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ABSTRACT 

Due to strong traffic momentum since the sector deregulation in Turkey passenger numbers has risen at an 

approximately CAGR (Compound Annual Growth Rate) of 16% between 2003 and 2013, which means three 

times the real GDP (Gross Domestic Product) growth in the same period. We believe that Turkey’s 

geographically advantageous position, increasing attractiveness as a tourism destination, and the government’s 

supportive approach to the sector are the secular reasons for this average growth. A long-term forecast of the 

air transportation is crucial regarding the precautions that will be taken in the future. It is also an essential 

input for an investment planning. In the field of air transportation forecasting, there are a number of empirical 

models, which can be classified as judgemental, causal and time series. Time series forecasting is an important 

area of forecasting in which past observations of the same variables are collected and analysed to develop a 

model describing the underlying relationship. The model is then used to extrapolate the time series into the 

future. In this study, forecasting models for time series are reviewed. Aircraft, passenger, and cargo statistics 

between 2007-2015 years in Turkey are gathered and used to construct forecasting models for each quantity. 

Based on the mathematical models constructed by using genetic algorithm from heuristics, we project a 24% 

increase in Turkish aircraft traffic, a 50% increase in Turkish air passenger traffic, and a 34% increase in 

Turkish air cargo traffic between 2016-2020 years. 

 

Keywords: Genetic Algorithm, Air Transport Market Modelling. 

 

TÜRK HAVA TAŞIMACILIĞI PAZARININ GENETİK ALGORİTMA KULLANIMI İLE ZAMAN SERİSİ 

TAHMİNLEMESİ  

 
ÖZ 
Türkiye’de havacılık sektöründeki yapılan düzenlemelere bağlı olarak hava trafiğinde 2003-2013 döneminde 

güçlü bir büyüme yaşanmış, söz konusu dönemde ortalama büyüme oranı yıllık % 16 olarak gerçekleşerek 

GSYİH (Gayri Safi Yurt İçi Hâsıla) büyüme oranının üç katına ulaşmıştır. Ülkemizin sahip olduğu uygun coğrafi 

konum, turistik mekanlarının çekiciliğinin gittikçe artması ve hükümet politikalarının havacılık sektörünü 

destekler mahiyette sürdürülmesi bu güçlü büyümenin temel sebepleridir. Sektörde geleceğe ilişkin alınacak 

tedbirlerde uzun vadeli tahmin yapabilme kritik öneme sahiptir. Bu tahminler ayrıca yatırım planlamaları için 

de etkili birer girdi durumundadır. Hava taşımacılığı sektöründe tahmin yapabilme konusunda yargısal, 

nedensel ve zaman serileri gibi sınıflandırılabilen çok sayıda gözleme dayalı model kullanılmaktadır. Aynı 

değişkenin geçmiş döneme ilişkin verilerinin ilişkilendirildiği ve bunlardan yararlanılarak değişkenin hareketini 

ifade eden bir modelin oluşturulduğu zaman serileri geleceğe ilişkin tahmin yapmada oldukça önemlidir. Bu 

çalışmada öncelikle tahmin yapmada kullanılan zaman serisi modelleri gözden geçirilmiştir. Sonrasında kalkış 

ve iniş yapan uçak sayısı, taşınan yolcu ve kargoya ilişkin Türkiye’nin 2007-2015 dönemi istatistikleri derlenmiş 

ve bu veriler geleceğe ilişkin tahminleme modelinde kullanılmıştır. Sezgisel yöntemlerden biri olan genetik 

algoritma kullanılarak kurgulanan model kapsamında 2016-2020 döneminde uçak trafiğinde %24, yolcu 

trafiğinde % 50 ve kargo miktarında da %34 artışın olacağı tahmin edilmiştir. 

 

Anahtar Kelimeler: Genetik Algoritma, Havayolu Taşımacılığı Pazar Modellemesi. 
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1. INTRODUCTION   

 

The globalization has increased the income of the 

people in economic activities. It has also led to 

changes in economic activities. Air transportation is 

one of the sectors that has been affected by the global 

changes. The expansion of free trade in this process is 

the main factor that increases the importance of air 

transportation. 

