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A B S T R A C T   

The prediction of air traffic demand (passengers and cargo) in a regional/national air transport system is 
essential. Knowing the behavior of future demand helps, on the one hand, the design and execution of air 
transport public policies, which, for example, help to focus, guide and prioritize investment (public and private) 
for the expansion / modernization of airport infrastructures (or development of new airports), act on tariff 
policies, implement changes in regulatory policy, etc.; on the other hand, it helps airport managers to plan the 
airport. Therefore, in this paper, a short-term forecast (5 years) of the demand for air cargo transport was carried 
out, applied to a specific case study (Colombia), taking into account the most severe pandemic period (the year 
2020). To perform the forecast, an approach based on Machine Learning/Deep Learning (ML/DL) method 
comprising a hybrid of convolutional and recurrent memory neural networks (that allow space-temporal non- 
linear analysis, such as multi-variable spaces and temporal multi-steps), is presented. The analysis developed 
here establishes the optimal length of the prediction period; on the other hand, the proposed methodology allows 
the identification of the most relevant socioeconomic features in the prediction of air cargo demand (domestic 
and international), i.e., interpreting the ML/DL results obtained through the variational analysis of different 
combinations of features. The results show that international air cargo demand is strongly dependent on Gross 
Domestic Product (GDP) and PCG (Per Capita GDP), while domestic air cargo demand is significantly dependent 
on PCG. Finally, the results show, for the case study country, very rapid recovery of air cargo demand at pre- 
pandemic rates (behavior already found in other recent studies and research).   

1. Introduction 

Plans for the development of the various components of the airport 
system depend to a large extent on the levels of activity expected in the 
future. To plan the facilities and infrastructure of an airport, or system/ 
set of airports, to meet future needs, it is essential to predict the level and 
distribution of demand in the various components of the airport system 
(TRB, 2002). Forecasting demand in an industry as dynamic and sensi
tive to exogenous factors as aviation is an extremely difficult task. 
Nevertheless, it is necessary to make air traffic estimates as a prior step 
to the planning and design of airport facilities, whether of an airport or 
an airport network (Horonjeff et al., 2010; Wells and Young, 2004). 

In Colombia, the country was chosen as the case study for this 
research, airports (main and regional) have played an essential role in 
regional connectivity. The country is the seventh largest on the Amer
ican continent, and has an area of 1.14 million km2, with an insular 

region in the Caribbean Sea 775 km from the Atlantic coast and 42.3 % 
of the continental territory is Amazon rainforest. In addition, the 
country is crossed, from southwest to northeast, by three mountain 
ranges of the Andes. Under these conditions, air transport is, in many 
cases, the only possible alternative for accessibility to several regions of 
the country, especially those called ‘remote, peripheral, and isolated 
regions’ (Díaz Olariaga, 2021). All this without forgetting international 
connectivity, both for passengers and air cargo (for foreign trade), where 
the country’s main airport, Bogotá-El Dorado (BOG), is one of the first in 
the Latin American subcontinent by volume of air cargo transported 
(ACI, 2021; IATA, 2021a). The importance of the national airport 
network is strengthened if poor geographical coverage of the national 
road network and a non-existent rail network for the transport of pas
sengers and goods are added to the geographical characteristics of the 
country (Díaz Olariaga and Carvajal, 2016, 2020). For all these reasons, 
the Colombian Government, aware of the importance of domestic air 

* Corresponding author. 
E-mail addresses: e.juangerardo@go.ugr.es (J. Gerardo Muros Anguita), oscardiazolariaga@usta.edu.co (O. Díaz Olariaga).  

Contents lists available at ScienceDirect 

Case Studies on Transport Policy 

journal homepage: www.elsevier.com/locate/cstp 

https://doi.org/10.1016/j.cstp.2023.101009 
Received 27 May 2022; Received in revised form 28 July 2022; Accepted 16 April 2023   

mailto:e.juangerardo@go.ugr.es
mailto:oscardiazolariaga@usta.edu.co
www.sciencedirect.com/science/journal/2213624X
https://www.elsevier.com/locate/cstp
https://doi.org/10.1016/j.cstp.2023.101009
https://doi.org/10.1016/j.cstp.2023.101009
https://doi.org/10.1016/j.cstp.2023.101009
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cstp.2023.101009&domain=pdf


Case Studies on Transport Policy 12 (2023) 101009

2

transport, has been implementing public and investment policies for 
nearly-three decades (and still in progress) with the aim to improve, 
expand, and technologically modernize the airport infrastructure in all 
regions of the country (Díaz Olariaga and Alonso, 2021). 

Then, and based on what has just been formulated, understanding 
the patterns of future demand allows public decision-makers to formu
late the most appropriate and focused air public (and investment) pol
icies, and subsequently, recommend consistent airport development 
programs and project the sources and level of income to support the 
capital investments to be made (Ashford et al., 2011). And finally, de
mand forecasting is a basic requirement for policymakers to develop a 
master plan or strategic plan for an airport system at the local, regional 
or national level (Janic, 2021, 2009; ICAO, 1987). 

To assess the characteristics of future demand, it is necessary to 
develop reliable forecasts of airport activity. Numerous factors will 
affect demand, therefore, planners developing demand forecasts must 
consider, in addition to historical aeronautical data (air traffic), local 
socioeconomic data, such as national wealth, purchasing power of the 
inhabitants, demographics (population), industrial production, con
sumer price index, the exchange rate (of the local currency against the 
US dollar), etc., as these indicators have a great influence on the 
behavior of air traffic demand (Rodríguez et al., 2020; Horonjeff et al., 
2010; ICAO, 2006). 

On the period to forecast, practical experience shows that air traffic 
forecasts are usually not accurate when forecasts are made in the long 
(15–20 years) or very long term (25–30 years), but inexorably short to 
medium term (between 5 and 10 years) forecasts (generally more ac
curate) are important for the planner and/or decision maker, as they 
comprise a usual airport (or airport system/network) planning period 
(ACI, 2016; Kazda and Caves, 2015; de Neufville and Odoni, 2013). 

