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A B S T R A C T

Unmanned aircraft systems (UASs) have experienced a notable surge in applications, particularly with the 
increasing deployment of vertical take-off and landing (VTOL) vehicles in urban environments, which are more 
flexible in comparison to traditional aircraft. Nevertheless, the advantages of using VTOLs come with an increase 
in operational risks, too. Although there are approaches to support the fulfillment of safety objectives for VTOL 
operations, none of them specifically consider the type of weather information needed to guide decision-making 
successfully. Having detailed weather forecasts within operational areas can help avoid unwanted outcomes 
while assuring safe operations and mission success. On this basis, this paper proposes an innovative methodology 
to support decision-making in VTOLs missions, emphasizing the importance of weather forecasting practices. The 
decision support methodology presented in this study involves four phases, which consider different timespans (i. 
e., from more than two weeks before up to two hours before the mission), eventually assessing dedicated 
feasibility indexes. A case study is proposed to show how the methodology could be implemented into a decision 
support system with the objective of guiding VTOL decision makers in identifying the most suitable vehicle to 
ensure successful operations in various contexts from innovative air mobility solutions towards industrial in
spection practices.

1. Introduction

Over the last few years, Unmanned Aircraft Systems (UASs), 
commonly referred to as “drones”, have witnessed a significant surge in 
applicability, emerging as a promising technology with a broad range of 
potential uses (Quintanilla García et al., 2021). These vehicles fall under 
the Advanced Air Mobility (AAM) ecosystem and the rise in applicability 
is evident in the growing adoption of drones in urban areas (Palmerius 
et al., 2024), reflecting a profound shift in technological capabilities and 
societal needs, which drove their market share to new heights. The 
unparalleled versatility and efficiency that drones offer in navigating 
complex and densely populated urban environments are among the 
main drivers behind this trend (Raghunatha et al., 2023). Unlike con
ventional manned aircraft, drones offer improved accessibility and 
agility, making them extremely suitable for various purposes in in
dustry, and for different tasks to serve society in general. For example, 
UASs are used for surveillance and security control, as well as for search 
and rescue missions (Márquez et al., 2023). Also, e-commerce industries 

such as Amazon, FedEx, UPS, and DHL have begun experimenting the 
use of drones for last-mile delivery (Zieher et al., 2024), achieving major 
cost savings and improved responsiveness, in comparison to traditional 
modes of transportation (Quintanilla García et al., 2021).

However, the unprecedented utility of drones comes with an increase 
in operational risks (Oh and Yoon, 2022). Ensuring the safety of airspace 
operations and promoting the sustainable development of airspace 
systems have become paramount concerns (He et al., 2023). To this 
purpose, in early 2023, the unmanned-space (U-space), has been offi
cially considered in legislation. The U-space represents the airspace 
where UAS operations are allowed with the help of specific services 
dedicated to unmanned traffic (Aposporis, 2024). Specifically, the 
Regulation 2021/664 (European Commission (EC) 2021) lays down 
rules and procedures for: (i) the safe operations of UAS in the U-space, 
(ii) the safe integration of UAS into the aviation system, and (iii) the 
provision of U-space services. Thus, U-space is meant to create condi
tions for both unmanned and manned aircraft to operate together, 
allowing industries to continue scaling up the market for drone-related 
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services.
Despite the peculiar attention for the management of U-space, the 

potential for incidents and misuse escalates as drones become more 
present in the urban airspace. Such aspect poses new challenges to 
safety, too. An incident related to drone operations could have serious 
repercussions not only in economic terms, but for the population 
residing in the area being affected, too, eventually impacting the societal 
acceptance of drones in urban areas at large (Wang, Mutzner, and 
Blanchet, 2023). The concerns about safety for drone operations 
prompted the European Union Aviation Safety Agency (EASA) to 
develop the Specific Operations Risk Assessment (SORA) methodology 
(European Union Aviation Safety Agency (EASA), 2024). This latter is 
used to classify the risk posed by a drone flight with respect to three 
categories of operations, namely: 

• Open (low risk): Referring to drones with a maximum take-off mass 
lower than 25 kg and flying lower than 120 m above ground level;

• Specific (medium risk): Referring to drones with a maximum take-off 
mass higher than 25 kg and flying higher than 120 m above ground 
level;

• Certified (high risk): Referring to future drone flights with passen
gers on board (e.g., air taxi).