 

The pace of development of air transportation in 

recent years is higher than the entire transportation 

sectors. With this overall expansion of demand, the 

patterns of traffic have also changed and become more 

complicated. Complex and expensive structure of the 

components of the aviation sector brings very 

important case predictions for the future in air 

transportation.  A period of duration is an important 

factor in forecasting and it may change depending on 

the industrial sector. In air transport industry, what is 

considered long-term is usually above 3 years, 

medium-term is usually between 1 and 3 years, and 

short-term is usually less than 1 year. At the air 

transportation;   passenger forecasting for a short-term 

provides a key input for daily operations, scheduling, 

sales, etc. Long-term forecasting is the most critical 

time period for forecasting. Because the basic inputs 

needed for strategic planning can be found in long-

term forecasting. 

 

It is expected that the development of air traffic in the 

next 15 years, with experience of change in today's 

economy is to be twice [1]. In addition, due to the 

development of economies in Asia Pacific and Middle 

East, the local airlines are becoming leaders in global 

aviation market.  In 1993, the part of airlines from 

Europe or North America in global airline industry 

was calculated as 73 percent of the market. 

Assessments made for the year 2033 show that the 

same share is going to be around 38 percent of global 

airline industry in these countries [2]. Global air 

transportation has important intersection in the Middle 

East where Turkey is located. In 2013, total airline 

capacity grew up to 13 percent in the region. Because 

of the geographical locations, the Gulf countries and 

Turkey compete for more share of the global air 

transportation market. However, our country has a 

competitive advantage because of its closer position to 

the developed economies. Additionally, 40% of 

worldwide international traffic is realized by narrow-

bodied aircraft with lower operational costs. This 

situation can be an advantage for the competition of 

air transportation [3]. Due to strong traffic momentum 

since the sector deregulation in Turkey passenger 

numbers has risen by an approximately 16% between 

2003 and 2013 which means much more increase than 

Middle East countries. 

 

In this study, forecasting models for time series are 

reviewed. Aircraft, passenger, and cargo statistics 

between 2007-2015 years in Turkey are gathered and 

used to construct forecasting models for each quantity.   

  

2. MODEL FOR FORECASTING 

 

There are empirical models for air transportation 

forecasting. These models are classified as 

judgemental, causal and time series. Models analyse 

the main characteristics of the air transportation 

activities to make alternative decisions for the aviation 

sectors. Judgemental models are depending on the 

specialists’ experience and knowledge about the 

problem under consideration. Casual and time series 

methods are quantitative methods which have 

mathematical solutions for forecasting by using past 

historical statistical data. Since the latter is more 

objective and precise, they have drawn more 

attentions [4]. 

 

Causal models are common and presented two gravity 

models for the forecasting of air passenger volume 

between city-pairs. The causal analysis tries to 

construct the correlation between the airport demand 

and a series of variables which affect the development 

of demand including socio-economical and transport 

system variables and build an estimation model. These 

variables are expressed as the impact of changes 

within the economic environment on traffic. Such 

methods include regression analysis, causality test, 

logic model, gravity model, system dynamics [5], etc. 

Academicians used an econometric endogenous 

growth model to estimate the impact of air 

accessibility on GDP and investment growth, and a 

logical analysis for improving the accuracy of 

passenger show rate predictions for airlines [6]. 

 

Time series forecasting is an important area of 

forecasting in which past data of the same variable are 

accumulated and analyzed to construct a model 

describing the underlying relationship. The model is 

then utilized to extrapolate the time series into the 

future. This modelling approach is especially useful 

when little information is available about the 

underlying data generation process or when there is no 

satisfactory explanation that correlates the prediction 

variable to other explanatory variables [7]. 

