insecurity ravaging the country, and bad roads as our land transportation to farther areas of the state is 

marred by kidnapping of middle- and high-class individuals, which in turn triggers high rate of domestic air 

passengers’ traffic in the observed value compared to the predictions. 

The research concludes that the domestic air passengers’ traffic of the Murtala Muhammed International Airport 

is better modeled using the Linear kernels function of the SVRM modeling technique compared to the RBF, 

Sigmoid and Polynomial algorithms respectively. 
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