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Introduction:

Flight Data Monitoring (FDM), or Flight Operation Quality Assurance (FOQA) is the process
of recording and analysing data from the aircraft’s Quick Access Recorder (QAR). FDM is a
powerful tool for airlines and regulators to analyse and quantify safety performance and is
typically integrated into their Safety Management System (SMS). The exceedance events are
classified into the EASA FDM categories, such as Controlled Flight Into Terrain (CFIT), Loss
of Control In-flight (LOC-I), Mid-Air Collision (MAC) and Runway Excursion (RE). This
classification enables a standardised event analysis, whose events can then be assessed through
their severity [1]. It has been determined, based on the EASA FDM categories, that on average
CFIT, LOC-I, and RE events present the highest severity [2]. In general, recurring events with
a low severity are preferable to infrequent events but with a much higher severity level. Pilots’
inputs on the controls are recorded, but it is difficult to perform a naturalistic decision-making
analysis behind the sole inputs [3]. For this reason, pilots are usually encouraged to submit Air
Safety Reports (ASRs) if they encountered any incident. The ASR consists of a form which is
filled out by the pilots, containing information regarding the flight conditions (aircraft type,
weather, flight phase) and a written description of the encountered event. The submission of
an ASR can be mandatory for some events such as a Traffic Collision and Avoidance System
resolution advisory; these requirements are laid down by ICAO [4]. Airlines can also make

additional events mandatory to report, such as go-arounds.

The just culture principles must be strictly followed when handling ASRs, to maintain an
adequate reporting culture within the organisation. A just culture ensures that the person
reporting an honest error, or an unsafe condition does not get blamed so that the submitted
feedback can contribute to improving safety. It thus contributes to an atmosphere of trust within
people and a willingness to submit reports [5]. Moreover, the submitted reports and/or data
need to be anonymised so that the persons involved cannot be blamed. However, deliberate
unsafe actions (for instance reckless noncompliance) must still be sanctioned. To implement
and maintain an effective just culture programme within an organisation, it must be
documented and thus defined accurately and precisely. The reporting system must be linked to
the just culture programme and closely monitored to identify any possible deviation.
Mishandling of ASRs can lead to a loss of motivation to report, therefore preventing an
organisation to learn from the encountered incidents [6]. Typically, ASRs are combined with
FDM events to gain a broader understanding of a situation beyond the raw data, combining the

data with the pilot’s subjective assessment of the incident [7].



Relative Work

Today’s flying environment is characterised by its complexity and requires specific
competencies among pilots which are prone to decay and as such require upkeep [8]. Pilots’
proficiency can be divided into two categories: technical skills (such as manual flying skills)
and non-technical skills (such as situation awareness and teamwork). The retention of these
skills during the onset of the COVID-19 pandemic has been a challenge for pilots, airlines, and
regulators. Studies have shown that there has been an increase in FDM event frequency which
can be related to flying skills, therefore raising concern about a potential skill decay [9].
Through the quantification of operational threats, operators can adapt their procedures and/or
establish training objectives for crews. During a flight, pilots constantly make decisions, i.e.,
based on their situational awareness project possible outcomes, and decide the appropriate
course of action, according to the Threat and Error Management principles [10], [11]. This
implies weighing the risks and the benefits implied in the various courses of action which is
based on the balance between potential losses and perceived gains [12]. It therefore also
involves the appraisal of one’s capabilities [13]. Thus, risk perception varies from person to
person and is dependent on various individual factors such as training and experience [14], [15]
and on external factors such as the environment (place, time of the day, environmental
conditions). Environmental and operational factors can act as stressors (time pressure, weather
etc.) which are known to have an impact on decision-making [10]. Pilots’ abilities to analyse
risks are also based on the quality of observable information, i.e., on the available cues and
their clarity or ambiguity. Ambiguous cues can lead to pilots misperceiving potential risks,
therefore impairing their risk assessment [16], [17]. Increased risk tolerance has also been
demonstrated to positively correlate with mental workload [18] and can have a negative effect
on situation awareness [19]. An example of this correlation is the cognitive plan continuation
bias which leads to a person continuing with an initial plan despite changing conditions. Several
studies related to risk assessments of airline pilots demonstrated that pilots can be
overconfident when operating in a dynamic environment. As their mental workload increases,
they tend to underestimate environmental risks which in turn increases the likelihood of a

higher risk-taking behaviour [20].