 

ARIMA/SARIMA, exponential smoothing, grey 

theory, seasonal adjustment method, fuzzy system 

method, Holt-Winters, etc. are time series methods 

which use past observations and data for mathematical 

models. At statistical studies, there are a lot of 

different methods that argue better forecasting models, 

but each method has a different way for forecasting 

and better or worse side. So, there is no method 

performing the best across all scenarios [8]. 
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In this study, the purpose was not to compare the 

performance of the main classical forecasting 

methods. Instead of complex and sometimes locally 

fitted mathematical models, we preferred to construct 

a simple functional to make forecasting in Turkish air 

transport market.  

 

3. MATHEMATICAL MODELLING 

 

Time series including aircraft, passenger, and cargo 

can be decomposed of three sub functions such as 

trend, seasonal, and irregularity component. A trend 

component shows a long term movement in a time 

series. It is the underlying direction showing an 

upward or downward tendency of a time series. A 

seasonal component describes any regular 

fluctuations. It is the component of variation in a time 

series which is dependent on the time of year. The last 

component named irregular or noise component is that 

left over when the other components of the series have 

been accounted for. It includes random fluctuations in 

a time series. A functional for air transportation time 

series can be defined as the sum of a trend (  ), a 

seasonal (  ), and an irregularity (   ) functions like 

the following [9]: 

 
                     (1) 

 

 
(a) Polynomial function:           

  
     

 
(b) Power function:           

 

Figure 1. General trends of selected functions (dotted 

line is an example time series). 

 

It is possible to use different trend functions in a 

functional. Exponential, polynomial, power, or even 

rational functions may be selected as a trend function. 

Among the possible trend functions, we preferred to 

use power and second-degree polynomial function. 

There is a significant difference between second 

degree polynomial and a power function and it is the 

nature of trend. Polynomial function shows an 

increasing character. Therefore, its forecasting nature 

shows the existence of development in the future of 

industry. The power function shows more stable 

character although there are slightly increase from one 

time to next time. The descriptions of each function 

and their characteristic trend are shown in Figure 1. 

 

A seasonal component contains periodic fluctuations. 

Periodicity can be described as the following: 

 
            

    
(2) 

 

where   is the time and   is the periodicity. Air 

transportation time series does not show a fully 

periodic behavior due to long term movement. 

However, a proper value of   and amplitude of a time 

series can be found by using the extreme points. For 

any time series, the maxima points are defined by 

using the following condition; 

 

if  

(3) 

          
         

 

then  

    

is the local maximum point. 

 

The time difference between the maxima is the period 

of a time series. A mathematical model of a seasonal 

component can be constructed by using a simple 

sinusoidal function like the following: 

 

      
  

 
     (4) 

 

where   is the amplitude and   is the phase shift. 

 

An irregular part of a time series has a random nature. 

There are several pseudo-random functions in 

literature. We prefer to use logistic distribution 

function in the forecasting model. The logistic 

distribution resembles the normal distribution in 

shape, but has heavier tails (higher kurtosis). The 

distribution is described as the following. 

 

         
 

  
   
 

 

     
  

   
 

 
 
  (5) 

 

where   is the mean and   is a parameter related to 

standard deviation; 
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  (6) 

 

Based on the preferred function descriptions, a 

functional for air transportation can be defined in two 

different combinations. The first functional contains a 

trend function such as a power function, a periodic 

function like sinusoidal, and an irregular function such 

as logistic distribution as follows: 

 

                   (7) 

 

where 

 

        
   (8) 

          
  

  
      (9) 

                              (10) 

 

In this functional,    is a constant. However, each 

constant has a special effect in function descriptions: 

   is a coefficient of the power function,    is the 

power of function,   is amplitude,    is a period,    is 

a phase shift, and    is a scale factor of irregularity. 

Additionally,                        term represents 

random numbers from logistic distribution function.   

