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Airport Flights and Parked Cars Dataset  
& Analysis
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1. Research goals:

o Is there any relation between the number of private cars parked and the total number 
of flights at Incheon International Airport. 

o Identify specific destination-bound flights that significantly impact the number of 
private cars parked.

2. Business questions:

o Is there any correlation between the number of flights and the number of private cars 
parked at the airport?

o Which flight or destination (Europe, America, Asian, etc.) has the most significant 
impact on traffic in the parking area ?

3. Data Collection:

o Airport flight information

o Parking lot utilization
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Basic Characteristics

Below are some of the characteristics of the obtained dataset – 
 The collected data amounted to 3,990 records and 16 columns.
 Missing values constitute 39.02% of the overall data
 Summary of different scales of data is as follows – 

Scale of Data
Count of 
columns

Nominal 7
Ordinal 1
Ratio 0
Interval 8
Grand Total 16

Column Description and Scale

Column Names Data 
type Scale Description Missing Values

Date object Interval Date of flights 0.00%

Departure Time object Interval Time of Departure 0.00%
Destination category Nominal The name of 

destination city
0.00%

Airline category Nominal The name of air 
carrier

0.27%

Flight name category Nominal Flight Code 
(e.g. DL7892)

0.00%

Terminal category Nominal The number of 
Incheon Terminal (e.g. 
T1, T2)

0.00%

Check-in 
Counter

Category Nominal The number of 
Counter
(e.g. H01-H08)

0.00%

Gate category Ordinal The number of Gate
(e.g. 38)

0.00%

Flight Status category Nominal The status of flight
(e.g. Departure, 
Cancel)

0.00%

Codeshare category Nominal Seat-sharing Flight 
among Alliances (e.g. 
Master, Slave)

99.82%
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Date2 object Interval Date for counting 
parked-in cars 

99.82%

T1 Short int8 Interval The number of parked 
in cars in the Short-
term parking lot of 
Terminal 1 

99.82%

T1 Long int8 Interval The number of parked 
in cars in the Long-
term parking lot of 
Terminal 1 

99.82%

T2 Short int8 Interval The number of parked 
in cars in Short-term 
parking lot of Terminal 
2 

99.82%

T2 Long int8 Interval The number of parked 
in cars in the Long-
term parking lot of 
Terminal 2

99.82%

Total int8 Interval Total number of 
parked in cars

99.82%
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Initial Datasets

Our project started with two separate datasets. The first dataset contains the records of 3,990 flights 
departing from March 12, 2023 to March 18, 2023 including the following information for each flight:

 Time and date
 Destination
 Airline and flight number
 Gate and Terminal Information
 Codeshare Information

The second dataset contained parking information for each hour from March 12, 2023 to March 18, 
2023. Information was split into incoming and outgoing cars for the following terminal parking lots:

 T1 Short-term
 T1 Long-term
 T2 Short-term
 T1 Long-term

There is no missing flight or parking data in either dataset. There were no duplicate flight entries either 
in the flight dataset.

These two datasets will need to be combined for the analysis. The destinations will also be combined 
into different regions. Codeshare information is likely unneeded and will be dropped.

Hourly Analysis

 The number of flights and cars entering hourly was analyzed:

Data was combined by hour. The dataset was reduced to flights per hour with destination region and the 
number of cars going into the lot. Below is an example of the dataset, with some regions removed from the 
image in order to better see the data.

The descriptive statistics were generated for the flights and cars for each hour:
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The typical hour has an average of 23.75 flights departing. An average of 967.2 cars enter the lots every  
hour. The T1 short term lot has the most cars entering per hour, at a rate of 429.9/hour. T2 Long term has 
the lowest rate at 44.97/hour. South Asia is the most frequent destination, at 5.0 flights per hour. Africa is 
the least frequent destination, at only 0.02 flights per hour.



Data Driven Decision Making Page 7

 The hourly charts for flights and cars entering the lot per hour:

There appears to be a strong correlation between flights and cars entering the lots, as the two graphs peak at 
the same times each day.
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Model Creation:

Step 1:

Terminal information was added to the combined dataset. This will allow the terminal of the flight to be  
used as a variable in the model. The number of cars are recorded for the separate lots and the flight terminal 
can be used in a model to determine if there is a correlation between the terminal of the flight, and where 
passengers park their cars.

Flight data with terminal location added to the dataset.

Step 2:

The existing dataset was used to create new datasets with the car entering the lot offset by 1 to 4 hours. This 
was done as it is likely that most passengers will arrive at the airport several hours before their flight, and 
the amount of cars entering the lot in a specific hour is likely dependent of the number of flights in the next 
several hours.

Four datasets were created with the cars entering the lot offset (1 and 2 hour offset shown):

The quantity of cars entering the lot offset by 1 hour.

The quantity of cars entering the lot offset by 2 hours.