The perception and evaluation of risks also play a role in pilots’ willingness to submit a report
if they deemed that they encountered an incident. There appears to be a “self-protection” effect
in pilots submitting a report: events related to the environment (such as procedures, weather,

and hardware) are more likely to be reported than individual errors. Therefore, it is likely that



the airline’s distribution of reports is biased towards environmental factors whereas individual
errors are to an extent less represented. This has an impact on the safety monitoring abilities of
the airline [21]. Moreover, pilots are more likely to report events which they perceived to be
of high risk rather than events deemed to be of a lower risk [21]. It is to be noted that the
majority of studies involving the analysis of risk perception among pilots focus either on
questionnaires or simulator experiments involving assessing a particular scenario. Few studies
have been conducted that aim at focusing on flight operations instead of a closed, managed
experiment with less variability. However, one study demonstrated significant correlations

between pilots’ risk tolerance and specific FDM exceedance events, such as long landings [20].

Method

FDM data comprising 3702 events among 123,140 flights was collected within a major
European airline operating both short-haul and long-haul flights across 24 months between
2019 and 2021 including 398 events with an associated Air Safety Report (ASR). These ASRs
are optionally submitted by pilots following an in-flight event that they considered hazardous,
as having deviated from acceptable flight parameters, or where a safety report may benefit the
airline and/or other pilots. The FDM events were classified by the airline into one of the four
main categories according to EASA [1]: CFIT, LOC-I, MAC, and RE precursors. In addition
to the classification, each FDM event features an associated common severity index score, on
a linear scale starting from 0 upwards, which indicates the assessed severity of the event based
on an algorithm that is different for each type of event. Two methods are used to determine the
severity index of an FDM event. Discrete events such as a hard EGPWS warning (terrain
avoidance system requiring an immediate maximum climb effort) is graded as 100. Deviations
based on continuous indicators such as an overspeed event are based on the magnitude of the
deviation; a higher deviation leads to a higher severity index score. Overall, reducing the

severity levels is more crucial than the number of events [22].

Within the FDM dataset, for each event, information regarding the submission of an associated
ASR from the pilots was provided. The proportion of submitted ASRs was correlated to the
assessed severity of the FDM event as assessed by the airline. Occurrence frequencies
(percentage of submitted ASRs), means, medians and standard deviations of different variables
(such as severity index scores) were calculated as part of the exploratory data analysis. P-levels

lower than 0.05 were considered to be statistically significant. Following an explanatory data



analysis, The Shapiro-Wilk tests were used which suggested data heterogeneity and non-
normality distributions among the severity index scores. Chi-square tests were used to compare
the frequency of submitted ASRs to the FDM severity index scores, pandemic stages, and FDM
event categories. The dependent variables here represent the frequency of submitted ASRs per
event category, pandemic stage, and severity index. Finally, a new indicator was calculated to
combine both the frequencies of occurrence and their severity. To emphasise the importance
of reducing an event’s severity over its occurrence frequency [22], the new indicator for each
event category is equal to the monthly SI squared multiplied by the monthly occurrence

frequency.