 

The second functional contains a trend function such 

as a second degree polynomial, a periodic function 

like sinusoidal, and an irregular function such as 

logistic distribution as follows: 

 
                     (11) 

 

where 

 
         

         (12) 

         
  

  
      (13) 

                              (14) 

 

In this second functional:   is the coefficient of 

leading term,    is another coefficient of the second 

term, and    is the constant term. Similar to the 

previous description,    is amplitude,    is a period, 

   is a phase shift, and    is a scale factor of 

irregularity. The    coefficients in each combination 

can be determined via a proper optimization process 

such as genetic algorithm (GA).  

 

As a stochastic method, GA is an emergent 

optimization algorithm mimicking of the natural 

evolution, where a biological population evolves over 

generations to adapt to an environment by selection, 

recombination based on crossover operations, and 

mutation. When GA is applied to optimization 

problems, fitness, individuals and genes usually 

correspond to an objective function value, a design 

candidate, and design variables, respectively. The 

basic GA can be expressed as the following 

 

┌ Initialization  ┐ 

Determination of an initial population using random 

number operator  

└ 1
st
 population  ┘ 

 

┌ Design cycle   ┐ 

| Evaluation - computation of objective function value, 

| Convergence check, 

| Fitness assignment-scale fitness`s, 

| Selection-select parents,  

| Apply crossover, 

| Apply mutation, 

└ t
th

 population  ┘ 

 

In GA, the initial population is usually generated by 

using random number operator. The principle behind 

the genetic algorithm is essentially natural selection. 

Selection provides the driving force in a genetic 

algorithm. Before a selection step, there is a scaling 

operation. In this phase, the fitness values are scaled. 

New regions of the search space are explored by 

means of genetic operators such as crossover and 

mutation operators. This phase is also called 

reproduction phase.  

 

In our study, the design vector     depending on the 

selected functional for genetic algorithm optimization 

process is as follows;                        and     

  
 
  

 
  

 
  

 
  

 
  

 
   

 
 . These are also called as 

chromosome in GA process.  

 

The objective function is usually a least-squares 

function given by 

 

         
 

 

   
 (15) 

 

where   is ith value of a time series including   data 

and     is ith value of the computed response obtained 

from the forecasting model. In applications, the 

following features selected by our experience shown 

in Table 1 are used in GA optimization processes: 

 

Table 1. The GA optimization features 

 

Feature Data 

Population size 50 

Fitness scaling Rank 

Selection Stochastic uniform 

Reproduction Elite:2; Crossover:0.8 

Mutation Gaussian; scale:1.0, shrink 1.0 

Crossover Heuristic:; ratio:1.2 

Max. generation 500 

 

In GA process, the fitness scaling converts the raw 

fitness scores that are returned by the fitness function 

to values in a range that is suitable for the selection 
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function. The selection function uses the scaled fitness 

values to select the parents of the next generation. The 

selection function assigns a higher probability of 

selection to individuals with higher scaled values. The 

selected fitness scaling option, rank, scales the raw 

scores based on the rank of each individual instead of 

its score. The rank of an individual is its position in 

the sorted fitness scores.   

 

The selection function chooses parents for the next 

generation based on their scaled values from the 

fitness scaling function. An individual can be selected 

more than once as a parent, in which case it 

contributes its genes to more than one child. The 

selection option, stochastic uniform, lays out a line in 

which each parent corresponds to a section of the line 

of length proportional to its scaled value. The 

algorithm moves along the line in steps of equal size. 

At each step, the algorithm allocates a parent from the 

section it lands on. 

 

The elitism concept is applied next to ensure that the 

best objective function value within a population is 

not reduced from one generation to the next. In GA 

process, the best two chromosomes of the population 

are put into next population during reproduction 

phase. 

 

Crossover proceeds in two steps; within the first step, 

two individuals as parents are randomly selected from 

the current population via stochastic uniform selection 

function. In the second step, a new structure is formed 

from parents by exchanging their genes; so the 

crossover recombines features from two parents to 

produce offspring. In Heuristic crossover, a child (c) is 

generated as the following 

 

             
    

      
    

   

             
    

      
    

   

          

(16) 

 

where   the number of design variables, R is called as 

ratio determined by the user; F and M represents the 

parents such as female and male. The ratio is selected 

as 1.2 or more. 