The SORA methodology aims to classify risks related to drones’ 
flights with respect to the category of operations, ultimately identifying 
mitigation measures to fulfil safety objectives. As such, the SORA 
methodology guides the recognition of operational limitations, training 
objective, and technical requirements for both the drone and its oper
ating procedures (European Union Aviation Safety Agency (EASA), 
2024). After the risk has been classified, in order for the competent 
authority to approve the mission, the UAS operator must ensure 
compliance with 24 operational safety objectives (OSOs) – more or less 
stringently, according to the risk level. Among all the OSOs, the 23rd 
mentions “Environmental conditions for safety operations are defined, 
measurable and adhered to”, recognizing weather as a problematic 
factor that must be considered to achieve drones’ mission success. 
Despite this acknowledgement, the SORA methodology does not present 
any specifications about the type of weather information needed to 
support the management of safe drones’ operations.

Drones cannot fly in all weather and, consequently, weather condi
tions are among the greatest concerns for missions’ success (Gao et al., 
2021; Popper et al., 2024). Depending on their size, drones must meet 
specific constraints within which they can safely accomplish the inten
ded purpose. Basic constraints are related to weather attributes such as 
wind speed, temperature, humidity, or peculiar weather phenomena 
such as (e.g.) fog and rain (Rajawat, 2021). To mention few examples: (i) 
high wind speed could favor loss of vehicle control; (ii) too high or too 
low temperatures could reduce battery performances; or (iii) rain could 
damage electronic devices on-board (Steiner, 2019; Hagag et al., 2021). 
It is evident from these few simple examples how meteorological con
ditions represent a paramount aspect to be considered when preparing a 
drone mission. In other words, knowing the weather conditions in the 
operational area in which the mission will take place in “as much detail 
as possible” could be nothing but beneficial in order to avoid unpleasant 
events.

Research has been conducted in recent years to reduce weather- 
related risks in drones’ missions. For example, Reiche, Cohen, and Fer
nando (2021) proposed an approach to identify locations with the most 
favorable weather condition for hosting drone operations starting from 
historical Meteorological Aerodrome Reports (METARs) and Pilot Re
ports (PIREPs). Schweiger, Schmitz, and Knabe (2023), instead, 
analyzed the impact of wind speed and gusts on airside traffic flows at 
vertiports exploiting historical METARs. The results obtained were 
aimed at supporting decision makers and planners in selecting the most 
wind-favorable location for the vertiports. A different approach was 
proposed by Hristozov and Zlateva (2018) where historical 

meteorological data were not exploited at all. Authors defined guide
lines for choosing which drone to use in specific weather critical con
ditions, e.g., when smoke from wildfires is present, and performances of 
certain drones are restricted because of sensors being obscured. How
ever, to the best of authors’ knowledge, there is no track of methodo
logical solutions considering: (i) weather attributes at different phases of 
the missions’ planning; and (ii) the dynamic and continuously changing 
nature of weather forecasts.

Accordingly, this paper proposes an expert system to support drone 
operations, emphasizing the importance of continuously considering 
weather attributes for mission planning and execution. The research 
question is stated as follows: how can weather forecast processes support 
decision makers in identifying the most suitable VTOLs to carry out the 
intended mission? The research question will be addressed providing a 
methodology which takes advantage of machine learning (ML) algo
rithms to enable predictive capabilities starting from weather informa
tion. With such information, a set of indexes is proposed to ensure the 
outcomes of the proposed methodology to be operationalized and thus 
friendly for decision makers.