Results

Sample characteristics

Table 1 displays the evolution of the ASR reporting percentage for different ranges of SI for
each stage. Table 2 displays the number of ASRs submitted for each event category. The
percentage of ASRs submitted for five FDM occurrences from June 2019 to May 2021 is shown
in Figure 1. The percentage of ASRs submitted per month started to fluctuate highly from

March 2020 onwards compared to pre-pandemic trends.
Analysis of SI scores and ASR submissions

Chi-square tests were used to determine significant associations between the SI scores and ASR
submissions. Results show that there is a significant association between the SI intervals and
ASRs submitted at stage 1, X2 (3) = 52.773, p < 0.001. There is also a significant association
between the SI score intervals and the number of ASRs submitted at stage 2, X2(3) =41.316,
p < 0.001. Moreover, there is a significant association between the SI interval and ASRs

submitted at stage 3, X2(3) = 15.201, p < 0.005 (Table 1).
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Figure 1: The percentage of ASR reports submitted by pilots among CFIT, LOCI, MAC, and
RE based on FDM occurrences from June 2019 to May 2021

Table 1: Number of ASR submitted for each severity index interval and percentage of ASRs

submitted
SI Interval NOASK | ASR submitted | ,ccaomage of

Stage 1

0-24 535 93 14.81%
25-49 971 58 5.64%
50-74 313 46 12.81%
75 —-262 202 43 17.55%
Total 2021 240 10.61%
Stage 2

0-24 220 30 12.00%
25-49 382 17 4.26%
50-74 152 14 8.43%
75 —-298 177 45 20.27%
Total 931 106 10.22%
Stage 3

0-24 93 11 10.58%




25-49 139 14 9.15%

50-74 64 7 9.86%

75-190 56 20 26.32%
Total 352 52 12.87%
Total stages

0-24 848 134 13.65%
25-49 1492 89 5.63%

50-74 529 67 11.24%
74 - 298 435 108 19.89%
Total 3304 398 10.75%
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Figure 2: SI scores squared multiplied with their respective occurrence frequency over the
three stages and five EASA categories

There is a significant association between the FDM event categories and the submitted ASRs.
X2(3) =482.0, p <0.001. Runway Excursion events were the less reported event type by
pilots, however, these feature the highest average severity index scores, whereas MAC events
(which include mandatory reporting events) feature a comparatively lower severity index.

The ASR reporting percentage remained at fairly steady levels before the COVID onset and



started to fluctuate highly from March 2020 onwards, except for RE events (figure 1).
Overall, the reporting percentage increased for CFIT, and LOC-I events, especially in the
third stage, but not for RE events. Furthermore, the reporting rate is slightly higher on the
long-haul fleet compared to the short-haul fleet, although not significant (X2(2) = 0.014, p >
0.5 - table 3). However, there was no significant association between the reporting rate and
the three stages neither for the short-haul fleet (X2(3) = 0.048, p > 0.5), nor for the long-haul
fleet (X2(3) =0.11, p>0.5).

Table 2: Cross-tabulation of the submitted ASRs for each FDM event category over the three
pandemic stages

Stage 1 Stage 2 Stage 3 Total
ASR 33 13 9 55
CFIT No ASR 164 68 20 252
Percentage | 16.75% 16.05% 31.03% 17.92%
ASR 76 52 21 149
LOC-I No ASR 500 209 37 746
Percentage | 13.19% 19.92% 36.20% 16.65%
ASR 71 14 8 93
MAC No ASR 57 14 9 80
Percentage | 55.47% 50.00% 47.06% 53.76%
ASR 60 27 14 101
RE No ASR 1300 640 286 2226
Percentage 4.41% 4.05% 4.67% 4.34%
ASR 240 106 52 398
Total No ASR 2021 931 352 3304
Percentage 10.61% 10.22% 12.87 % 10.75%

Table 3: ASR reporting rate for short-haul and long-haul aircraft

Stage 1 Stage 2 Stage 3 Total
< ASR 184 79 28 291
ort- No ASR 1731 791 215 2737
haul fleet
Percentage 9.61% 9.08% 11.52% 9.61%
ASR 56 27 24 107
L"‘i‘]ge'ga“' No ASR 290 140 137 567
Percentage | 16.18% 16.17% 14.91% 15.88%
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Figure 3: ASR submission percentage versus severity index for each EASA category and
stage