 

Mutation is one of the most familiar of the genetic 

operators. In genetics, mutation is a process wherein 

one gene is randomly replaced by or modified to 

another to yield a new structure. In Gaussian mutation, 

a child is generated as the following 

 

2 1 1

g

G
      

1,2,...,

3 2 ( )
j n

U L

j jx x 


   

1,2,...,

3.
j n

Mc P

j jx x u


   

(17) 

 

where α1 is a user defined scale factor, γ is other user 

defined shrink factor, u is the random number 

generated from standard normal distribution. U and L 

are the upper and lower bound indexes for the genes. 

Mutation rate is not applicable to this type of operator 

because all genes in chromosome are mutated. The 

current generation is labeled with g, the maximum 

generation is G, a child is Mc, and the individual 

selected for mutation is indexed with P.  

 

Obviously, there are other different options for GA 

operators including fitness scaling, selection, mutation 

and crossover operations. Different combinations of 

them may provide different performances. The 

purpose of this study is to provide a reasonable 

mathematical modelling for forecasting. Therefore, the 

effects of operator selections were not discussed in 

this study.   

  

4. MODEL CONSTRUCTIONS 

 

Three different quantities such as the number of 

aircraft take-off and landed, the number of passengers, 

and the amount of cargo in international flights are 

taken into consideration for the future expectations in 

Turkey. The data obtained from the official website of 

the General Directorate of State Airports Authority of 

Turkey [10] database is used in our experiments and it 

is the total values of Turkish airports. The time series 

include the monthly total numbers between January 

2007 and December 2015 which mean 9 years 

including 108 observations. The following figures 

show the current data for each quantity. In figures, 

A/C represents the abbreviation of aircraft word; t 

represents the time schedule based on months 

following the January 2007.  

 
Figure 2. The number of aircraft (A/C) take-off and 

landed in Turkey during 108 months from Jan. 2007 to 

Dec. 2015. 
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Figure 3. The number of airline passengers in Turkey 

during 108 months from Jan. 2007 to Dec. 2015. 

 

 
Figure 4. The amount of cargo in Turkey during 108 

months from Jan. 2007 to Dec. 2015. 

 

4.1 Forecasting Model for Aircraft Quantity 

 

Both forecasting models,        and        , are 

constructed to make estimates for the future of aircraft 

quantities in Turkey. At the end of the optimization 

process, the first functional is constructed by the 

following expression: 

 

                     

              
  

     
         

                                 

(18) 

 

The period of a seasonal function is about 12 as 

expected. The genetic optimization process results 

including the best fitness values versus generations are 

depicted in Figure 5(a). At the end of the optimization 

process, the best fitness reaches the value of 57,478. 

Additionally, the fitted curve and real data are shown 

in Figure 5(b). 

 

 
  

(a) Optimization process 

 

 
(b) Curve fit of aircraft quantity 

 

Figure 5. The optimization process and the resulted 

curve fitting. 

 

The second functional is constructed by the following 

expression: 

 

                                  

              
  

     
         

                                  

(19) 

 

Similar to the previous forecasting model, the period 

of a seasonal function is about 12 as expected. The 

genetic optimization process results including the best 

fitness values versus generations are depicted in 

Figure 6(a). At the end of the optimization process, 

the best fitness reaches the value of 43,840 

Additionally, the fitted curve and real data are shown 

in Figure 6(b). 
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(a) Optimization process 

 

 
 

(b) Curve fit of aircraft quantity 

 

Figure 6. The optimization process and the resulted 

curve fitting. 

 

By comparing the resulted best fitness values and 

fitted curves, it is concluded that the second functional 

fits better than the first functional. Additionally, this 

result shows that the number of aircraft take-off and 

landed in Turkey is in an increasing trend which 

means an indication of developing air transportation 

industry. 

