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Abstract—The COVID-19 pandemic has profoundly affected
the air transportation system, its structure, its reliability, and its
dynamics. Passengers have in turn significantly adapted their
behavior. Through a case study at Paris-Charles de Gaulle
airport, the present paper examines the new traffic network,
the fact that delays remain high despite a drop in flight volume,
the significant decrease in aircraft load factors and the change
in passenger behavior at the airport.
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I. INTRODUCTION

The COVID-19 pandemic has jeopardized the air transporta-
tion system with a dramatic reduction in passenger volume,
attributable to both officially imposed travel limitations and
public fear of the virus spread. According to the International
Civil Aviation Organisation (ICAO) [1], the air transportation
system suffers from a 60% decline in worldwide passenger
volume in 2020. The International Air Transport Association
(IATA) [2] expects a long-term loss of two years growth.
Airlines have had to drastically adapt their offers to survive the
economic crisis. Many industry predictions do not foresee the
recovery of 2019 passenger volume before 2024 at the earliest
[1]. The preliminary estimates announced an overall reduction
of 39% to 40% of seats offered by airlines in 2021 compared
to 2019 levels [1]. While the pandemic is still going on, this
paper provides an account of air transportation operations,
especially from a passenger perspective, since January 2020.
In 2021, a moderate recovery of domestic travel has begun.
International travel remains stagnant. Throughout the dynamic
changes in travel recommendations, airports have overhauled
their security processes and operations to accommodate new
public health measures. The massive drop in passenger volume
has led many airports to adopt a new configuration. For
instance, at Paris-Charles de Gaulle airport (CDG), only one
terminal (terminal 2E and 2F) has been operating since the
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beginning of the pandemic compared with three terminals
during normal operations.

The availability of massive amounts of data is bringing
multiple ways to examine the air transportation system during
the COVID-19 pandemic. Recent literature in the past year
has initially focused on the structural modifications of the
air traffic network. Sun et al. [3] provided an account of the
early impact of the pandemic on network structure until May
2020, showing that each airport lost half of its connections
on average. European airports appear to have been hit the
hardest when compared with US and Chinese airports. Albers
et al. [4] studied the responses of airlines to the COVID-
19 outbreak until May 2020, highlighting their heterogeneity.
Adrienne et al. [5] measured the consequences of massive
aircraft grounding and the ensuing operational challenges at
airports. Schultz et al. [6] estimated the increase of aircraft
turn around time due to post-pandemic requirements. Mueller
[7] quantified the change in spatial connectivity in Europe until
June 2021.

Perhaps all operators now wonder how passengers can be
convinced to fly again, hence the need to investigate COVID-
19 repercussions on air passenger behavior. Iacus et al. [8]
from the European Commission were amongst the first to
provide projections of air passenger traffic in May 2020,
stressing the impact of aviation contraction on the growth
domestic product and jobs worldwide. Kim et al. [9] obtained
passenger data in South Korea and they observed that do-
mestic and international demand were responding differently
to the pandemic. Lamb et al. [10] surveyed both business
and leisure travelers to determine the factors that influenced
their propensity to fly during the pandemic. Budd et al. [11]
leveraged traditional surveys to categorize both passengers in
terms of their propensity to fly and the safety measures in
terms of their impact on restoring public confidence in air
travel. Monmousseau et al. [12] analyzed the impact of travel
restrictions on relations between air passengers and airlines in
the US through the use of Twitter and Bureau of Transportation



and Statistics (BTS) data.
The present paper aims at providing passenger-centric views

of pandemic impact on the air transportation system, focusing
on passengers departing from, arriving at, or transiting through
CDG. These views include the changes of easily reachable
origin and destination airports, the evolution of flight delays,
the evolution of load factors and passenger perception of
airport departure processing time. Two large data sets collected
before and during the pandemic have been used to synthesize
the observation presented below. The first data set consist of
all flight traffic, including actual passenger volume per flight.
The second data set consists of time stamps of all passenger
scanning operations within CDG. Among the main results, the
number of airports on average daily connected to CDG was
reduced by 40%. Over a time period when traffic volume was
reduced by 75%, the average flight delay increased. Aircraft
load factors dropped by 20% during the pandemic. Finally, the
share of connecting passengers at CDG for European flights
increased by 8% during the pandemic, which might reflect a
consolidation of the hub and spoke model used by airlines.

This paper is organized as follows: Section II details the
contents of the data sets supporting the analysis. Section
III evaluates the network and flight delays changes during
COVID-19 pandemic. Section IV quantifies the decrease of
aircraft load factors. Section V characterizes passenger arrivals
at security screenings and connecting passenger volumes be-
fore and during the pandemic. Section VI concludes the paper
and provides threads for further investigations.