Discussion

The results also demonstrate significant associations between the ASR submissions and the
FDM exceedance severity index scores (Table 1). Events with a low severity index or with a
high severity index are more prone to be reported. This discrepancy increased in stages 2 and
3, although the percentages overall remain low. Furthermore, no differences between fleets
appear to exist, indicating no influence of the aircraft type nor the type of operation (short-haul
or long-haul) on pilots’ willingness to submit an ASR (table 3). At first glance, it seems to
contradict the results of Sieberichs & Kluge (2018) who found that the higher the perceived
risk, the higher the likelihood of the event being reported [21]. The higher percentage of lower
severity events which are reported can be explained by the higher percentage of MAC events
reported, as they feature a relatively low overall severity index score (Figure 1; Table 1 & 2).
The results from Figure 3 indicate resilience within the airline. The average SI for CFIT and
LOC-I events decreased from stage 2 to stage 3 while the frequency of ASR increased, possibly
indicating better feedback from the pilots to the airline’s flight safety department. The decrease
in the MAC event reporting rate can be explained by the reduced frequency of TCAS resolution



events from stage 1 (49% of all MAC events) to stage 3 (35%). MAC events consist either of
TCAS resolutions, which are mandatory to be reported, and altitude deviations, which are not.
Therefore, the decrease in TCAS resolution event frequency can explain the drop in the overall
reporting rate. These results might also indicate that pilots tend to better recognise external
factors concerning their flight (such as potentially conflicting traffic) rather than internal ones

(such as a high rate of descent on the final approach).

However, RE events remain the events with the lowest reporting rate (4.34%, table 2) and a
comparatively high severity index, which increased during the pandemic. RE events feature
many different factors ranging from technical aspects (system malfunctions) to organisational
aspects (crew training, SOPs, communication) and environmental factors (weather, runway
state) [23]. RE remain a key risk factor and as such have been integrated into the 2023-2025
ICAO Global Aviation Safety Plan [24]. RE event severity and frequency remain
comparatively high and with a steadily low reporting percentage. RE events are sensitive to
skill decay as they require both a high level of manual flying skills and non-technical skills
from pilots such as teamwork and situation awareness to properly manage the aircraft’s energy.
The identification of threats linked to RE can be challenging as these occur during the take-off
and approach and landing phases where the workload is already high. Therefore, unanticipated
threats during these flight phases can pose a greater safety risk. A study by Jarry (2021) [25]
demonstrated that the ratio of atypical approaches (such as glide slope interception from above
and high energy approaches) increased by 50% at Paris Charles De Gaulle Airport, France
although the traffic had declined by 90%. This increase is due to the shorter approaches offered
by ATC to the pilots, which optimised the flight paths but also created new threats, which could
have had an impact on flight safety. These threats may have not been perceived by ATC, pilots,
and airline safety management in the first months following the pandemic onset. With
hindsight, pilots indicated that the flying environment due to the COVID-19 pandemic
increased in complexity [26]. Moreover, due to the uncertainty following the pandemic onset,
they did not necessarily seek to maintain their proficiency by themselves and while technical
skills such as manual flying skills were regained quickly, it took longer to regain non-technical
skills such as the management of information and workload management [26]. Risk factors
related to flight operations can be perceived differently depending on pilot experience,
workload, and state (such as fatigue). Risk perception can also be influenced by dynamically
changing conditions, where outcomes are uncertain [16], [27]. Studies have shown that humans

prefer to choose options related to known outcomes over unknown outcomes, even if the