In addition, to best determine which dataset to use, a simple linear regression was created for all models.  
Looking at the data, it appears that the number of cars entering the lot best correlates to the number of  
flights in 3 hours. Using this dataset with the cars offset by three hours will likely provide the best starting 
point for further analysis to be performed in the subsequent assignments.
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  Multi Linear Regression Modeling 

 Linear regression was used to determine the quantity of cars based on number of flights. Multiple 
linear regression models were created to see if individual variables could be used to generate a model 
that would accurately predict the number of cars in various situations. Data for the linear regressions 
was split into 80% for training and 20% for testing. Each model was evaluated to calculate the error 
and determine if the model was accurate enough to be used for predicting cars entering the different 
lots. Based on the results of the data cleaning step, the flight data was offset 3 hours from the car data, 
such that the number of cars is calculated by the number of flights that are departing 3 hours after the 
cars arrive.

Six models were generated using linear regression.

- Model 1: Total Flights vs Total Cars In
- Model 2: Flights Departing from T1 vs Cars Parking in T1
- Model 3: Flights Departing from T2 vs Cars Parking in T2
- Model 4: Regions vs Total Cars In
- Model 5: Regions vs Short-Term Parking
- Model 6: Regions vs Long-Term Parking
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Model 1: Total Flights vs Total Cars In

The first model used a simple combination of total flights and total cars.

 The first model generated an equation with a flight coefficient of 30.12 and an intercept of 
262.03. The residual standard error was 259.8 and the R2 value was 0.80. The p-value for the 
flights variable and the overall equation were both nearly 0 and the F-statistic is far above 1, 
indicating that the variables are statistically significant and that there is a linear relationship 
between flights and total cars in. The R2 value of 0.80 indicates that the model also has a good 
fit.

To further check the validity of the regression model, the residual and Q-Q plots were 
generated.
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 The residuals vs fitted chart shows a line that increases and then decreases, indicating that there 
is not evidence of homoscedasticity, indicating that there are some outliers in the data. This can 
also be seen with the Q-Q plot, where most of the data is normally distributed, although the chart 
deviates on the right side, indicating the presence of some outliers.

 The model was tested with the training data. Predicted vs actual values are shown in the chart  
below. The test data had a residual standard error of 281.78 and an R2 value of 0.80, indicating 
performance was similar to the training data.
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 Most of the predicted values are close to actual values. There is a tendency that when the 
quantity of cars is overestimated, the estimates are further from the actual value than compared 
to when the number of cars is underestimated.
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Model 2: Flights Departing from T1 vs Cars Parking in T1

The second model used data with flights departing from T1 and cars parking in T1.

 The flights from T1 vs cars in T1 model generated an equation with a flight coefficient of 32.17 
and an intercept of 178.23. The residual standard error was 184.1 and the R2 value was 0.77. 
Similar to the first model, the p-value for the flights variable and the overall equation were both 
nearly 0 and the F-statistic is far above 1, indicating that the variables are statistically significant 
and that there is a linear relationship between flights and cars in T1. The R2 value of 0.77 
indicates that the model also has a good fit.
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 The residual and Q-Q charts look similar to the first model, some outliers are present in the data. 
The test data had a residual standard error of 216.02 and an R2 value of 0.87, indicating 
performance was similar to the training data.

 The predicted vs actual graph is similar to the first model.
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Model 3: Flights Departing from T2 vs Cars Parking in T2

The third model used data with flights departing from T2 and cars parking in T2.

 The flights from T2 vs cars in T2 model generated an equation with a flight coefficient of 20.60 
and an intercept of 125.88. The residual standard error was 210.6 and the R2 value was 0.62, 
slightly lower than the previous models. Similar to previous models, the p-value for the flights 
variable and the overall equation were both nearly 0 and the F-statistic is far above 1, indicating 
that the variables are statistically significant and that there is a linear relationship between 
flights departing T2 and cars in T2. 
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 The residual and Q-Q charts look similar to the previous model, with the Q-Q chart showing the 
data is less normality compared to the T1 model. The test data had a residual standard error of  
121.50 and an R2 value of 0.62, indicating performance was similar to the training data.

 The predicted vs actual graph is similar to the previous models.



Data Driven Decision Making Page 18

Model 4: Regions vs Total Cars In

The fourth model broke up the flights into regions and looked at predicting the total amount of 
cars in the lots.

 Since this model uses multiple input variables, a chart of the linear regression cannot be shown. 
The coefficients for each region were generated in the linear regression and are shown above. 
Most regions have a p-value that is significant. South Asia, Vietnam, Central Asia, Japan, 
China, Pacific Ocean, and America all have p-values near 0. The Middle East has a p-value 
below 0.05  and  the  p-value  for  Europe  is  below 0.1.  Both  regions  could  be  considered 
significant, but not to the same degree as the variables with p-values near 0. Africa, Near Asia, 
Australia, and Korea do not have significant p-values, which is likely a result of those locations 
having fewer flights in the dataset compared to other regions.