The remainder of the paper is structured as it follows: Section 2
details the proposed decision-making process based on meteorological 
data that VTOL operators shall follow to be supported towards successful 
operations. The section also focuses on the data source being exploited 
at each planning phase, and their relationships with defined indexes. In 
Section 3 the proposed methodology is applied to a realistic case study, 
emphasizing the feasibility of the approach, eventually showing its 
effectiveness in supporting decision-making. Section 4 discusses both 
strengths and limitations of the proposed approach, also outlining di
rection for future developments. Finally, Section 5 suggests some 
concluding remarks on this work.

2. Methodology

This section presents the methodological foundation of this paper. 
The presented approach is meant to support the planning phase of drone 
operations (both long-term and short-term) and eventually the real-time 
management of mission with respect to weather forecasting processes. 
As discussed above, weather plays a crucial role in the mission planning 
phase of drones and having the most accurate and reliable weather 
forecast available, as early as possible, is critical to both the planning 
and the safe accomplishment of the mission. Weather forecasts for op
erations in urban environments involve specific considerations and they 
are associated with multiple decision-making phases. While various 
factors contribute to errors in the forecasting process, this work mainly 
focuses on assessing the feasibility of the mission at different timespans 
by: (i) determining the reliability of the prediction; and (ii) presenting 
insights on the prediction as clearly as possible. These aspects allow 
decision makers to ensure the identification of the date, the area, and the 
vehicle to assign to a mission with much accuracy as possible.

2.1. Mission planning phases

Given the aforementioned objectives, the development of individual 
tools and methods of analyses, along with their input data, shall vary 
depending on the phase of the planning process. With this in mind, Fig. 1
divides the planning process into four phases, which are distinguished 
by the time in which they occur. Each phase is presented with the input 
data available to the weather forecasting process (i.e., “Available 
weather data”, cf. Fig. 1) and the related forecasting process which could 
be performed (i.e., “Forecasting process”, cf. Fig. 1). The output of the 
forecasting process becomes part of the decision variables that can be 
used for operations planning and management (i.e., “Decision vari
ables”, cf. Fig. 1). Such variables are used to compute a set of indexes 
meant to support the decision-making process at each phase (i.e., 
“Weather-based feasibility indexes”, cf. Fig. 1). The following sub
sections (i.e., Section 2.1.1 – 2.1.4) contextualize each methodological 
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phase. The set of indexes to be assessed is detailed, instead, in Section 
2.2.

2.1.1. Phase 1: More than 2 weeks prior to the mission
The first phase accounts for the use of statistical forecasts, relying 

solely on observations and employing methods to determine their fre
quencies. As a result, the forecast maintains a consistent level of skill, 
offering the advantage of being calculable at any point throughout the 
year, even up to a year prior to the mission. For this reason, this forecast 
holds significant utility in identifying suitable areas and periods for the 
mission. From both meteorological and climatic perspectives, this phase 
plays a crucial role in transferring knowledge regarding local conditions 
to both the system and decision-makers. However, this information must 
be correlated with vehicle characteristics, because areas and times of the 
year that may be acceptable, weather-wise, may have to be discarded 
due to technical limitations (e.g., good weather with excessively high 
temperatures could be an impediment for vehicles equipped with bat
teries whose operational limits dictate use at lower temperatures than 
those forecasted). Eventually, this first phase provides extremely useful 
information about both the area and time of the mission and the first 
identification of suitable VTOL vehicles.

2.1.2. Phase 2: From 2 weeks to 24 h prior to the mission
The second phase introduces the initial predictions commonly 

accessible, which stem from global models. These numerical forecasts 
offer weather forecasts worldwide, serving as a robust starting point for 
refining statistical forecasting techniques, exemplified by the GFS model 
(National Centers for Environmental Prediction/National Weather Ser
vice/NOAA/U.S. − Department of Commerce, Computational and 

Information Systems Laboratory, 2015). With the GFS and ECMWF 
(European Centre for Medium Range Forecasting) global models offer
ing an archive of their runs spanning over eight years, it is possible to 
leverage them advantageously to train machine learning models that 
predict properties such as the next update, accuracy, extremity, or 
variance. From a meteorological perspective, this phase embodies the 
forecaster’s rationale as they meticulously monitor the model’s behavior 
during updates and draw upon their experience with the archive. 
Through this process, they carefully estimate the final value, which 
tends to be more accurate as the mission approaches.