Regarding the main objective of the present research, the demand for 
air cargo transportation has been experiencing an uninterrupted growth 
in the last 35 years. More precisely, in the last two decades (up to 2019), 
and worldwide, the average annual growth rate of the Freight Tonne- 
Kilometer (FTK) indicator was 4.1 %, while that of the Mail Tonne- 
Kilometer (MTK) was 4.05 %; in 2019 FTK was 225x109, and the Rev
enue Tonne-Kilometer (RTK) was 1043x109 (ICAO, 2020; IATA 2021a, 
2021b). The COVID-19 pandemic produced a drop in FTK in 2020, 
globally, of 18.5 % over 2019 (World Bank, 2022; IATA, 2021a, 2021b). 
Also, several studies are forecasting that air cargo demand (globally), 
will recover to pre-pandemic growth rates in the very near term, even 
before air passenger demand (Gudmundsson et al., 2021; JADC, 2021; 
Boeing, 2020). 

Therefore, the objective of this research is to perform a short-term 
forecast of air cargo demand, for which the Colombian air market has 
been used as an application case, with the special feature of including in 
the analysis the demand data for the year 2020, which has been severely 
affected by the COVID-19 pandemic, and estimate then, as a comple
mentary result (but of great interest), approximate date of recovery of 
both the volume of demand and the growth trend of the same to the pre- 
pandemic period (2019). To achieve such an objective, and as a 
computational tool, a model derived from artificial neural networks of 
the ConvLSTM2D type (<Conv > for Convolutional and < LSTM2D > for 
short-long term memory 2-dimensional) is developed; this type of ar
chitecture is a hybrid between convolutional neural networks (CNN), 
very useful for patterns invariant extraction of the spatial context, and 
recurrent neural networks (RNN), very appropriate for patterns extrac
tion of features temporal context (Millstein, 2018; Sewak et al., 2018; 
Yang et al., 2015; Malhotra et al., 2015; Hermans and Schrauwen, 
2013). These prediction techniques, based on Machine Learning/Deep 
Learning (ML/DL), can incorporate more elements of analysis and thus 
potentially be more effective (Ketkar and Moolayil, 2021). Other ad
vantages of ConvLSTM2D networks, concerning classical methods based 
on autoregression, are that they support multivariate treatment (several 
input features) and nonlinear analysis (Pedrycz and Chen, 2020; Calin, 
2020). Finally, it should be noted that, in the application to the case 

study of this research, this type of neural model (ML/DL ConvLSTM2D) 
represents the abstract knowledge, inferred from the learning of his
torical patterns of air traffic time series, with which to predict the future 
evolution of such series. 

2. Literature review 

Despite its great importance the analysis or research of air cargo 
demand forecasting does not present (historically) many publications, or 
at least not as much as air passenger demand forecasting (Baier et al., 
2021). Different approaches for air cargo demand forecasting can be 
found in the scientific literature, e.g. (the most used in the last decade): 
classical gravity model, time series models (such as error correction 
models or ARIMAX) (Gudmundsson et al. (2021), Madhavan et al. 
(2020)), Dynamic Linear Models, and approaches using ANN / ML. In 
the following, we provide a brief overview of these approaches. 

Regarding the use of the gravitational model methodology for the 
forecast of air cargo demand, Alexander and Merkert (2021) propose a 
model for forecasting international air cargo demand using the U.S. 
market as an application case; on the other hand, Baier et al. (2021) 
present a quantitative approach to air cargo forecasting using global 
airport data (from various regions of the world) in generalized and 
linearized airport fixed effects gravity models. These models, both at the 
aggregate and disaggregated levels make it possible to accurately ac
count for certain relevant impacts on the historical development of de
mand data (in this case, air cargo). 

The use of Dynamic Linear Models (DLM) has the following advan
tages over the usual forecasting methodologies: it detects stochastic 
trends hidden in the time series, and it also detects structural changes 
that allow estimating the time-varying effect of exogenous shocks 
without increasing the number of parameters. In this line, Rodríguez 
et al. (2020) perform a short-term forecast of air traffic (including air 
cargo) using DLM. 

About approach using ANN / ML, Chen et al. (2012) use back
propagation neural networks (BPNs) to improve the forecast accuracy of 
passenger and air cargo demand; the authors analyze the factors that 
influence passenger and air cargo demand. Chou et al. (2011) develop a 
fuzzy regression forecasting model (FRFM) to forecast air cargo demand 
(from the current international air cargo market). Li et al. (2020) pro
pose a new secondary decomposition ensemble (SDE) approach with a 
’Cuckoo’ search algorithm (CSA). Liu et al. (2020) develop an empirical 
evaluation of two statistical techniques and three Machine Learning 
models for air cargo demand forecasting: multiple linear regression 
(MLR), aautoregressionintegrated moving average (ARIMA), support 
vector regression (SVR), neural network (NN), and gradient boosting 
regression tree (GBRT). 

The common denominator of the methodologies based on ANN, used 
for the prediction of air cargo demand (and in general of any air 
transport indicator), is based on: (a) unlike traditional methods ANNs 
are data-driven self-adaptive methods in the sense that there are few a 
priori assumptions about the models for the problems under study (e.g., 
not need to perform feature engineering). They learn from examples and 
capture subtle functional relationships between data, even if the un
derlying relationships are unknown or difficult to describe. Thus, ANNs 
are suitable for problems whose solutions require knowledge that is 
difficult to specify, but for which there is sufficient data or observations. 
(b) ANNs can generalize, i.e., after knowing the data presented to them, 
ANNs can often correctly infer the invisible part of a population, even if 
the sample data contain noisy information. (c) ANNs are universal 
functional approximators; it has been shown that a network can 
approximate any continuous function to any desired accuracy. ANNs 
have more general and flexible functional forms (than those possessed 
by traditional statistical methods) that they can handle efficiently. (d) 
Finally, ANNs are nonlinear; prediction has long been the domain of 
linear statistics. Traditional approaches to time series forecasting, such 
as the Box-Jenkins or ARIMA method, assume that the time series under 
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study are generated from linear processes, but it is not reasonable to 
assume. Therefore, it can be stated that ANNs are a more general and 
flexible modeling tool for forecasting air cargo (or air passenger) de
mand (Gupta et al., 2019; Dingari et al., 2019; Mostafaeipour et al., 
2018; Srisaeng et al., 2015; Bao et al., 2012). 