 The coefficients can be used to compare the cars per flight to different regions. For example,  
most regions typically have 20-30 cars per flight, while China and the Pacific Ocean are higher 
at almost 60 cars per flight. Central Asia has the highest at 160 cars per flight.

 The overall model shows a linear relationship, with the F-statistic above 1 and the p-value of the 
model near 0. The R2 value is 0.872, indicating that the model is a good fit.
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 The residuals and Q-Q charts again look similar to other models. The test data had a residual  
standard error of 343.31 and an R2 value of 0.87. This indicates a good fit for the model, with a 
slightly higher root square error for the testing data compared to the training data.

 The predicted vs actual graph is similar to the previous models.

 Since  the  model  shows  a  statistically  significant  linear  relationship  between  most  of  the 
variables, we can use the coefficients to predict the number of cars that will be parking for 
flights to a specific region. The coefficients for all regions except Africa, Australia, and Korea 
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which had non-significant p-values, could be used for calculating total cars parking based on the 
number of flights in those regions.
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Model 5: Regions vs Short-Term Parking

The fifth model broke up the flights into regions and looked at predicting the total amount of cars 
in the short-term lots.

 Similar to the model with all cars, most regions have a p-value that is significant. South Asia,  
Vietnam, Central Asia, Japan, China, Pacific Ocean, and America all again have p-values near 
0. The Middle East no longer has a p-value below 0.05 but the value is still below 0.1. The p-
value for Europe is now below 0.05. Both regions could be considered significant, but not to the 
same degree  as  the  variables  with  p-values  near  0.  Africa  and Korea  again  do  not  have 
significant p-values. Near Asia and Australia have p-values that can be considered significant, 
unlike in the previous model. It may be that due to the close proximity of these countries to 
Korea  that  the  passengers  likely  park  primarily  in  the  short-term  lots,  which  skews  the 
distribution but results in a statistically significant coefficient in the linear model when only 
looking at short term parking.

 The F-statistic is above 1 and the p-value for the model is near 0, indicating a good fit.



Data Driven Decision Making Page 22

 The residual and Q-Q graphs are again similar to the other models, with the residual square error 
246.22 and the R2 value 0.86 for the test model. This indicates that model 5 is also a good fitting 
model.

 The predicted vs actual value chart is similar to the other models.
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Model 6: Regions vs Long-Term Parking

The final sixth model broke up the flights into regions and looked at predicting the total amount of 
cars in the long-term lots.

 In this model, many of the coefficients are no longer statistically significant. Only Vietnam, 
Central Asia, Japan, and the Pacific Ocean have p-values near 0. China and America have p-
values below 0.05. The remaining variables do not have statistically significant p-values for the 
coefficients.

 While the F-statistic and the p-value for the model still indicate that a linear relationship exists, 
since many of the p-values are not statistically significant, they cannot be used to accurately 
predict the number of cars that will park in the lots for those regions. Since there are more cars 
that park in the short-term lots than long-term, there is likely a lack of data that is resulting in 
poor fits for the coefficients of some regions.
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 The residual vs fitted graph has the closest to a straight line of all the models, indicating the 
model is close to homoscedastic, however the ends of the Q-Q plot deviate the most from the 
center, indicating that the data for this model is the least normally distributed of all models. The 
residual square error 131.40 and the R2 value 0.85 for the test model which still indicates that  
model 6 appears to be a good fit, although it does not satisfy all the conditions needed for a linear 
regression.
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 Even though not all coefficients are statistically significant, the overall model does show a good 
fit at predicting the amount of cars parking in the long-term lots.

Linear Analysis Conclusion

Overall, all of the models had a good fit and performed well with the test data. The different models 
can be used to predict the number of cars based on the number of flights. The first three models can 
be used to predict the number of cars with just the total number of flights for each terminal or just the 
number of total flights together. If a more specific model is needed, the second three models can be 
used to predict the number of cars that will use the lots for a flight to a specific region. Central Asia 
consistently showed more cars per flight in the three regional models compared to other regions.
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Project Conclusion

The linear model proved to be the most effective model for determining the number of cars per flight. 
The first three models can be used to calculate overall cars in the lots, cars in T1 parking, and cars in T2 
parking. The second three models can be used to predict the number of cars per flight depending on the 
region of the flight. Of the three models, model 4 which predicted the overall number of cars had the 
most statistically significant coefficients, making it the most accurate if just a simple estimate is  
needed for a flight to a specific region.

Our initial questions for the project were:

o Is there any correlation between the number of flights and the number of private cars 
parked at the airport?

o Which flight or destination (Europe, America, Asian, etc.) has the most significant 
impact on traffic in the parking area?

We can answer question 1 by using the first three linear regression models. Overall for every flight, 
there is an average of 30.12 cars that will park at the airport. The second question can be answered by 
the second three models, specifically using model 4 if just a general number of cars is needed. Using  
the coefficients for model 4, Central Asia has the most significant effect on the amount of cars parking 
at the airport, with 160.37 cars per flight, far exceeding the number of cars for flights to other regions.
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