At this point, planners can leverage this increasingly detailed infor
mation to continue to refine the decision-making process. After 
compiling the first ranking of the most suitable drones to accomplish the 
mission at hand, in this second phase the focus shifts to figuring out 
whether the new weather data available in this phase allow the VTOL 
vehicles identified as suitable for the mission to be confirmed. To this 
end, VTOL vehicles’ characteristics remain paramount, complemented 
by mission parameters (i.e., wind resistance, service ceiling, vertical 
speed, horizontal speed). Therefore, comparing these technical charac
teristics with forecasts allows operators either to confirm the choices 
made in the previous phase (e.g., a certain VTOL was suitable for the 
mission and, in light of new weather data, continues to be so) or update 
their choices (e.g., a VTOL that, in the previous phase, was considered 
suitable for the mission, is now no longer suitable and therefore loses 
places in the ranking).

2.1.3. Phase 3: From 24 h to 2 h prior to the mission
The crucial step for planning occurs at the third phase, i.e., approx

imately 24 h before the mission. At this point, local models are readily 

Fig. 1. Schematization of the four-phase planning process. It involves the utilization of preliminary statistical forecast (Phase 1), long term forecast based on global 
models (Phase 2), less than 24 h forecast updated by new model predictions integrating local models (Phase 3), and the update through landing forecasts (Phase 4).
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available, although, in most cases, they could be accessible two or three 
days prior to the mission, too. This phase represents a great potential for 
the spatial refinement as well as in the hourly update of values (e.g., high 
resolution rapid refresh (HRRR) model is available for the US (Benjamin 
et al., 2016)). However, a challenge arises because of the disruption of 
data sources and methodologies being available. Integrating these 
diverse forecasting processes poses a significant obstacle that must be 
addressed by specific algorithms. Ideally, this algorithm should rely on 
robust methods to effectively manage this mixture of input. This phase 
also holds significant operational importance because it is extremely 
close to the mission and more reliable forecasts are available. It supports 
the operator with a more truthful view of the expected weather condi
tions. Starting from the decisions being made in the previous phase, at 
this stage the operator can once again proceed with the VTOL validation 
process, in a similar way as outlined in the previous phases. At this stage, 
approaching the time of the mission, it is expected that the decision 
maker will not consistently change the choices made previously, but the 
purpose here is to take advantage of the new weather sources to obtain 
further confirmation. However, since this phase is extremely close to the 
day of the mission, it may also happen to observe weather-related up
heavals, causing substantial changes in the conclusions drawn in the 
previous phases.

2.1.4. Phase 4: From 2 h prior to the mission, to the mission itself
The subsequent critical point occurs approximately 2–3 h before the 

mission, where nowcasting methods could be employed (WMO- 
No.1198). These methodologies differ significantly from the before 
applied forecasting approaches as they provide highly precise weather 
information in very short time intervals. Nowcasting partially abandons 
reliance on the numerical weather models. Instead, it heavily relies on 
accurate measurements and observations from various sources such as 
weather stations, radars, and satellites, along with short-term forecasts 
like landing and take-off forecasts. In this latter phase, any changes by 
the planner would be based on the same parameters considered in the 
previous phases. However, being in the time instants immediately pre
ceding the mission, this assumption has to be possibly averted. For this 
reason, the presented approach aims to assess the situation with preci
sion in advance, ensuring decision-makers to be not overly reliant on 
nowcasting data for making timely decisions but can instead plan well 
and on time. Notwithstanding, there may be special situations when 
severe and unforeseen weather conditions occur, leading the decision 
maker to make last-minute decisions, which could be eventually sup
ported in this last methodological phase.

2.2. Weather-related feasibility indexes

This subsection details the indexes which are used to support deci
sion makers in the planning of the mission.