Finally, concerning studies that link or interrelate the development 
and/or prediction of air cargo demand and the implementation of 
related air transport public policies (another topic addressed in this 
research), there are the works cited below. Through a very long-term 
forecast (30 years), Lakew and Tok (2015) study the relationships be
tween regional economies and air cargo traffic using panel data on 
airport traffic, employment, wages, and the composition demographics 
of urban areas in the California region (United States); contributing with 
this analysis so that decision-makers know about the development and 
implementation of public policies. Baier et al. (2021) state, in their 
research, that the reliability of forecast models in the aviation sector is 
an important factor both for the industry and for the generators of 
related public policies. The authors also state that airport expansion is 
an intensive process. in costs and time, and to maintain constant effi
ciency in the market, attempts are made to accurately anticipate future 
demand. Therefore, the authors develop a gravity model for air cargo 
transport demand forecasting. Suryani et al. (2012) carry out a long- 
term forecast of air cargo demand (for India as a case study), using 
System Dynamics as a methodology, to present information to air 
transport public policy developers, on when and where to start devel
oping plans for investment in airport infrastructure (either expansion or 
construction of new airports). Li et al. (2020), with their development of 
air cargo demand forecasting (for the Chinese airport system), using a 
new secondary decomposition ensemble (SDE) approach with a cuckoo 
search algorithm (CSA) as a methodology, state that their results 
contribute to the air transport policy formulation, to overall planning in 
the air transport environment, and very helpful in acquiring future re
quirements for strategic air transport options. Rodríguez et al. (2020) 
carry out a study, based on two approaches, firstly, they evaluate the 
influence of air transport public policies on the historical development 
of air traffic (of Colombia, as a country-case study), and secondly, they 
make a (short-term) forecast of passenger and air cargo demand, using 
Dynamic Linear Models (DLM) as a methodology, for the main airport of 
the country-case study, thereby evaluating the (future) impact of current 
air transport policies. And lastly, Hwang and Shiao (2011) develop a 
gravity model to study the flow of air cargo transport, and thereby 
know/identify the factors (socioeconomic, regulatory, geographic, etc.) 
that could influence international air cargo flows from airports. All of 
this is in the idea that the demand for air cargo is an important aspect of 
the planning carried out by the public agencies that manage national air 
transport and generate ad hoc transport policies. 

3. Application case 

The data for the development of the present research are obtained 
from the country-case of application (or study) Colombia, currently the 
third largest air market in the Latin American subcontinent, and fifth in 
the Americas, by volume of traffic handled (ACI, 2021; IATA, 2021a). In 
Colombia, the air transport/aviation industry was liberalized in the 
early 1990 s. This brought structural reforms in both the airport sector 
(leading to the privatization of the main airports in the network (Díaz 
Olariaga and Pulido, 2019)) and the airline sector, all through an un
interrupted battery of public policies (still in force today) that includes 
not only normative and regulatory aspects but also aggressive public and 
private investment programs in infrastructure and technology (Díaz 
Olariaga, 2021), and where, on the other hand, airfares were fully 
liberalized since 2012 (Díaz Olariaga and Zea, 2018). As a result of all 
these air public policies, since the beginning of the liberalization of the 
industry (1991) and until 2019, passenger transport (total) grew by 
almost 800 % (led by domestic passenger transport), while air cargo 
demand (total) in the same period grew by almost 200 % (led by 

international air cargo transport) (Aerocivil, 2022). In terms of infra
structure, it should be mentioned that the Colombian airport network is 
composed of 58 airports open to commercial traffic (passenger and 
cargo). 

In the economic sphere, to highlight that the GDP growth of the 
country-case study, in the period 1979–2020, was 850 % (Banco de 
Colombia, 2022); it is thought appropriate to provide this data since 
several researchers have identified a close and direct relationship be
tween the demand for air cargo transport and the evolution of GDP in the 
country or region of study (Airbus 2016; Boeing, 2016; Hakim and 
Merkert, 2016; Morrell, 2011; Ashford et al., 2013; Halpern and Gra
ham, 2018). 

About the impact of the COVID-19 pandemic in the country-case 
study, such circumstance generated, in the worst year of the 
pandemic, 2020, a resounding drop in air passenger demand (85 % in 
domestic passengers, 75 % in international passengers, both concerning 
2019); however, air cargo demand (total) only fell by 16 % concerning 
2019, a concept where the impact of the pandemic was much lower 
(Díaz Olariaga and Alonso, 2021). 

Then, and for the study period 1979–2020 (both inclusive), the 
historical data of air cargo demand (domestic and international) are 
obtained from the statistical system of the Colombian Aeronautical 
Authority (Aerocivil, 2022), and the historical series of socioeconomic 
indicators (nine in total) from the two related official institutions of the 
country (Banco de Colombia, 2022; DANE, 2022), both data sets are 
public and freely available (free of charge). 

4. Methodology 

ML/DL techniques such as CNN have been successfully applied to 
analyze the spatial spectrum of an image in the field of ML/DL computer 
vision, and ML/DL RNN through network models such as LSTM allows to 
analyze of features such as the temporal spectrum of video images or just 
the text sentences in the field of Natural Language Processing (Hu et al., 
2019; Tariq et al., 2020). But in the present research, the novelty lies in 
applying a hybrid combination of both CNN and LSTM, via 
ConvLSTM2D networks, to extract the behavioral patterns of time series 
evolution for air cargo prediction, taking into consideration the context 
of the socioeconomic feature. Statistical methods such as ARIMA have 
been providing acceptable successes in the problems of time forecasting 
of a variable, but these classical methods are limited in that they can 
only perform linear and uni-variable analyses, which does not allow to 
correctly collect the existing couplings with the other variables of the 
multi-variable forecast, nor to collect non-linear effects, such as those 
that occur with the appearance of cycles and sub-cycles within the 
general trend of the variables (Rodríguez et al., 2020). 

This study is based on a dataset composed of eleven input features 
(two aeronautical and nine socioeconomic) described in historical time 
series from 1979 to 2020 (inclusive). These eleven variables are listed in 
Table 1. The variables not only reflect the air transport evolution of the 

Table 1 
Aeronautical and socioeconomic variables of the country-case study were used 
in the research.  

