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Executive summary :
Stakeholder : We are representing Quantas Airlines, one of Australia’s largest airline companies, in this

project.

Business objective : Our task here is to forecast the number of aircraft that Quantas needs to lease in

order to satisfy all its passenger and cargo demand.

Inputs : The inputs that we have are the number of passengers and the amount of cargo (freight and

mail) that was handled by Australian airports every month for the last 30 years.

Data mining problem : Since the typical lead time for aircraft procurement is about 2 years, we need to

forecast the number of passengers and the amount of cargo that will be flown 2 years hence. Given that
we know the market share of Quantas in the Australian aircraft industry, we can calculate how much of
the forecasted traffic will be handled by Quantas, thereby leading to an estimate for the number of

aircraft Quantas needs. (assuming Quantas has a homeogeneous fleet with a single seat class).

Initial data preparation and visualization :
From the nature of the airline as well as aircraft industries, we know that aircraft are typically procured

from manufacturers on long leases. Shorter (temporary) leases from other airlines are sometimes used to

deal with a sudden rise in traffic but this is generally not very common.

Thus, it is clear that rather than monthly data, we need annualized data. Once that is done, the three time-
series (passengers, freight, mail) appear as shown on the following page. From the graphs it can be seen
that aggregating all the data into annual buckets results in the seasonality almost disappearing while a
strong trend becomes clear. The time series are largely smooth but the data shows a few drastic

differences around 2002-03. This seems to coincide with - and may be an effect of - a drought that hit

Australia in this period, affecting the economy negatively.
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Initial analysis
Annualizing the data led us to a new problem, i.e., the granularity was lost and we only had around 30

)

data points left to train the model. To counter this shortcoming we used the “Rolling partition window’

concept.

Rolling partition window: The rolling window concept involves dividing the data into smaller sized

units, then separating it into training and validation data before running a forecasting model on the
shortened / sampled data set. Multiple such data sub-sets were considered (3 sets of about 15
observations each, with each set separated by about 5 years. Each data sub-set had 9 training
observations and 6 validation observations. This procedure was followed separately for all the time-

series in question.

Model selection: Once we had the data sub-sets ready, multiple forecasting models were run on each
data-set. As mentioned earlier, since it was apparent that the data had only a strong trend and no
seasonality, relevant models were considered. Thus, in increasing order of complexity, multiple linear
regressions were run to predict the demand as a function of the time variable t, demand as a function of t

and t?, log (demand) as a function of t, and finally Holt smoothing method was considered.

MAPE was chosen as one error metric that would be relevant here since it allowed us to compare the
results across time series meaningfully. However, since this is an averaged metric, it fails to represent

outliers accurately, and hence, the residual plots were also generated and visualized.

Based on this approach, it was seen that the log-linear regression with AR(2) correction had the best
output among all the methods for the passenger series and the linear regression with an AR(1) correction
had the best output for the freight and the mail series. Thus, these methods were chosen as the final

methods for the respective series going ahead.

Model choice verification:
In order to verify the model that was chosen in the foregoing step, we next consider the entire data set

(all 30 years for all 3 series), divide into training and validation data sets and then run the chosen
forecasting technique. As in the previous cases, again, we looked at the error metric MAPE, and the
residual plot to ensure that the fit was good and that there was no evidence of overfitting, etc. The results

for the freight time series were as shown below:
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A similar exercise was carried out for the passenger time series and the corresponding output is shown
below:
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From the above
output it is clear

that the choice of
models is indeed appropriate. These models were then used to generate the final forecasts for the future.

Final forecasts:

In order to generate the final forecasts, the entire dataset was treated as the training data-set and the

forecasting models chosen in the previous step were employed. This resulted in the output shown below
for the freight and the passenger series, respectively
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Time-series of mail (in kg) with forecasts
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Recommendations and Limitations:
The limitations of the model include the following:

* The model will not be able to capture any kind of external shocks like natural calamities such as
draught, floods or earthquake.

* Any major macro economic events that affects the market or any terrorist attacks.

* Model does not take into account capacity utilization and internal efforts by the company to
improve customer base.

Our recommendations to the client include the following points keeping in mind that the cost of under
predicting will be very high for the client since the opportunity cost of leasing aircraft at a later point will
be much higher:

» This model is valid for five years and this should be updated as and when new data is available.

* Any new information like new competition , change in aviation fuel price, price elasticity of
customers should be continuously captured.