2.2.1. Description of indexes
To integrate the quantities predicted by meteorological models and 

interpreted by the system into a single graph, table or map, indexes have 
been devised to convey the following information: 

• Data source reliability. To provide insight into the reliability of the 
data source, derived from historical analysis, informing users about 
the trustworthiness of the information provided;

• Vehicle suitability. To assess whether conditions are favorable or 
adverse for mission execution with respect to specific vehicle’s 
characteristics;

• Mission consumption. To evaluate the potential impact on the 
mission of increased energy consumption, based on meteorological 
data.

The proposed indexes incorporate the following values obtained 
from the numerical weather model or subsequent analysis: 

• Predicted Value. Represents the meteorological parameter such as 
wind speed, temperature, etc., being forecasted for a given time and 
location;

• Probability of Change. Indicates the likelihood of a change occurring, 
typically in relation to predefined thresholds for vehicle operations;

• Accuracy of Forecasts. Reflects the fraction of the accurately pre
dicted values across different forecasts for specific thresholds.

The indexes are also associated with three main domains: 

• Vehicle. Referring to vehicle-related metrics, encompassing factors 
directly related to the vehicle’s operation or performance;

• Mission. Relating to mission-specific parameters, such as fuel con
sumption along a particular flight path;

• Forecasting approach. Involving metrics related to specific forecast 
approaches, such as the predicted reliability of the numerical model 
weather forecast.

The proposed indexes, elaborated upon in further detail, and calcu
lated (or better predicted) using statistics and machine learning, are 
featured in Table 1.

The indexes presented in Table 1 provide concise answers to user 
queries by quantifying relevant information into single values. For 
instance, the information obtained could be translated as: VRSRI is 
indicating a 95 % trust in the sources used for this calculation, there is a 
5 % chance of encountering adverse conditions, and mission is expected 
to pose very low energy requirements.

Data source reliability
In the context of vehicle operations and forecast reliability, the 

Vehicle-Related Source Reliability Index (VRSRI) represents the pre
sumed accuracy of a given forecasting approach in predicting weather 
attributes Cj,k. 

VRSRIj =
∑K

i=1

CF(Ck)

Nk
(1) 

where: k = 1, ⋯, K, where K represents all the weather attributes of 
interest, i.e., all the ones for which it exists an upper or lower limit for 
the characteristics of the j-th VTOL; Nk is the total number of predictions 
made for the k-th attribute; and CF(Ck), can be defined considering the 
threshold values Xj,k of drone characteristics (e.g., maximum wind 
resistance, or maximum or minimum operating temperature), relative to 
the predictions as it follows: 

CF(Ck) =⎧
⎪⎪⎨

⎪⎪⎩

1 if F(Ck) ≤ X’
j,k and A(Ck) ≤ X’

j,k with X’
j,k existing upper limit or

1 if F(Ck) ≥ X’’
j,k and A(Ck) ≥ X’’

j,k with X’’
j,k existing lower limit or

0 otherwise

(2) 

Let F(Ck) be the forecasted value of the given weather attribute and let 
A(Ck) be the actual observed condition. In a hypothetical scenario, 
suppose a forecasting approach demonstrates commendable overall 
accuracy across various parameters. However, it consistently fails to 
forecast wind speeds around threshold value of our vehicle accurately. 
Such inconsistency poses a substantial concern.

In simpler terms, VRSRI determines whether the source of weather 
information meets reliability standards for one specific user (a vehicle), 
ensuring it is reliable and relevant. It serves as a single-metric evaluation 
of forecast accuracy tailored to individual vehicle needs, aiding in the 
identification of unsuitable forecasts that disregard specific vehicle 
limitations. This prevents scenarios where the source appears overall 
reliable simply because it consistently predicts stable weather or 
constantly favorable conditions.