II. DATA DESCRIPTION

Two data sets supported the analysis reported in this paper.
The first data set contains flight data in and out of CDG airport
collected from January 2017 to August 2021, totaling over 1.7
million records. An example of a record is presented in Table
I.

Flight characteristics Values
Estimated in/off block time 2019/06/12 06:10
Actual in/off block time 2019/06/12 05:47
Flight number AF748
Terminal T2E
Boarding area S4
Airline IATA code AF
Airport IATA code CKY
Movement type Arrival
Aircraft registration FGLZ0
Passenger volume carried 242

TABLE I: Example of one row of the air traffic data set

Each record characterizes a flight operated at CDG: sched-
uled departure or arrival time at the gate, actual departure or
arrival time at the gate, flight number, terminal, boarding area,
IATA airline code, destination or origin airport, movement
type, aircraft registration and passenger volume carried.

The second data set is composed of passenger time stamps at
the airport collected during June 2019 and June 2020, totaling
over to 1.6 million records. An example of one record of
passenger scans is displayed in Table II.

Row characteristics Values
Date 2019/06/15
10 min interval 04:10 - 04:20
Flight number AF1066
Terminal Terminal 2E
Boarding area C2F-F2
Position type PIF
Passenger volume tracked 3

TABLE II: Example of one row of the passenger scan data set.
For the flight AF1066 on June 15th, three passengers exited
the T2E security screening between 04:10 and 04:20.

Each record provides the date, a ten minutes interval, a
flight number, terminal, boarding area, position type of the
operator performing the scan, and the volume of passengers
tracked. The different position types include check-in, security
screening entrance or exit and boarding area.

Position type Description Passenger volume
ACC-PAF Customs entrance 285868
ACC-PIF Security screening entrance 481927
CAB Check-in 355471
SHOP Shop 2595
PAF Customs exit 9318
PIF Security screening exit 1707071
PTE Boarding gate 272173
PTE-AUTO Automatic boarding gate 24317

TABLE III: Passenger volume tracked at each position aggre-
gated on June 2019 and 2020

Upon closer examination of the recorded volume at each
position, see Table III, the most represented position is the
one denoted by “PIF” corresponding to the security screening
exit. At that position, the outbound passenger volume is at
least three times higher than at any others. According to CDG
operators, it provides the most reliable estimate for outbound
passengers.

III. NETWORK EVOLUTION

A. Evolution of the network structure
In this section, the evolution of CDG’s integration within

the air transportation network is investigated. The COVID-19
crisis has led to a decrease in traffic volume and a shrinkage in
the number of destinations reached, due to border closures and
travel restrictions. For the rest of the study, the set of airports
connected to CDG is denoted by A and the set of days of
the year y is denoted by Dy . The average number of flights
per day over a year y between CDG and an airport ai ∈ A is
defined by

∀ai ∈ A, naiy =

∑
d∈Dy

naid

card(Dy)
,

where naid is the number of flights between CDG and airport ai
on day d. Similarly, the average number of passengers carried
per day d during a given year y between CDG and an airport
ai ∈ A is computed as

∀ai ∈ A, qaiy =

∑
d∈Dy

qaid

card(Dy)
,



where qaid the number of passengers carried between CDG
and airport ai on day d. For each airport connected to CDG,
these values are computed for 2019 and 2020 are displayed
on Figures 1a and 1b respectively.

(a) 2019

(b) 2020

Fig. 1: Network overview for the years 2019 (a) and 2020 (b).
Each arc corresponds to a connection between CDG and an
airport ai. The color of arcs is based on the average number
of flights (a red arc indicates a high flight volume while a blue
one corresponds to a lower volume). The stroke denotes the
passenger volume carried (the wider the arc, the higher the
number of passengers carried). A filter has been applied to
remove arcs with less than one round-trip per day on average.

First, one can notice that CDG is highly connected to Euro-
pean airports in 2019 as shown in Figure 1a. Also, since CDG
is a hub located in France, many feeder flights are operated
between CDG and other French airports. Transatlantic arcs
show a relatively low average number of flights per day.
However, the number of passengers carried is amongst the
highest, because long-haul flights tend to be operated by larger
aircraft. On the contrary, some destinations such as Moscow
have a higher frequency, but the number of passengers carried
is lower. Thus, these flights are very likely to be operated by
smaller aircraft. Regarding the post-COVID network starting
March 2020, both flight and passenger volumes decrease
drastically. The disappearance of arcs shown in Figure 1b
indicates destinations for which, on average, less than a round-
trip per day is operated. This is the case, for instance, with
Boston, Oslo or Rio de Janeiro airports. Table IV presents

the evolution of the number of airports directly connected to
CDG.