ACRONYM DESCRIPTION UNIT  

GDP Gross Domestic Product US$  
PCG Per Capita GDP US$  
POP Population No unit  
IPI Industrial Production Index Dimensionless index  
CPI Consumer Price Index Dimensionless index  
BMR Benchmark (or Currency) Market Rate COP (local currency)  
FDI Foreign Direct Investment US$  
EXP Exports US$  
IMP Imports US$  
DOM Domestic Air Cargo Tonne  
INT International Air Cargo Tonne   

J. Gerardo Muros Anguita and O. Díaz Olariaga                                                                                                                                                                                        



Case Studies on Transport Policy 12 (2023) 101009

4

demand for domestic air cargo (DOM) and international air cargo (INT) 
but are also studied in the context of nine additional socioeconomic 
features of the country-case study, which aim to provide the historical 
environment to explain the reasons for the evolution of the demand for 
air cargo transport. These context variables have been chosen based on 
their a priori relevance and statistical availability. Then, the method will 
interpret by assigning the right feature importance to these variables 
concerning the air cargo transport forecast. 

The ML/DL method has been implemented in a proprietary algo
rithm written in Python and using the open source Keras and Tensorflow 
libraries, which consists of the process described below. 

Step 1 (data preparation). The first thing to do is to normalize the 
data, that is, to scale the variables on the same scale between 0 and 1 so 
that all of them are comparable as inputs for the ConvLSTM2D model. In 
the preparation of the data, a subsequent normalization was imple
mented, consisting of assigning a value of 0 to the minimum value and 1 
to the maximum value of each feature. An additional standardization 
was applied to this new transformation, which consisted of assigning a 
standard distribution to the series, with a mean of 0 and a standard 
deviation of 1. The choice of such transformations of the original dataset 
is part of heuristic processes within the transformation search spaces, by 
testing and measuring the target metric to select the best one. 

Step 2 (separation of the dataset into tensors of Inputs X and 
Outputs Y). Since the ConvLSTM2D model is of the supervised type 
(Millstein, 2018; Sewak et al., 2018; Yang et al., 2015; Malhotra et al., 
2015), it is required to separate the historical dataset into 5-dimensional 
tensors for the inputs X and, 3-dimensional tensors for the searched 
outputs Y, where the dimensions need to be adapted to the model ar
chitecture (e.g., to the network input layer dimension). The goal of the 
model is to map or search for a function fmodel forecast (where ŷ is 
denoted with a hat to indicate that it is a forecast or estimate of variable 
j) from some input variables (X inputs), as shown in Equation (1). 

ŷj,t+n outs, ŷj,t+n outs− 1,⋯, ŷj,t= fmodelforecast
(
xi,t− 1, xi,t− 2,⋯, xi,t− nlags

)
(1) 

In Equation (1) the subscript j of ŷ denotes the output variable 
considered, in this work it may take the values DOM or INT corre
sponding respectively to domestic and international air cargo, but not 
both at the same time, since a single output variable prediction scenario 
has been considered for simplicity, although it has been considered a 
multiple input variable Xi (multi-variable scenario). The subscript t +
n_outs indicates the future prediction steps of the time t, therefore, the 
prediction Y consists of a vector of n_outs time components. The input 
variable X comprises all the input variables considered in each scenario, 
where each variable is denoted by the subscript i, and for each variable 
n_lags or previous steps of time t will be considered. In summary, n_outs 
time steps after t of a single output variable are predicted from the n_lags 
previous steps at time t of all the input variables considered in each 
scenario, so that, although 42 historical years from 1979 to 2020 are 
performed, they are chosen in slots or sequences of fixed time lengths 
n_outs and n_lags, to pick up the patterns of the time cycles present within 
the general trends of the time series. That is why the sequences of n_outs 
and n_lags have been parameterized to be able to vary them. For 
simplification reasons, in this study, we will choose n_outs equal to n_lags 
and when parameterizing such sequence values, we will study which is 
the optimal prediction length value n_outs that provides the minimum 
MAPE (Mean Absolute Percentage Error). The historical time series 
starts at the first-time t equal to the first year which may leave behind 
n_lags in previous years and ends at instant t which may leave t + n_outs 
future years, so that the X Input and Y Output couples necessary for 
supervised learning, can always be formed. 

Also, the temporal data must be structured as 5D X and 3D dimen
sional Y tensors to adapt them to the input and output layers of the 
ConvLSTM2D neural model respectively (Ketkar and Moolayil, 2021). 
The X and Y data are further split up into training and test data. With the 
training data, the model will be trained, and with the test data, the 

MAPE model is measured. In the present investigation, a rate of 90 % of 
total data was chosen for the training data versus 10 % for the test data, 
given the scarcity of historical data (Millstein, 2018; Sewak et al., 2018). 

Step 3 (definition of the ConvLSTM2D model). The ML/DL model 
used here is a hybrid model composed of an encoder of the data patterns 
using CNN and LSTM-type recurrent networks to capture both correla
tion patterns; on one side the context coupling between all features and 
on the other side the time series context (Aggarwal, 2018; Bianchi et al., 
2017; Blokdyk, 2017; Mandic and Chambers, 2001). The equations 
describing the context correlations between input variables are those 
described by Hu et al. (2019) whose feature extraction diagram is shown 
in Fig. 1. 

On the other hand, LSTM recurrent networks are used to describe the 
temporal contexts of each feature, where their equations are those 
described by Donahue et al. (2015), and whose diagram shows the 
recurrence between short-term and long-term temporal memory is 
shown in Fig. 2. 

In this study, the ConvLSTM2D model has been implemented in an 
algorithm written in Python using the open ML/DL libraries of Tensor
flow and Keras, parameterizing the architecture, configuration, and 
quantity of the layers present in the ConvLSTM2D model, to allow later 
model optimization; in this study, three blocks of hybrid ConvLSTM2D 
layers have been chosen after performing some heuristic research. 

Fig. 3 shows the complete and detailed architecture of the 
ConvLSTM2D model for the particular case of a hyperparameter 
configuration using only two input features with six previous time steps 
of n_lags and six predicted time steps n_outs, with two subsequences (or 
sub-cycles) and three years per subsequence; in this figure the five di
mensions of the input tensor X corresponding respectively to the number 
of samples, number of subsequences, one variable per column, three 
years per subsequence and two features. The previous time steps n_lags 
are the product of the number of subsequences by the years of a sub
sequence. The output tensor Y presents only three dimensions corre
sponding respectively to the number of samples, the time steps to predict 
n_outs, and one as the amount of output variable chosen. In Fig. 3, it is 
observed that the inputs of the X 5D tensor are connected to the input 
layer which is followed by a ConvLSTM2D layer of 64 convolutional 
filters, followed by a MaxPooling3D layer, which subsamples or regu
larizes the output of the previous layer, followed by two more layers of 
ConvLSTM2D with 128 and 256 convolutional filters respectively, fol
lowed by a flatten layer that reduces the multidimensional output into 
two dimensions, and this is followed by the LSTM decoder block, which 
needs to be adapted to the three dimensions by including the n_outs 
dimension, which is done via a previous RepeatVector layer. Finally, two 
Time Distributed (dense) layers are included to adapt the outputs of the 
LSTM decoder to the 3D of the Y output tensor (Calin, 2020). It is 
important to note that, since the architecture of the ConvLSTM2D model 
implemented here is parameterized, it is possible to perform a varia
tional study to optimize its architecture by changing the configuration 
values, quantity, and types of layers in the model. 