Vehicle suitability
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The Vehicle-Related Feasibility Index (VRFI) represents the proba
bility that a specific performance threshold Xj,k will be exceeded (or not) 
by actual conditions A(Ck), given the current forecasted conditions 
F(Ck), which are defined by a set of K weather attributes. These latter 
represent the predictors (or in ML terminology, the features) that are 
typically derived from suitable forecast values, such as those provided 
by numerical weather models. The VRFI is defined as it follows: 

VRFIj,k = P(A(Ck) ∈ [Xʹ
j,k , Xʹ́

j,k]

⃒
⃒
⃒F(Ck) ) (3) 

where Xʹ
j,k and Xʹ́

j,k are the existing lower and upper limit, respectively. If 
no threshold is defined, they can assume respectively equal to − ∞ and 
+ ∞.

Mission energy consumption
The Energy Efficiency Rating index (EER) is established to quantify 

potential energy savings in a given location and flight direction, ranging 
from 0 to + ∞. A value of 0 represents the least demanding flights 
(ideally, no energy consumption), while a value of +∞ indicates flights 
with infinite energy demands. To compute EER, the energy consumption 
is estimated using the D’Andrea’s formula to model the force combining 
aerodynamic and design aspects into one parameter (Kwasiborska et al., 
2023), which is then multiplied by the distance d to be traveled for 
completing the mission: 

EER =
1

1 − φ
•

(
g
∑3

c=1mc

r • η

)

• d (4) 

where g is the force of gravity (g = 9.8 m/s2); mc consist of the mass of 
components, i.e., the drone itself, the battery, and the payload (mc =

m1 + m2 + m3); r represents the lift to drag ratio; and η is the efficiency 
of the VTOL. φ allows the inclusion of the headwind in Eq. (4), as it 
follows: 

φ =
Vw

Va
(5) 

where Vw represents the wind speed calculated exploiting the weather 
forecasting processes, and Va is the speed of the VTOL. We assume this 
latter to be equal to the maximum horizontal speed of the vehicle, 
ensuring the EER calculation to err on the side of caution. The headwind 
factor φ is a dimensionless quantity ranging from − 1 to 1, assuming the 
drone is not carried by the wind blowing against its intended direction. 
The φ represents the relative contribution of the headwind component to 
the drone’s airspeed. It is expressed by Eq. (5), while the meteorological 
component of the headwind (Vw) is calculated based on the wind speed, 
wind direction, and the drone’s bearing using the following equations: 

θ = |wd − db| (6) 

Vw = ws⋅cosθ (7) 

where wd and ws are the wind direction and wind speed, db is the drone 
bearing, considering 0 as a true north, and θ stands for absolute differ

ence of the wind direction and drone’s bearing, accounting for the 
smallest deviation from the headwind axes.

Assuming the constant drone speed and bearing for fractions of the 
flight path, it is possible to evaluate the impact of wind conditions on 
two main aspects of the flight path: 

• Ground Speed. A higher value of φ translates to a lower ground 
speed, as the drone needs to overcome the opposing wind 
component.

• Energy Consumption. Increased φ necessitates greater engine power 
to maintain air speed, leading to higher energy consumption and 
potentially reduced flight time.

It is also deemed necessary to point out that in Eq. (4) the contri
bution on power consumption made by avionics has been not taken into 
account as it is negligible compared to the others (see (Kwasiborska 
et al., 2023)).

2.2.2. Leveraging the indexes to support decision making
For the effective use of the aforementioned indexes, it is paramount 

to grasp when and how each one can provide valid input throughout the 
different mission phases outlined in Section 2.1. Every index can be 
calculated virtually for each phase of the mission (cf. Fig. 1), but how 
they shall be leveraged must be better detailed. Specifically, a block 
diagram is proposed in Fig. 2, illustrating the step-by-step decision- 
making process that a VTOL operator has to follow before the mission, 
pinpointing where and how indexes should be used.

Considering a generic phase i, the operator starts with a list of VTOLs 
and needs to assess whether a certain VTOL j is suitable for the mission it 
has to fulfill. The first thing to consider are the parameters of the mission 
m (i.e., start point, end point, time of the mission, possible paths, flight 
altitude, and payload), which will give information about the flight 
altitude at which the mission will be accomplished. This value must be 
compared with the service ceiling of the specific VTOL under consid
eration. If the result of the check ends up in assessing VTOL j not being 
able to perform that mission, then the operator will have to repeat the 
process on another VTOL at disposal, eliminating the one previously 
analyzed from the list. If, on the other hand, VTOL j results in being able 
to perform the mission at that particular altitude, then the decision 
process can proceed.