2019 2020 2021
Number of airports with on average
at least a daily connection with CDG

218 83 138

TABLE IV: Number of airports directly connected with CDG
from March 15th to August 30th on 2019, 2020 and 2021. This
represents the number of airports with at least one connection
with CDG on average per day.

The number of direct links with at least one flight per day
on average is reduced by three from 2019 to 2020. However,
one can notice a reversal for the year 2021 which indicates
that the air transportation system has cautiously started its
recovery. Flights frequency at CDG has been increasing and
stands above half its 2019 level during 2021.

Figure 2 displays the number of departing flights operated at
CDG and the daily number of deaths in France due to COVID-
19 on 2020.

Fig. 2: Barplot of departing flights from CDG airport for 2020,
stacked by destination : Schengen space/non-Schengen space.
The amount of deaths by day due to COVID-19 in France is
also displayed.

First, lower traffic volumes appear to occur when higher
deaths are reported. This reflects travel restrictions enforced by
governments in response to the spreading of the virus. A dis-
tinction is made between flights within Schengen area (named
Schengen flights) and flights with an origin or a destination out
of Schengen area (named non-Schengen flights). The Schen-
gen area is a group of 26 European countries that abolished
border controls at their mutual borders. Before the COVID-
19 crisis on March 2020, the number of flights operated
within and out of Schengen space are approximately the same.
However, due to travel restrictions, these numbers changed
during summer 2020. Indeed, the European union closed its
borders to other countries. Hence, the share of Schengen flights
at CDG increased. This trend slowly decreases by the end of
the year to return to an equilibrium.
For a closer look at impacted destinations, the connections



at CDG between a set of 9 French airports and 25 foreign
airports, which were the most connected with CDG pre-
pandemic, are studied. For each, the daily average number
of potential connections is computed. A connection is con-
sidered as potential if the departing time of the connected
flight is between 60 minutes and 300 minutes later than the
arrival time of the first flight. Indeed, according to [13], the
minimum connection time advised at CDG is 60 minutes.
Regarding the upper bound, one can consider that passengers
are not interested in having a connection time higher than five
hours. An origin-destination (OD) connection matrix can be
generated, and its evolution between two consecutive years is
computed. The time period considered is between March 15th
to August 30th for 2019, 2020 and 2021. Figure 3a and 3b
display the result of the evolution between 2019 and 2020 and
the evolution between 2020 and 2021 respectively.

In 2020, Alger (ALG) and Moscow (SVO) were the desti-
nations for which the connectivity had been the most reduced.
Indeed in 2020, the European Union closed its border to
Russia for a longer time than other countries such as the
United States for instance. Algeria closed its borders from
March 2020 until June 2021. Meanwhile, connections to
Amsterdam (AMS) airport, another major European hub, were
least impacted. Regarding the evolution from 2020 to 2021,
the air traffic recovery has spartially started. For instance,
Nantes (NTE), Bordeaux (BOD) and Lyon (LYS) airports have
significantly increased their connections to CDG. Also, New-
York (JFK), AMS and ALG airports are starting to reconnect
with CDG. However, Berlin (TXL) airport closed in 2020,
making connections infeasible.

B. Study of the network asymmetry

Because of travel restrictions, imbalances in volumes forced
airlines to operate flights under new conditions, changing
their entire network structure. Furthermore, depending on the
country, the inflow and outflow of passengers could be quite
different, with countries evacuating their citizens.

Therefore the asymmetry between the flights arriving and
departing at CDG airport, as well as the passengers are
analyzed. Connections are aggregated for Europe, United-
States and Asia respectively. Let Ac denote the set of airports
on the continent c, narrai,d the number of flights arriving from
airport ai at CDG during a day d, and ndepai,d

the number of
flights departing from CDG to airport ai during the same
day d. qarrai,d refers to the number of passengers arriving from
airport ai at CDG during the day d and qdepai,d

the number of
passengers leaving CDG to airport ai. Thus, for each continent
and each day, the flights asymmetry coefficient acF is defined
as

acFd =

∑
ai∈Ac

narrai,d − n
dep
ai,d∑

ai∈Ac
narrai,d + ndepai,d

∈ [−1, 1] .

(a) 2019-2020

(b) 2020-2021

Fig. 3: Evolution in the average number of potential connec-
tions per day between two consecutive years for the same
period of March 15th to August 30th. (a) displays the evolution
in 2020 compared to 2019. Note that the scale is between -40%
and -100% since no connection was improved in 2020 due to
the pandemic. (b) displays the evolution in 2021 compared to
2020. The scale is between -50% and 100% as the air traffic
recovery has already begun in 2021.