unknown outcome’s utility is potentially better [28]. Furthermore, RE events feature a wider
range of possible situations than the other four EASA categories, and with fewer warnings
(e.g., compared to a GPWS warning for a CFIT event). The increase in reporting rate for LOC-
I and CFIT events and their subsequent decrease in severity index during the third stage (figure
2) indicates that the relevant safety measures have been taken collectively within the airline to
address potential risks and strengthen the reporting culture. This finding is corroborated by the
evolution of the SI?> X frequency indicator of each event category (figure 2), which tends to
decrease from stage 2 to stage 3. Following an initial disturbance (as the pandemic started to
spread — stage 2), both the airline’s safety and training departments as well as the pilots were
able to cope with the threats which arose from this new flying environment. Uncertainty and
stress have been demonstrated to have a greater effect on pilots with a comparatively lower
experience. Had no training measures and procedures been in place, it is reasonable to expect
that the SI would have stayed constant or even increased from stage 2 to stage 3 while the
reporting rate wouldn’t necessarily have increased. As the pandemic started different concerns
emerged among airlines, regulators, and pilots. Airlines and regulators were concerned about
safe and organised flight operations whereas pilots’ concerns focused prominently on the
uncertainties regarding their job stability and fatigue. The airline was able to implement both
training sessions and operational measures on an organisational level because of its previously
accumulated safety experience and by following the regulator’s guidelines. By taking into
account the concerns, influences, and actions related to the task of operating an aircraft and
addressing them, the airline increased team resilience and each pilot’s resilience (figures 2, 3,
and 4) [29], [30]. These may also have had a positive impact on pilots’ abilities to recognise
potential new threats and encourage their reporting, thus contributing to the airline’s informed
culture. These results can also prove useful to airlines which employ a high number of seasonal
or freelance pilots and pilots whose flying hours fluctuate highly from season to season.
Similarly, aircraft operators flying in very changing environments on an ad-hoc basis (such as
corporate aircraft or medevac aircraft) might profit from these results as identifying threats in

highly changeable environments can be challenging [31], [32].
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performance [30]

Finally, these findings can provide information for future data analysis tools such as the
Universal Virtual Flight Data Recorder (UVFDR) [33]. As UVFDR aims at a real-time data
analysis while the aircraft is in flight, highlighting differences between the data-driven risk
analysis and individual risk perception can be useful to improve flight pattern analysis and
provide useful assistance to the pilots. Understanding and resolving differences in risk
perception between the actors involved would ensure a better and more importantly shared
situational awareness between the pilots and the ground analyst. Text-recognition algorithms
could also be used to integrate the ASR text content within the FDM data analysis before its
usage by a flight data analyst.

Limitations

Outlier detection such as FDM is a useful tool for detecting safety-critical events due to its
ability to monitor degradation in mechanical systems [34]. FDM as of today is however
inherently limited due to it focusing on the absence of safety instead of its presence. As the
flying environment’s complexity increases, operators are dependent on the fact that exceedance

events need first to occur before remedial actions can be taken. Weather disruption could also



trigger an increase in FDM occurrences which would normally be related to manual flying
skills and could bias the results. Finally, the data in this study does not indicate the content of
the Air Safety Reports. No conclusion can therefore be made regarding the quality of the
reporting in terms of content. Only the presence or absence of an ASR for each FDM could be

determined.

Conclusion

This study shows that the airline and its pilots demonstrated resilience as threats relating to
LOC-I and CFIT events were properly identified after a few months following the pandemic
onset. This led to both a decrease in FDM event severity and an increase in reporting rate for
these two categories. However, additional measures need to be implemented to address safety
risks from runway excursion precursors in line with the ICAO Global Aviation Safety Plan
2023-2025. These findings highlight the gap between the perceived severity during a flight by
pilots and the actual data-driven indexed event severity within an airline’s SMS. Bridging the
gap between perceived and indexed severity can help safety managers to improve risk analyses
and pilots better recognise potential threats. Finally, it can also facilitate developing campaigns
to encourage pilots to submit ASRs for events which they may have considered to be of less
relevance otherwise. Currently, FDM is a part of every major airline’s safety and reporting
culture, which is non-punitive, and with protected data sources. There is a constant feedback
process among individual crewmembers, the flight safety department, pilot unions, and airline
management. Crew’s trust in an airline safety management system and FDM Programme is

paramount in ensuring its effectiveness and contribution to aviation safety.
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