The second task is to use the threshold value of a drone characteristic 
(e.g., maximum wind strength, operating temperature range) along with 
weather forecast information to calculate the VRSRI index (see Section 
2.2.1). This index provides information about the reliability of the data 
source exploited for the considered drone characteristic. Please note that 
there are no specific criteria for defining whether a weather data source 
is reliable, because threshold values may be set according to the mission 
m to be completed, and to the i-th phase of the decision-making process. 
Therefore, it is up to the decision maker to assess this threshold and 
decide whether the index value is acceptable or not. If the data source is 
considered unreliable (or not reliable enough), the process ends because 
the weather-based feasibility assessment is impossible, at least at this 

Table 1 
Feasibility indexes expressing the reliability of the data source, the suitability of the vehicle, and the energy consumption.

Name Information Description Based on Value

Vehicle Related Source 
Reliability Index (VRSRI)

Data source 
reliability

Measure of how reliable the forecast in the past for the 
threshold values of the vehicle was

Predictions and observations 
archive

0 – lowest accuracy 
1 – highest accuracy

Vehicle Related Feasibility 
Index (VRFI)

Vehicle 
suitability

Probability that the predicted values will not exceed the 
thresholds specified for the vehicle in the mission

Predictions and observations 
or (re)analyses

0 – surely worse than 
threshold 
1 – surely better than 
threshold

Energy Efficiency Rating (EER) Mission 
consumption

Measure of how energetically consuming the flight (direction 
oriented) will be

Predictions 0 – minimum 
consumption 
+∞ – maximum 
consumption
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Fig. 2. Flow chart depicting the decision-making process proposed in this paper, exploiting indexes at each phase of the methodology.
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stage (i.e., for the currently available weather data). Please note that it 
would be still possible to carry out mission non-weather-based decision 
making but it is out of the scope of this paper.

The subsequent task consists in calculating the VRFI index. For this 
calculation, the available weather data and current weather forecast 
have to be used. As with the previous index, the VRFI shall also be 
compared to a threshold value set according to the decision maker 
needs. If the value obtained is considered unacceptable, the decision 
maker has to repeat the entire process for another VTOL, if any, also 
updating the VTOL list. On the other hand, if the VRFI value is consid
ered acceptable, the energy consumption of the mission shall be 
analyzed. This is done by computing the EER index using cruise speed, 
maximum take-off weight and current weather forecast (see Section 
2.2.1). At this point, the decision maker must decide again about the 
acceptability of such value. To do so, a new threshold value is chosen by 
the decision maker. The EER value for VTOL j can then be computed for 
every possible path for that vehicle, and acceptability of values is 
checked. Subsequently, the decision maker must select and store the 
most convenient path for that VTOL, if any. If no path is satisfying the 
decision maker needs, the process has to start over for a new possible 
vehicle, if any. Instead, if at least one path meets the imposed re
quirements, the process has to start over anyway. Accordingly, if vehi
cles are still present in the VTOL list, the decision maker shall search for 
the most feasible solution: the data from VTOL j is stored and the list of 
VTOLs is updated (considering VTOL j as suitable for the mission) but 
the process re-starts for another VTOL.

To select the most feasible solution after all VTOLs in VTOL list have 
been evaluated, the Overall Feasibility Index (OFI) is introduced as it 
follows: 

OFI =
a • VRSRI • b • VRFI

c • EER
(8) 

where VRSRI, VRFI and EER are the previously introduced indexes. The 
higher values of VRSRI and VRFI are, the more reliable is the data source 
and the more feasible is the vehicle-related operation; on the other hand, 
the lower the value of EER, the less demanding is that operation. 
Moreover, a, b, and c are constant values that can be set by the decision 
maker to give different weights to the indexes (e.g., if one wants to be 
more rigorous with respect to the reliability of the data source, a higher 
value for the constant a has to be chosen).