Similarly, the passenger asymmetry coefficient acP for a
day d is defined as

acPd =

∑
ai∈Ac

qarrai,d − q
dep
ai,d∑

ai∈Ac
qarrai,d + qdepai,d

∈ [−1, 1] .

For each day of the study, the flight and the passenger
asymmetry coefficients are computed. In order to capture
the global tendency and smooth the curve, a Savitsky-Golay
filter is applied [14]. The sliding window width is fixed to
a month and the polynomial degree to 3. The results for
flights and passengers are displayed in Figure 4a and Figure
4b respectively.



(a) Flight asymmetry coefficient

(b) Passenger asymmetry coefficient

Fig. 4: Asymmetry coefficient for the year 2020-2021. A
positive asymmetry coefficient for a destination means that on
average, the arrival volume at CDG is higher than the departure
volume from CDG. On the contrary, a negative asymmetry
coefficient corresponds to a higher departure volume to this
destination. The dates of the US travel ban announcement and
of the French nationwide lockdowns are plotted.

Regarding the flight volumes (Figure 4a), an asymmetry
was significant between March and August 2020. During this
period, there were up to 20% more flights arriving from Asia
than going there. The stringent restrictions enforced in Asia to
contain the virus propagation might have discourage passen-
gers to go to this continent. Hence, airlines most likely adapted
their offer by reducing direct flights to Asia. The asymmetry
coefficient for the United State is positive for the beginning
of the 1st French lockdown. This coefficient then steadily
decreases from 15% at the end of March until -25% at the
end of April. It returns to 0 at the end of the lockdown. After
August 2020 up to August 2021, the flight volume arriving and
the flight volume departing are balanced for each continent.
Nevertheless, this is not the case for passengers (Figure 4b).
For instance, a significant imbalance is noted from May to
August 2021 for passengers between CDG and US. Therefore,
flights going to the US during this period were presumably less
filled than returning flights. Furthermore, during lockdowns in
France, French citizens were not authorized to travel out of
the country. Thus, the number of arriving passengers from the
US and Asia was higher. In terms of absolute volumes, Table
V highlights the fact that both aircraft and passengers have

relocated during the pandemic, with a net inflow of passengers
from the United States and Asia in particular.

Net flights
2020

Net flights
2021

Net passen-
gers 2020

Net passen-
gers 2021

EU -0.1% -0.1% -1.0% -2.0%
ASIA 3.1% 0.5% 4.6% 4.3%
US 0.8% 0.0% 18.7% 5.6%

TABLE V: Traffic flow balance at CDG from March 15th to
August 30th on 2020 and 2021 for flights and passengers. Each
percentage corresponds to the difference between the volume
arriving at CDG and the volume departing from CDG divided
by the total volume.

C. Delay analysis

The delays at CDG are analyzed for the years 2017 to 2021.
Let Fd be the set of flights operated at CDG on day d. For
each flight f ∈ Fd that took off or landed at CDG on that
day, 1f is defined as:

1f =

{
1 if the flight f was delayed
0 otherwise.

The amount of delay of each flight is denoted by df . For an
on-time flight, df=0. Thus, the average delay for one day is
computed as

δd =

∑
f∈F

df∑
f∈F

1f
.

The average delay is computed for each day of the study. Then,
the distribution of these delays for each month is analyzed, as
displayed in Figure 5a. For each month, the total number of
flights operated at CDG is represented in Figure 5b.

As one can observe on Figure 5b, before the COVID-19
crisis, July and August were the months with the highest
number of flights : around 43,000 flights scheduled compared
to 31,000 in February. This seasonal increase in air traffic
volume leads to a congested airport which results in higher
flight delays. Significant delays can also be observed in winter
due to weather conditions. For instance, in February 2018,
several flights were severely impacted by a snowstorm at CDG
airport.

During the COVID-19 pandemic, one could have expected
lower delays since the volume of flights operated dropped,
and hence flight congestion should have been alleviated. This
is the case for summer 2020. However, during December
2020, the delayed flights were on average more impacted
than the previous year even if the flight volume was four
times lower. These high delays can be due to an unexpected
increase in air traffic volume between November 2020 and
December 2020 as observed in Figure 5b. Indeed, the late
communication by the French government of the end of the
second lockdown that occurred in December 2020 might have
led to an underestimated air traffic recovery. Versatile French
government’s decisions and their late announcements during
the pandemic led to high uncertainties. This lack of visibility



(a) Boxplot of average delay at CDG from all months between January 2017 and August 2021. Only delayed flight are considered.