Step 4 (model compilation, training, and evaluation). Once the 
LSTM2D model is defined, it is compiled by defining the cost function (to 
be minimized during training), the metrics with which learning is 
measured, and the type of gradient optimizer. MSE (Mean Square Error) 
has been used here as a cost or loss function, together with the metrics 
RMSE (Root Mean Square Error) and MAPE, whose definitions are given 
respectively in Equations (2), 3, and 4. Equation (2) defines the MSE 
error with the norm 2 || ||, where n is the number of samples to obtain 
the mean. 

MSE =
1
n

∑

x
‖(y(x) − ŷ(x))‖2 (2) 

RMSE = (MSE) 1/2(3) 

MAPE =
100
n

∑

x
|y(x) − ŷ(x)| (4) 
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The training of the model consists of introducing the training tensor 
X input in the first input layer to the ConvLSTM model and then going 
through all the layers up to the output layer, which provides an esti
mation denoted by Ŷ(x), with which to compare the tensor of the ex
pected output Y, which defines the cost function MSE. Using 
theBackpropagation (BP) process, this MSE is distributed into the 
different weights of the neurons that make up the model, updating them 
on each forward-to-back network iteration (Goodfellow et al., 2016). In 
summary, the BP process calculates the gradient (or derivative) of the 
total error provided by the cost function by comparing the estimated 
output with the target output, concerning all the neurons of the model, 
layer by layer, and applying the chain rule of the derivative to calculate 

the dependence or sensitivity of the error concerning all the neurons of 
all the layers, going from front to back, until reaching the first layer. The 
process is repeated by introducing a new batch of training couples of X 
input and Y output to repeat the forward output estimation cycle, then, 
the total cost function is calculated, which distributes the error among 
all the neurons by applying the BP method, with which the neuron 
weights are updated, and then proceed to load the new batch. When the 
batches of training couples of X input and Y output are finished, the 
cycle is repeated a certain number of times called epoch (400 cycles 
were used in this study) or until a small relative error or a sufficiently 
accurate level of the model, adjustment is obtained. 

Figs. 4 and 5 show the change of the MSE during successive training 

Fig. 1. General diagram to produce feature maps made by convolutional layers. . 
Source: Hu et al., 2019 

Fig. 2. Schematic of an LSTM long-short-term memory cell or unit. . 
Source: Donahue et al., 2015 
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iterations of all batches for both training and test data and with the MSE 
cost function and the RMSE chosen metric, respectively. Note that the 
samples were normalized and standardized so their values are not 
referenced to the original scale of the samples. Note also, how after each 
iterative cycle is completed, both the error of the training and test 
samples are obtained, so that the test sample metric error (validation) is 
very close but not equal to the training data error. 

5. Results 

To find the optimal values in the number of years of the sequence to 
be predicted and to assess the most important features that accompany 
the best forecast of the variables domestic air cargo (DOM) and inter
national air cargo (INT), a variational study of the model parameters is 
carried out to choose and forecast the best possible scenario. 

5.1. Forecasting international air cargo demand 

The first variational analysis implemented consists of searching the 
sequence length corresponding to the number of n_outs years to be 

predicted that are optimal in the sense that they provide the lowest 
MAPE of the international air cargo (INT) variable. This MAPE is 
measured in the last cycle of n_outs of the historical series. To simplify 
the problem, we have chosen n_outs (predicted future sequence years) 
equal to n_lags (previous sequence years), under a scenario with only two 
input features (GDP and INT itself), but it has been also parameterized 
the annual sub-sequences into which each sequence of n_lags can be split 
of. The choice of the cycles and sub-cycles into which the historical se
ries is grouped is critical to ease how the model extracts the patterns 
from the historical INT time series and input features context. As ML/DL 
learning processes are stochastics, the training of each parametric 
configuration of the model scenarios has been repeated 10 times to 
provide the statistical result in terms of MAPE mean and standard de
viation. Table 2 shows the MAPE results as a function of the different 
n_outs and the number of sub-sequences, to which corresponds a specific 
number of years per sub-cycle. It should be noted that these MAPE 
values refer to a dataset whose values have been scaled, normalized, and 
standardized and therefore do not correspond to the original scale. 

A first result to highlight (shown in Table 2), is that the optimal 
number of n_outs, which is equal to that of n_lags, is 6 years, which are 

Fig. 3. Architecture implemented in the research, consisting of three blocks of ConLSTM2D layers. Source: authors.  
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taken in 2 sub-sequences of 3 years each. This scenario improves slightly 
on the 6-year scenario when 3 sub-sequences of 2 years each are taken, 
which shows the importance of the choice of this sub-sequence or sub- 
cycle length parameter. The explanation of why the MAPE is higher 
when fewer years are chosen, i.e., 4 years and 2 sub-cycles of 2 years 
each, is that when ML/DL models are learning with this shorter length of 
sequences are not able to appropriately gather all the information that 
appears in the pattern of 6 years cycles with 2 sub-cycles of 3 years each. 
Finally, when these cycles are longer, such as 8 or 12 years, the errors are 
greater, also influenced by the greater number of years to be predicted. 

This behavior is imprinted in the structure of the tensors 5D X inputs 
and 3D output Y, which is a singular difference between ML/DL time 
series methodology and statistical methods, where the error, being cu
mulative, is always higher for a greater number of years to be predicted 
since they cannot segment their analysis into sequences and sub- 
sequences as it does the ML/DL ConvLSTM2D approach allowing cy
cles and subcycles pattern recognition. 

The second variational analysis focuses on measuring the importance 
of the features on INT forecast, also called sensitivity analysis, by 
determining the combination and features that most impact predicting 

Fig. 4. Evolution of the MSE cost function during training vs number of epochs (or cycles) for both training and test samples. Source: authors.  