 

4.2 Forecasting Model for Passenger Quantity 

 

Similar to the previous analysis, both forecasting 

models such as        and         are constructed to 

make estimates for the future of passenger quantity in 

Turkey. The first functional is constructed by the 

following expression: 

 

                           

                  
  

      
          

                                       

(20) 

 

The genetic optimization process results including the 

best fitness values versus generations are depicted in 

Figure 7(a). At the end of the optimization process, 

the best fitness reaches the value of 9,081,693. 

Additionally, the fitted curve and real data are shown 

in Figure 7(b). 

 

 
 

(a) Optimization process 

 

 
(b) Curve fit of passenger quantity 

 

Figure 7. The optimization process and the resulted 

curve fitting. 

 

The second functional is constructed by using the 

following expression: 

 
                                        

                 
  

     
        

                                     

(21) 

 

The genetic optimization process results including the 

best fitness values versus generations are depicted in 

Figure 8(a). At the end of the optimization process, 

the best fitness reaches the value of 8,151,079. 

Additionally, the fitted curve and real data are shown 

in Figure 8(b). 
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(a) Optimization process 

 

 
(b) Curve fit of passenger quantity 

 

Figure 8. The optimization process and the resulted 

curve fitting. 

 

Similar to the previous conclusion, the figures and 

best fitness values show that the second functional 

based on polynomial fits better than the first 

functional based on power terms. The number of 

passengers carried by airline industry is in rising 

trend. The future does not show a stagnation process. 

 

4.3 Forecasting Model for Cargo Quantity 

 

The first functional for the future of cargo quantity in 

Turkey is constructed by the following expression: 

 

                       

              
  

     
         

                                    

(22) 

 

The genetic optimization process results including the 

best fitness values versus generations are depicted in 

Figure 9 (a). At the end of the optimization process, 

the best fitness reaches the value of 165,954. 

Additionally, the fitted curve and real data are shown 

in Figure 9(b). 

 
 

(a) Optimization process 

 

  
(b) Curve fit of cargo quantity 

 

Figure 9. The optimization process and the resulted 

curve fitting. 

 

The second functional is constructed by using the 

following expression: 

 

                                

              
  

     
         

                                    

(23) 

 

The genetic optimization process results including the 

best fitness values versus generations are depicted in 

Figure 10(a). At the end of the optimization process, 

the best fitness reaches the value of 126,126. 

Additionally, the fitted curve and real data are shown 

in Figure10(b). 
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(a) Optimization process 

 

 
(b) Curve fit of cargo quantity 

 

Figure 10. The optimization process and the resulted 

curve fitting. 

 

From the figures and best fitness values we can 

observe that again the second functional based on 

polynomial fits better than the first functional based 

on power terms. The amount of cargo carried by 

Turkish airline industry is in a rising trend.  

 

5. THE FUTURE OF TURKISH AIR 

TRANSPORT MARKET: 2016-2020 

 

Optimization results show that a forecasting model 

based on a second degree polynomial, a periodic 

function, and an irregular function fits better and can 

be taken into consideration for future expectations. It 

is possible to use Eq. (19) to make the forecast for the 

number of aircraft in Turkey. Similarly, Eq. (21) can 

be utilized to make forecast for the number of 

passengers. Finally, Eq. (23) gives a chance to make 

estimations for the amount of cargo in Turkish air 

transportation market. For that purpose, we need to 

establish a time horizon. A five-year term including 

2016-2020 years and 60 months in total is selected as 

the long-term time horizon. 

 

 
(a) Real data and general trend 

 

 
(b) Zoomed future expectations 

 

Figure 11. The future expectations for the number of 

aircraft in Turkey. 

 

The estimated numbers of aircraft amount versus 

months forecasted by Eq. (19) are shown in Figure11. 