(b) Number of flights by month from all months between January 2017 and August 2021

Fig. 5: Average delay and flight volume per month from January 2017 to August 2021.

deteriorates air transportation stakeholders’ decisions since
anticipation is crucial for them. For instance, CDG airport
establishes the staff volume 45 days in advance. Thus, in
December 2020, the staffing contract was established before
the end of the lockdown was announced by authorities. The
same conclusion can be made for May 2020 at the end
of the first lockdown in France. The high delays observed
are probably due to an underestimated recovery demand.
Following this undervaluation, the low delays in summer 2020
might reflect an overreaction of the air traffic system and thus
an excess capacity.

This subsection brings several observations. First, the
paradigm of higher congestion leading to higher delays ( [15],
[16]) has been weakened during the pandemic. Secondly, the
reliability of operations seems to be a key lever to improve
airport welfare.

IV. EVOLUTION OF PASSENGER VOLUME

In this section, a clustering of days based on flight and
passenger volumes is performed. Aircraft load factors before
and during the pandemic are inferred and analyzed.

A. Characterization of days based on traffic and passenger
volumes

For each day of the time period studied, the following
feature vector is computed:

vd =
((
na1d qa1d

)
. . .
(
naNd qaNd

))
,

where naid is the number of flights between CDG and airport
ai ∈ A, and qaid is the number of passengers carried between
CDG and airport ai ∈ A on that day.

A K-means cluster technique [17] is then applied to these
feature vectors. The number of clusters k is set at 2 since it is
the value that maximizes the silhouette score. As explained
in [18], the silhouette coefficient is calculated by taking
into account the mean intra-cluster distance a and the mean
nearest-cluster distance b for each data point. The silhouette
coefficient s for a sample is

s =
b− a

max(a,b)
.

Results are displayed in Figure 6. In addition, Figure 7 shows
the distribution of days colored by year.

Figure 6 indicates a clear distinction between pre- and post-
COVID19 days of airport operations. Up to March 15th, 2020,
all days belongs to cluster 0 (blue) while after this date, days
are gathered into cluster 1 (orange). The following day the
French government announced the first lockdown. In addition
to the clusterization, the curve drawn by the scatter plot can
be analyzed. The slope represents the average number of
passengers per aircraft. A higher slope means that for the
same number of flights, more passengers are carried. Thus,
a higher slope translates either higher aircraft load factors or



Fig. 6: Passenger volume carried versus daily flight volume.
A K-means clusterization has been applied. The color of each
point refers to its cluster. The number of flights on March
15th, 2020 and July 1st, 2021 are represented by the blue line
and red line respectively.

Fig. 7: Passenger volume carried in function of number of
flights for each day at CDG colored by year.

a higher share of long-haul aircraft. A change in the slope can
be observed in Figure 6 on July 1st 2021. Days after this date
and before the first lockdown in France are on the right side of
this border. Days during the COVID-19 pandemic until June
30th are located on the left side of the border. As explained in
Figure 2, the number of long distance travel flights decreased
at the beginning of COVID-19 pandemic. This is observed
through a reduced slope on the left side of the slope border
in Figure 6. The load factors might also have been reduced
and this is studied in the next subsection. One can notice in
Figure 7 that days of 2021 fill the gap between 2020 days and
pre-COVID-19 days. The summer 2021 days are located on
the right side of the slope border. This trend may indicate the
beginning of the recovery of the air transportation system.

B. Load factors evolution

The load factors of aircraft arriving to and departing from
CDG between 2017 and 2021 have been computed. Aircraft
type and seat configuration are not directly accessible in the
data set at hand. An estimate of the number of available seats
for each aircraft was inferred by considering the maximum
number of passengers carried for the last five years, using the
aircraft tail number. Denote this value qmax

ac . Let F yac denote

the set of flights operated by the aircraft ac during the year
y. The average load factor for each aircraft ac for a year y is
computed as

l̄fac =

∑
f∈Fyac

qfac
qmax
ac

card(Fy
ac)

.

Figure 8 displays the distribution of aircraft load factors for
the last five years. During nominal years (2017,2018,2019),

Fig. 8: Boxplots of average aircraft load factors for years 2017
to 2021.

the average load factor of these aircraft was close to 80%
with a small standard deviation. Moreover, the lowest load
factor was always greater than 20%: it was not worth flying
with lower load factor. After the COVID-19 outbreak, load
factors dropped and plummeted to values never reached before.
On average, aircraft flew with 20% fewer passengers. 25%
of aircraft flew at least half-empty in 2021. Finally, several
flights were operated with a load factor lower than 10%.
Such low load factors reflect hard airline constraints. For
instance, pilot who have to be current with regulations must
be flying a minimum number of hours every month [19].
Rotation and maintenance constraints may also have incited
airlines to maintain unprofitable flights to bring back aircraft
and crews to desired locations. The passenger asymmetry
combined with the flight symmetry between CDG and the US
in 2021 represented in Figure 4 corroborate these possible
explanations.