Fig. 5. Evolution of the RMSE metric during training vs cycle repetition for both training and test samples. Source: authors.  
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the demand of INT between the initial set of 11 features, where 9 of them 
are taken from the socioeconomic context and the other two are do
mestic (DOM) and international (INT) air cargo. Given the large amount 
of 11 feature combinations, it has been implemented only a few possible 
potential scenarios. First, it has considered all possible scenarios of all 
combinations between 2 features, in addition to considering the simplest 
scenario of only one feature (INT). The following scenario configura
tions come from implementing the INT forecast with 3 features, plus 2 
more scenarios with 5 features each, one scenario with 10 features, and 
finally a complete scenario with all 11 features. The complexity of 
searching into the space of all possible combinations of features is a 
highlight, so these few have been chosen, but when combinations of 
several features have been considered, the ones that gave the best 
forecast for the base case of 2-feature combinations have been chosen. 
The best mean MAPE and standard deviation (when running each sce
nario 10 times) is the criterion chosen to select the optimal combination 
of features. For this purpose, the n_lags and n_outs have been set equal to 
6 with 2 sub-sequences of 3 years each, obtained from the previous 
variational analysis. The results are shown in Table 3. 

Table 3 shows relevant results, such as that when only one feature is 
used (the same INT to be predicted) its MAPE is higher than when the 
INT feature is used together with other features, highlighting the 
importance of including another feature in the predicting scenario 
context. It also shows that when all the available features (11 in total) 
are used, its MAPE prediction is not very good, because some of these 
features, besides not impacting the international air cargo (INT) feature, 
introduce noise to the pattern learning, which implies worsening MAPE 
results. As can be seen in Table 3, the best predictive results are provided 
by the combinations of two variables (including the one to be predicted), 
highlighting as a winner the feature GDP (a feature used in other studies 

(Hakim and Merkert, 2016; Morrell, 2011; Ashford et al., 2013; Halpern 
and Graham, 2018)), followed by the PCG (Per Capita GDP). The next 
feature of importance, for determining the prediction of the INT vari
able, imports (IMP). The FDI (Foreign Direct Investment) feature is the 
next in importance. It is again striking, as a finding of the algorithm, that 
when the 5 best features are combined, the prediction is behind the best 
predictions made by each one separately. This can be associated with the 
complexity involved in pattern extraction when several features are 
considered at the same time. 

To conclude this analysis, Fig. 6 shows the short-term prediction of 
international air cargo (INT) demand (in orange), in contrast with the 
curves of the historical series of international air cargo demand (INT) 
and GDP (in blue) (as the most relevant feature for the determination of 
international air cargo demand). The red color identifies the 
ConvLSTM2D model’s predictive line of the historical INT series (and 
how it learns from less to more, adjusting better in the last years of the 
historical series). The prediction curve shows a significant recovery but 
not enough to recover the value existing in the pre-pandemic period, 
together with a new cycle that will cause international air cargo demand 
to fall again in the immediate future. This optimal scenario is the result 
of the previous variational analysis, where n_lags is equal to n_outs and 
equal to 6 years considering 2 sub-sequences of 3 years each and for the 
case of 2 features where the most relevant feature for international air 
cargo is GDP. 

5.2. Domestic air cargo demand forecasting 

The first variational analysis implemented consists of searching the 
best n_out sequence parameter, in the sense of providing the lowest 
MAPE, measuring this in the last n_out cycle of the historical series. To 
simplify the problem, we have chosen n_outs (future sequence years to 
predict) equal to n_lags (previous sequence years), under a scenario with 
only two features, PCG and the domestic air cargo (DOM) itself, it has 
also been parameterized the sub-sequences or sub-cycles into which 
each sequence of n_lags can be split of. The choice of the cycles and sub- 
cycles into which the historical series is grouped is important to ease 
time series pattern extractions by the ML/DL ConvLSTM model. As the 
learning process of the ML/DL models is stochastic, the training of each 
parametric configuration of the scenarios has been repeated 10 times to 
obtain the statistical mean and standard deviation of the MAPE. Table 4 
shows the MAPE results as a function of the different n_outs and the 
number of sub-sequences. It should be noted that these MAPE values 
refer to a dataset whose values have been scaled, normalized, and 
standardized and therefore do not correspond to the original scale. 

A first highlight in the prediction of DOM scenarios (shown in 
Table 4) is that MAPE errors are more than five times higher than in
ternational air cargo INT prediction. This may be a consequence of the 
possible high variability (and/or volatility) intrinsic to the historical 
time series of the domestic air cargo (DOM) feature. This implies that the 
learning of behavioral patterns is a more complex problem for DOM 
prediction than for INT. It can be seen from Table 4 that the number of 
n_outs, which is equal to the optimal n_lags, is also 6 years, which are 
taken, as in the INT case, in 2 sub-sequences of 3 years each. The 
explanation of why a higher MAPE has resulted when fewer years are 
chosen, e.g., 4 years and 2 sub-cycles of 2 years, is that this shorter 
sequence length is not able to include all the information appearing in 
the cycles of 6 years with 2 sub-cycles of 3 years. Finally, when these 
cycles are longer, such as 8 or 12 years, the errors are greater because of 
a higher cumulative number of years to predict. This behavior is 
collected in the structure of tensors 5D X inputs and the 3D output Y and 
it is unique compared to statistical methods, where the error, being 
cumulative, is always greater for a greater number of years to predict 
since they cannot segment their analysis into sequences and sub- 
sequences time series as it does ML/DL ConvLSTM2D model. 

The second variational scenario implemented, also called sensitivity 
analysis, aims to measure the importance of the features, and the best 

Table 2 
Variational analysis to find the optimal lengths of sequences and subsequences 
within historical series to get the lowest MAPE error in INT prediction.  

n_lags 
years 

n_Subseqs subseq 
years 

mean 
MAPE 

std 
MAPE 

Ranking 

12 4 3  90.47  30.28 6th best 
12 3 4  83.79  47.08 4th best 
10 2 5  102.33  38.64 7th best 
8 2 4  87.15  53.91 5th best 
6 3 2  14.87  4.66 2nd best 
6 2 3  8.35  2.51 1st best 
4 2 2  16.49  21.36 3rd best  

Table 3 
Variational analysis to find the best features and their combinations in terms of 
better MAPE to forecast international air cargo (INT) demand.  