Additionally; the minimum, the maximum, an 

average, and the total number of aircraft in each year 

are tabulated in Table 2. On Figure 11(a), the real data 

belong to the past and the forecasted data are depicted 

together. Figure 11(b) shows the zoom of future time 

interval. According to the forecasting model, it is 

expected to increase % 5.5 in average in the number of 

aircraft take-off and landed in each year. At the end of 

five-year term, the number of aircraft is going to be 

around 824,310. This increase means %24 

development in total.  

 

Table 2. The future estimations for the number of 

aircraft in Turkey 

 

Year Min. Max. Average Total 

2016 39,002 71,039 55,419 665,020 

2017 41,827 74,397 58,804 705,650 

2018 44,632 77,716 62,323 747,870 

2019 47,961 81,235 65,373 784,480 

2020 51,468 84,178 68,693 824,310 
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The estimated numbers of passengers carried by 

airlines versus months forecasted by Eq. (21) are 

shown in Figure12. In addition to this figure, the 

minimum, the maximum, an average, and the total 

number of passengers in each year are tabulated in 

Table 3.  

 
(a) Real data and general trend 

 

 
(b) Zoomed future expectations 

 

Figure 12. The future expectations for the number of 

passengers in Turkey. 

 

Table 3. The future estimations for the number of 

passengers in Turkey 

 

Year Min. Max. Average Total 

2016 5,332,164 11,104,841 8,396,401 100,756,813 

2017 6,225,148 1,200,908 9,329,795 111,957,547 

2018 7,259,834 13,025,124 10,340,635 124,087,629 

2019 8,315,333 14,138,984 11,426,657 137,119,891 

2020 9,425,498 15,315,232 12,604,857 151,258,295 

 

According to the forecasting model, it is expected to 

increase an approximately % 10.6 in the number of 

passengers in each year. At the end of five-year term, 

the number of passengers is going to be above150 

millions. This increase means %50 development in 

total. This result also shows that the increase in 

passenger volume is twofold bigger than the increase 

in aircraft amount. 

 

The estimated amount of cargo carried by airlines 

versus months forecasted by Eq. (23) is depicted in 

Figure13. In addition to this figure, the minimum 

amount of cargo, the maximum amount of cargo, an 

average amount of cargo, and the total amount of 

cargo in each year are tabulated in Table 4. The 

forecasting model shows that an average increase in 

the amount of cargo in each year is going to be around 

7.6%. At the end of five-year term, the amount of 

cargo in a year will be above 3 million tones. This 

increase means approximately 34% development in 

total.  

 

 
(a) Real data and general trend 

 

 
(b) Zoomed future expectations 

 

Figure 13. The future expectations for the amount of 

cargo in Turkey. 
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Table 4. Future data for the amount of cargo in 

Turkey (Tons) 

Year Min. Max. Average Total 

2016 147,428 237,417 195,877 2,350,524 

2017 168,037 252,653 212,692 2,552,313 

2018 177,027 276,130 229,188 2,750,261 

2019 198,780 290,006 245,035 2,940,420 

2020 213,834 314,286 263,242 3,158,909 

 

6. CONCLUSION 

 

The purpose of this paper was to construct 

mathematical models to forecast the Turkish air 

transport market in long-term period. For this purpose, 

we first presented the short review of the main 

classical forecasting methods and also gave a brief 

introduction into a mathematical modelling. For our 

empirical study, we chose a combination of three basic 

functions such as a trend function, a seasonal function, 

and an irregularity function. A genetic algorithm 

process was used to determine the coefficients of each 

function. We tested two different forecasting 

functional, compared the results, and saw that the 

second combination including a second degree 

polynomial as a trend function, a periodic function 

like sinusoidal, and an irregular function such as 

logistic distribution fits better. The results also 

confirmed that the Turkish air transport market is an 

emerging market. According to the forecasting based 

on the constructed mathematical models, we project a 

24% increase in Turkish aircraft traffic, a 50% 

increase in Turkish air passenger traffic, and a 34% 

increase in Turkish air cargo traffic between 2016-

2020 years. 
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