Aircraft load factors are also subject to higher variability
during the COVID-19 crisis. Indeed, the boxplots’ interquartile
ranges during the pandemic are twice wider than the ones of
pre-COVID19 years as one can observe in Figure 8. Several
hypothesis which could explain this observation are listed
below:

1) Airlines’ constraints may have induced flights with load
factors well below the minima during normal years
contributing to this higher variability.

2) Late information from governments about border clo-
sures and travel restrictions may have exacerbated the
difficulty to forecast travel demand. Since airlines rely
on these models to build their fleet and crew assignment,
uncertainties may lead to poor quality decisions and
additional costs. For instance, assigning a large aircraft



Fig. 9: Passenger arrival time distribution at security screening
system on June 2019. In this plot, the time before flight de-
parture time is the difference between the scheduled departure
time and the time stamped at the security screening position.
The data is fitted with an Exponentially Modified Gaussian
Distribution (EMG) displayed in red.

to a flight with low demand is economically not suitable
for airlines.

A flight-centric analysis has been led through this section.
A complementary analysis through passenger data within
airport terminals is presented in the next section. This analysis
highlights how air passengers and airlines react to the COVID-
19 crisis.

V. ANALYSIS OF PASSENGER SCANS

This section focuses on analyzing passenger scans at secu-
rity screening points. Passenger scans at the exit of security
system were collected during June 2019 and June 2020. For
each flight, the buffer time between its passenger arrival times
at security screening locations and the scheduled departure
time is estimated. This information is valuable to understand
how early passengers arrive at the airport before their flights.
Comparing these distributions on June 2019 and June 2020
provides insights on how passengers change their behavior dur-
ing COVID-19 pandemic. These scans do not take into account
connecting passengers, unless their connection requires exiting
the secured transit zones and re-entering them. However, the
actual number of passengers who embarked on each flight is
accessible through traffic data records. Therefore the share of
connecting passengers at CDG was inferred and compared in
June 2019 and June 2020. Such analysis provides insights on
how airlines adapted their offer during the COVID-19 crisis.

A. Inferring passenger arrival times at security screening
before their flights

The passenger arrival times distribution at the security
checkpoint on June 2019 is presented in Figure 9. The
distribution is asymmetric with a tail on the left side of
the distribution. More than 40% of passengers scan between
100min and 60min before their flights while 6% of passengers
which are more conservative arrive from four up to seven hours

before the departure. A probability density distribution can be
used to model this passenger arrival process. A normal distri-
bution captures the most part of passengers arriving around
90 min before their flights while a ’reversed’ exponential
distribution seems better fitted to model the distribution’s left
tail. Hence, an Exponentially Modified Gaussian distribution
(EMG) seems suitable to model passenger arrival process. The
EMG’s probability density function is a convolution between
a Normal distribution and an Exponential distribution [20]. It
is characterized by three parameters (µ, σ, λ) (two parameters
from the Normal distribution and one from the Exponential
distribution). EMG is used for example in biomedical science
[21] or even to model the visual reaction time [22]. The
probability density function (PDF) of such distribution is

fEMG(x;µ, σ, λ) =
λ

2
e
λ
2 (2µ+λσ2−2x) erfc(

µ+ λσ2 − x√
2σ

),

where
erfc(x) =

2√
π

∫ ∞
x

e−t
2

dt.

The EMG distribution parameters can be estimated to fit the
data through the Maximum Likelihood Method. Noting the set
of observations S = {s1, s2, ..., sn} (i.e passenger arrivals),
this method consists in finding the set of parameters (µ, σ, λ)
which maximizes the following expression:

L(S;µ, σ, λ) =

n∏
i=1

fEMG(si;µ, σ, λ).

Different probability distributions are compared to model
the passenger arrival process. The data is fitted with all of
them according to the Maximum Likelihood Method. For each
distribution the Mean Absolute Error (MAE) is computed. De-
note Z = {z1, z2...zn} and Y = {y1, y2, ..., yn} respectively
the predicted and the observed values. The mean absolute error
is computed as

MAE(Z,Y) =

∑n
i=1 |zi − yi|

n
.

Results are displayed in Table VI.

Probability density distribution MAE
EMG distribution 1218
Log Normal distribution 4640
Gamma distribution 5705
Beta distribution 5930
Normal distribution 8334

TABLE VI: Comparison of different MAE obtained by fit-
ting the passenger arrival distribution with several probability
density distributions.