Input feature scenario Number of 
features 

Mean 
MAPE 

std 
MAPE 

Ranking 

INT 1 13.24 3.84 5th best 
GDP, INT 2 8.35 2.51 1st best 
PCG, INT 2 9.72 7.18 2nd best 
POP, INT 2 22.99 1.5 11th best 
IPI, INT 2 23.94 1.76 12th best 
CPI, INT 2 26.3 1.6 13th best 
BMR, INT 2 44.72 4.43 15th best 
FDI, INT 2 12.17 2.51 4th best 
EXP, INT 2 20.96 12.52 9th best 
IMP, INT 2 11.79 4.6 3rd best 
DOM, INT 2 31.14 15.5 14th best 
GDP, DOM, INT 3 51.66 17.58 16th best 
GDP, EXP, IMP, DOM, INT 5 18,13 2,4 7th best 
GDP, PCG, FDI, IMP, INT 5 15,47 1,82 6th best 
GDP, PCG, POP, IPI, CPI, 

BMR, EXP, IMP, DOM, INT 
10 21,5 6,96 10th best 

GDP, PCG, POP, IPI, CPI, 
BMR, FDI; EXP, IMP, 
DOM, INT 

11 18,25 3,99 8th best  
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combination between the 11 features to ease the DOM prediction, 9 of 
which belong to socioeconomic context. For this purpose and given the 
great multiplicity of possible combinations of features, it has been 
implemented the following scenarios. First, all possible combinations of 
2 features have been carried out, in addition to considering the simplest 
scenario of one feature alone (DOM itself). Additionally, a scenario with 
3 features, another scenario with 4 features, and the last scenario with 
all the features (11) have been analyzed. The best mean MAPE and 
standard deviation (when running each scenario 10 times) is the crite
rion chosen to select the optimal combination of features. For this pur
pose, the n_lags and n_outs have been set to 6 with 2 sub-sequences of 3 
years, obtained from the previous variational analysis. The results are 
shown in Table 5. 

The first highlight result that Table 5 shows is that when using only 
one feature (the same feature DOM to be predicted) its MAPE is higher 
(ranking fifth see table 5) than when using the DOM feature together 
with other features, underlining the importance of applying time series 
socioeconomic context to improve DOM forecast. The results also show 
that, when all the available features (11) are used, its MAPE prediction is 
not very good, because some of these features, in addition to not 
impacting the DOM variable, introduce noise to learning patterns 
extraction, which implies worsening MAPE metric. As shown in Table 5, 
the best predictive results are provided by combinations of two variables 
(including the one DOM to be predicted). The winning feature is the per 
capita GDP income (PCG), with which DOM is most strongly linked, 
followed by the EXP feature (exports). The next most important feature 

in determining the prediction of DOM is GDP. The fourth feature in 
importance is the combination of the 4 features PCG, EXP, FDI, and 
DOM, which means that the model finds relevant patterns in the com
bination of these 4 features. The fifth feature in importance is to consider 
only the (historical) time series of domestic air cargo demand, which 
evidences the positive contribution of combining them with other fea
tures as opposed to considering only the DOM isolated series. Finally, it 
should be noted that DOM is sensitive to incorporating more features to 
predict the DOM itself, compared to the coupling to other isolated fea
tures such as FDI, IMP, IPI, CPI, etc. This is another differential finding of 
domestic air cargo demand concening international air cargo demand 
predictions. 

Finally, Fig. 7 shows DOM prediction in the short term (in orange 
color), in contrast with the curves of the historical series of DOM (in 
green color) and PCG (in blue color) as the most relevant feature that 
impacted DOM prediction. The red color identifies the predictive curve 
made by the ConvLSTM2D model of the DOM historical series (it shows 

Fig. 6. Forecast of international air cargo demand (in million tons) as a function of the own historic evolution and the history of GDP (in US$x1012).  

Table 4 
Variational analysis to find the optimal lengths of sequences and sub-sequences 
that provides the lowest MAPE in the prediction of domestic air cargo (DOM).  

n_lags 
years 

n_Subseqs subseq 
years 

mean 
MAPE 

std 
MAPE 

Ranking 

4 2 2  68.68  1.73 3rd best 
8 2 4  65.83  3.46 2nd best 
12 3 4  187.88  62.25 3rd best 
12 4 3  209.31  55.05 4th best 
6 2 3  42.05  2.14 1st best  

Table 5 
Variational analysis to find the best features and their combinations to predict 
domestic air cargo demand (DOM).  

Input feature scenario Number of 
features 

mean 
MAPE 

std 
MAPE 

Ranking 

DOM 1  66.41  10.31 5th best 
GDP, DOM 2  51.18  3.70 3rd best 
PCG, DOM 2  42.05  2.14 1st best 
POP, DOM 2  133.34  17.19 12th best 
IPI, DOM 2  135.37  12.77 13th best 
CPI, DOM 2  138.62  11.52 14th best 
BMR, DOM 2  95.45  10.50 10th best 
FDI, DOM 2  69.00  7.32 7th best 
EXP, DOM 2  42.14  4.87 2nd best 
IMP, DOM 2  71.47  16.55 8th best 
INT, DOM 2  121.80  11.00 11th best 
PCG, EXP, DOM 3  74.11  14.76 9th best 
PCG, EXP, FDI, DOM 4  54.56  2.66 4th best 
GDP, PCG, POP, IPI, CPI, 

BMR, FDI; EXP, IMP, INT, 
DOM 

11  67.96  4.46 6th best  
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how this curve is learning from less to more, adjusting better in the last 
years of the historical series). 