One can observe that the EMG distribution outperforms the
others with a MAE at least four times lower than the other
distributions tested. It captures the high peak of arrivals around
90 minutes before flight departures while also catching the
earlier arrivals. The relative mean absolute error (RMAE) is
computed by dividing the MAE by the average number of
passengers per time step. The EMG distribution has a RMAE



Fig. 10: Passenger arrival time distribution at security screen-
ing system on June 2019. The blue and orange distributions
refer to the Schengen and non-Schengen passengers respec-
tively. Each one of them is fitted with an EMG distribution.

lower than 6.5%. This distribution is then selected to model
passengers arrival process at security screening.

Using such parametric distribution is helpful to characterize
and compare passenger arrival process on June 2019 and
2020. Each parameter’s variation of the function fEMG can
be interpreted in the following way:

1) if µ increases, passengers tend to arrive later at the
airport (note that µ is negative)

2) if σ increases, passenger arrivals are more scattered
across time

3) if λ increases, the exponential decay which characterizes
the left tail of the distribution is strengthened. This
translates into fewer volume of passengers arriving way
earlier before their departure flight time.

Parameters June 2019
Schengen

June 2019
non-Schengen

June 2020
Schengen

µ -49.776 -59.358 -41.391
σ 21.542 31.698 18.046
λ 0.0174 0.0155 0.0197

TABLE VII: Parameters obtained by fitting passenger distri-
bution with EMG distribution. A distinction is made between
June 2019 and 2020 and between Schengen and non-Schengen
passengers.

Figures 10 and 11 depict passenger arrivals at security
screening in June 2019 and June 2020 respectively. Pas-
senger distribution are fitted with an EMG distribution and
their relative parameters are summarized in Table VII. In
the following analysis, a distinction is made between flights
within and out of Schengen area. Passenger scans for non-
Schengen flights on 2020 are removed from the analysis
because they were inconsistent due to a reconfiguration of
an airport position. For this position, outbound passengers but
also connecting passengers were tracked without distinction.
Thus, the inference of passenger arrivals from the ground was
not possible.

Fig. 11: Passenger arrival time distribution for Schengen flights
at security screening system on June 2020. Passenger arrival
times for non-Schengen flights could not be inferred for this
period.

According to Table VII, the parameter µ is ten minutes
inferior for non-Schengen passengers. This means that pas-
sengers exit from security screening on average ten minutes
before Schengen passengers. Also the exponential parameter
is higher for Schengen arrivals than for non-Schengen arrivals.
Therefore the number of conservative passengers on Schengen
flights is lower than the one on non-Schengen flights. Finally,
the higher standard deviation parameter σ for non-Schengen
passengers indicates a broader arrival time distribution. Ac-
cording to these observations, one can conclude that passen-
gers are more conservative when border controls are required.
Some passengers are even more careful by arriving up to seven
hours before the schedule time of their departing flights.

The opposite conclusion can be obtained by compar-
ing Schengen passenger arrivals in 2019 and 2020. During
COVID-19 pandemic, passengers tend to arrive height minutes
later (µ2020 = µ2019 + 8). Moreover, fewer conservative
passengers are observed (λ2020 > λ2019). Passenger arrival
times distribution is also narrower on June 2020 (σ2020 <
σ2019). One possible explanation is that the queuing time
reduction within the terminals due to airport decongestion
was more important than the increase in processing time due
to sanitary measures (PCR test verification, social distancing,
etc) in passengers’ perception. Thus passengers tend to be
less conservative and reduce their buffer time at the departure
airport. Another hypothesis is that passengers who arrived
really early for their flights before the pandemic correspond
to infrequent flyers. Hence, the burdensome travel planning
due to COVID-19 might have discouraged these passengers
to travel and consequently reduce the share of conservative
passengers in 2020.

B. Inferring connecting passengers

The number of connecting passengers for each flight is
inferred by subtracting the number of passenger scans at secu-
rity screening from the actual number of passengers carried.
Connecting passengers for non-Schengen flights on 2020 could



not be inferred for the same reason explained in the previous
subsection. Denote πf the connecting passenger share of flight
f and defined as

πf = 100× paxc
f

paxo
f + paxc

f

%,

where paxc and paxo represent the number of connecting
passengers and the number of outbound passengers of flight
f respectively. πf = 0% means that all passengers arrived
from the ground for this flight f . On the contrary, πf = 100%
means that all passengers of f had a previous connected flight
at CDG. πf is computed for each flight of June 2019 and
2020 departing from CDG. The connecting passenger share
distributions for these two months are displayed in Figures 12
and 13.

Fig. 12: Connecting passenger share distribution for departing
flights at CDG on June 2019. A distinction is made between
Schengen (blue) and non-Schengen (orange) flights.