6. Discussion on methodology 

The main objective of this research is to make a short-term forecast of 
air cargo transport demand, applied to a particular case study (Colom
bian air transport system), and to estimate the behavior of the demand 
recovery for the next post-pandemic period. Due to the non-linear 
characteristics of air cargo demand, classical time series such as 
econometric-statistical approaches are currently not considered the 
most convenient methodology, as these approaches are severely criti
cized due to their poor and limited forecasting capacity (Suryani et al., 
2012; Tsui et al., 2014; Rodríguez et al., 2020; Li et al., 2020; Liu et al., 
2020; Tascón and Díaz Olariaga, 2021; Ensafi et al., 2022). For this 
reason, a methodology based on a type of artificial neural network ar
chitecture called ConvLSTM2D is proposed, which, although they have 
been very successful in areas of Machine Learning (such as computer 
vision and natural language processing (Alayba and Palade, 2022; 
Chaiani et al., 2022; Elboushaki et al., 2020; Fang et al., 2021; Kumar 
et al., 2022; Xingjian et al., 2015)), have not yet been tested in time 
series forecasting of air traffic (such as demand for air cargo transport). 
The reason for choosing this methodology lies in the fact that these 
artificial neural network architectures have shown to be very robust and 
successful in the fields of deep learning mentioned, from which they 
come, by automatically extracting the intrinsic patterns of the non-linear 
relationships between the variables considered, without a priori 
knowledge about the existing relationships between the input variables 
among themselves and between these and the output considered, so, in 
short, it is estimated that they can be a viable and promising tool to be 
explored for new flexible modeling of the forecast (Gupta et al., 2019; 
Dingari et al., 2019). Therefore, this research pursues (with a certain 
specific scope) to demonstrate the feasibility of applying these artificial 
neural network models defined by the ConvLSTM2D architecture, which 
are of the Deep Learning (DL) type, and show it can be obtained 
acceptable and hopefully results when applied to multivariate time se
ries forecasting such as our air cargo demand forecasting (Agga et al., 
2022; Ensafi et al., 2022; Huang et al., 2022; Prince, 2022; Shastri et al., 

2020). 
In another order, it is considered appropriate to make certain ob

servations on the development of the proposed model and/or its oper
ation. In the first place, it should be mentioned that the validation data 
group can coincide with the test data group when a single model is being 
tested (as in the present study) and not several models at the same time 
(which is when there must be three independent training, validation and 
test sets), since the validation set is used to show the differences in how 
the evaluation of each Machine Learning model progresses during the 
training process, while the use of the test dataset remains reserved to 
measure the final performances of the model (once learning process is 
finished), and therefore the objectivity of the results obtained with the 
metrics used to check the single model, such as the MAPE / RMSE errors 
defined for this study, is guaranteed. Mention that, in any case, the 
validation and/or test data have never been used to train the model, thus 
preserving the objectivity of the results obtained with this method. In 
other words, for the unique ConvLSTM2D model developed here, it is 
sufficient to use only two independent training and test sets to perform 
the training and final evaluation of the model, since no differential in
formation is lost concerning other models (since the model tested was 
unique) (Bai et al., 2021; Tennenholtz et al., 2018; Lones, 2021). 

Finally, it should also be mentioned that the data of the validation set 
(independent of the test data) are also needed to tune the hyper
parameters of the model (which has been defined as an optimization 
process of the model architecture), but having defined the specific scope 
of this study to demonstrate uniquely the forecasting feasibility of the 
model proposed here, it is not necessary to use any other independent set 
of validation data (Cawley and Talbot, 2010; Wang et al., 2021; Yang 
and Shami, 2020). Furthermore, as the dataset available for the study is 
small, it was decided to generate only two independent data sets for 
training and testing. Where the test one was also used as validation to 
show the evaluation of the learning unique model, although this eval
uation was not necessary, since there was only one model o test and 
without having other additional objectives (such as tuning hyper
parameters, or optimizing the architecture of the model used) (Paullada 
et al., 2020). 

Fig. 7. Forecast of domestic air cargo demand (DOM) (in million tons) as a function of the historical series of the variable itself and the historical evolution of PCG (in 
US$x104). 
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7. Conclusions 

Undoubtedly, concerning the development of the demand for air 
cargo transport for the period pre-pandemic (as shown by the indicators 
presented here), the liberalization of the air transport sector in 
Colombia, which began in the early 1990 s, and the continuous devel
opment of public policies for the sector, as well as public investment 
policies and in airport infrastructure that involved almost the entire 
airport network, contributed to the progressive improvement (expan
sion/modernization) of the structure of the national airport network. 
This fact benefits connectivity and territorial cohesion by air and the 
development of the regions where the airports are located. Then, fore
casting air cargo demand is extremely important for both air operators 
and public airport authorities. Forecasts as accurate as possible are 
essential for carriers for short- and medium-term planning (for route 
design, fleet, operational, financial, and personnel planning, etc.). For 
national aeronautical authorities and/or airport managers (individual or 
network), having accurate forecasts (which is usually already done 
through the airport master plan) helps to make timely decisions (in time 
and form) on investment policies (public or private) for the expansion 
and modernization of airports (or construction of new ones), as well as 
contributing to the development of tariff policies that encourage the 
attraction of new air operators and/or the opening of new routes. This 
has been a highlight objective of this research. 

A second objective of the present study was to estimate the recovery 
pattern of air cargo demand (domestic and international) in the country- 
case study, considering the strong impact of the global COVID-19 
pandemic in the year 2020 (whose data were included in the 
research). The results show a rapid recovery of air cargo demand, very 
similar (although slightly faster) to that of air passenger demand, as 
compared to recent research on the case study country (Muros Anguita 
and Díaz Olariaga, 2021). 

Regarding the methodology proposed for the analysis, the main 
contribution of this research to the scientific literature is the suitability 
of the use of ML/DL methods such as ConvLSTM2D on the prediction of 
time series applied to air transport compared to classical statistical 
methods, as it can incorporate nonlinear and multivariate analysis with 
the extraction of patterns by segments of cycles and subcycles of the 
historical series. Followed by the novelty to apply these successful ML/ 
DL methods to the air transport field, that were originated in the field of 
computer vision and natural language processing. The variational 
analysis incorporated aim to determine the optimal lengths of cycles and 
sub-cycles (to extract better behavioral patterns from historical series) 
together with the optimal determination of the features and the com
binations between them that provides the optimal domestic and inter
national air cargo demand prediction from the best socioeconomic 
context scenarios. The ML/DL methodology developed here in
corporates a singular feature analysis to be able to act on the variables 
that most influence air cargo transport demand, and where the most 
relevant singularities of dependencies have been shown. 

Future research invites to consider other configurations of ANN ar
chitecture using these ConvLSTM2D layers as the core of the ML/DL 
model, but changing the types of layers, quantity, and their configura
tions, to improve predictive MAPE. Other lines of future research that 
are proposed are to carry out comparative studies with other time series 
prediction methods (for example, with other artificial neural network 
models and legacy statical approaches), to fine-tune the hyper
parameters to optimize the architecture of the ConvLSTM2D model 
proposed here, and finally expand and/or vary the air cargo demand 
dataset (also including other socioeconomic variables), for whose cal
culations it will be necessary to use the three independent data types 
related to training, validation and test data. 
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