Fig. 13: Connecting passenger share distribution for departing
flights at CDG to the Schengen Area on June 2020. Non-
Schengen connecting passengers could not be inferred for this
period.

The data is fitted with a Beta distribution by using the
maximum likelihood method. This distribution is defined into
the interval [0,1]. Hence it seems suitable since πf is a propor-
tion. The Beta distribution is characterized by the following
probability density function:

f(x;α, β) =
xα−1(1− x)β−1∫ 1

0
uα−1(1− u)β−1du

.

The 2019 data displayed in Figure 12 seems well fitted
with a Beta distribution, especially for Schengen flights with
a relative MAE of 15%. The fitting with a Beta distribution
performs worse for 2020 data (Figure 13) with a relative MAE
of 24%. This performance deterioration is partially explained
by the drop in flight volume. The expected value and the
variance of each Beta distribution are computed and compared.
The expected value of Beta distribution is equal to

E(X) =
α

α+ β
.

The variance can be calculated as

Var(X) =
αβ

(α+ β)2(α+ β + 1)
.

Table VIII presents the different expected values and vari-
ance obtained by fitting connecting passenger share distribu-
tion with a Beta distribution.

Schengen 2019 non-Schengen 2019 Schengen 2020
E() 36% 63% 44%
Var() 1.7% 3.13% 3.97%

TABLE VIII: Moments obtained by fitting connecting passen-
ger share distributions with a Beta distribution.

The expected share of connecting passengers on June 2019
is 36% for Schengen flights and 63% for non-Schengen flights.
This seems relevant since CDG airport is one of the largest
European hubs. Thus a lot of feeder flights arrive at CDG
to ensure connections with long distance flights. Regarding
2020, the Schengen distribution is wider than in 2019 and
the expected number of connecting passengers increases by
8%. One explanation could be that airlines have reinforced
their hub and spoke model. Indeed, COVID-19 pandemic has
deeply impacted air traffic and the number of passengers has
plummeted on 2020. One solution for airlines to fill their
aircraft is to remove direct flights between small cities and
increase feeder flights to gather passengers at their hub. This
explanation is consistent with the higher number of connecting
passengers observed in June 2020.

This section has provided insights on consequences of
COVID-19 crisis at CDG through the analysis of passenger
scans. The magnitude of change in passenger behavior at the
airport and in airlines’ strategies during the pandemic have
been measured. However, this study does not into account
passengers’ perception of the service quality provided by air
transportation stakeholders. Incidents between airlines’ agents
and passengers refusing to wear a mask [23] or the reduction
in the number of opened facilities at the airport have been
frequent these last months. Such events may have deteriorated
the customer satisfaction.

VI. CONCLUSION AND FUTURE WORK

This paper sheds light on how COVID-19 has impacted
passengers at Paris-Charles de Gaulle airport. The main con-
tributions of this paper are summarized below:

1) Despite the sudden plunge of air traffic volume, the
average flight delay has not significantly decreased. It



even increased in December 2020 and February 2021
with a traffic volume three to four times lower than the
previous years. Hence, other factors than airport con-
gestion (airspace capacity reduction, weather or airport
staff reduction) should be a focus of attention to explain
such delays.

2) In the aftermath of the pandemic, aircraft load factors
have plummeted. One in four flights have been operated
with less than half of the seats occupied in 2021, i.e.
a drop of 25% compared to pre-pandemic load factors.
These poorly filled flights are most likely not profitable
for airlines. Assuming that airline decisions are taken to
maximize their profit (or minimize the economic loss in
this context), such observation underlines the economic
weight of airline constrains (pilot qualifications, crew
scheduling, aircraft maintenance). Airlines might have
compensate the economic loss of load factor reduction
by air freight but this information was not available.
Besides, individuals have clearly relocated across conti-
nents as shown by the imbalance in passenger net flow.

3) Exponentially Modified Gaussian distribution is suitable
to model passenger arrival process at the airport.

4) Due to airport decongestion, passengers on Schengen
flights tend to arrive later at the departure airport during
the pandemic.

5) The share of connecting passengers at CDG has in-
creased during COVID-19 on European flights. This
might reflect a renewed focus on the hub and spoke
model by airlines. The drop in demand incited suppliers
to replace point-to-point flights by connecting flights
through their hub airport.

Future work aims at designing recovery strategies taking into
account the large uncertainty in demand, in terms of network
structure, schedule design and aircraft assignment to routes. A
feedback from airlines would be valuable to go into analysis in
depth and reinforce proposed insights highlighted through this
study. A qualitative analysis on passenger satisfaction such as
in [12] would complement the presented study. Such analysis
would help to understand the impact of COVID-19 pandemic
on the air transportation system through the passengers’ eyes.
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