Consequently, once the OFI index has been calculated for all the 
VTOLs identified as suitable for the mission, they will be sorted ac
cording to this value. In general, the higher the OFI value, the greater the 
feasibility for that vehicle to be used for the mission.

Once new weather data are available, all the indexes are updated, 
and the process can restart from scratch for phase i + 1, overwriting the 
results obtained in phase i. Otherwise, the process ends with picking the 
most feasible VTOL from the sorted list (i.e., the one with higher OFI) 
and the mission begins.

3. Walkthrough application

In this section, the proposed methodology is operationalized to 
demonstrate how it could be translated into an expert system meant to 
support decision making during drones’ mission planning. A drone 
photogrammetry mission is used as an example. Specifically, the aim of 
the mission is to acquire data and create three-dimensional maps or 
models of terrain and structures through photographs taken by the 
drone in question. The mission takes less than one hour to complete, and 
the drone has to travel a total distance of 4 km. The mission takes place 
in Location A, on January, Year at 16.00 UTC (to give generality to the 
result, a generic “Year” is used). To accomplish the mission, the drone 
has to go from point A to point B. Specifically, to trace this path, the 
drone will travel the path being shown in Fig. 3.

The path represented in Fig. 3 connects checkpoint A with 

checkpoint B, with a bearing angle θ of 30◦. Please note that, only this 
path is evaluated in the decision-making process presented in this paper, 
and the most suitable drone to accomplish the mission in question will 
be chosen from a fleet of 5 real vehicles which can accomplish potential 
photogrammetry missions. The mission is supposed to take place at an 
acceptable flight altitude for all drones in the fleet, and no particular 
threshold is set to exclude drones based on their related indexes. Thus, 
the objective of this section is to demonstrate how the decision-making 
process preceding the mission could be supported by the proposed 
methodology at large, ultimately providing an ordered list of suitable 
drones up to the moment right before the mission starts.

The list of drones to be evaluated is presented in Table 2, along with 
some distinctive characteristics.

The values in Table 2 will be used to retrace the four phases depicted 
in Fig. 1, supporting the decision-making process as described in Fig. 2. 
This process will then lead to the identification of suitable vehicles to 
carry out the mission. Specifically, at the beginning of each phase, the 
VRSRI will be calculated for each drone, showing the attendance of 
weather forecasting data in the area where the mission will take place. 
Afterwards, the other two aggregation indexes (i.e., VRFI and EER) will 
be calculated for each drone, and updated throughout the phase under 
analysis, whenever possible. The differences in index values, for the 
same drone, between one phase and another will be dictated by the 
different sources of weather data available at that point in the process.

All index calculations are based on the values in the “Maximum wind 
resistance (m/s)” column of Table 2, which provides the threshold 

Fig. 3. Path to be travelled by the drone to complete the mission 
being analyzed.
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values used to assess the aggregation indexes. Similar results can be 
reiterated for all the other vehicles specifications (e.g., temperature).

3.1. Phase 1: More than 2 weeks prior to the mission

The following subsections detail: (i) the data source available (and 
being used) at Phase 1, and (ii) the calculation for indexes at Phase 1.

3.1.1. Statistical forecast
More than two weeks prior to the mission, the only available data is 

related to statistical weather forecasts. These forecasts predict future 
weather conditions based on historical weather patterns in the specific 
area. To evaluate such statistics, the analysis of aerodrome observations 
is selected, being one of the basic indicators for ordinary weather con
ditions. This choice is motivated by the fact that the mission under 
analysis will take place near the aerodrome itself. Accordingly, for this 
study, we chose to rely on standardized aviation observations (i.e., 
METARs), which include data on wind, visibility, cloud base height, and 
meteorological phenomena, among others. However, it is not mandatory 
to follow this approach, and different reliable sources of the observa
tions should be used for areas far from aerodromes (e.g., hourly synoptic 
reports (World Meteorological Organization, 2015)).

3.1.2. Calculation of weather-related feasibility indexes for phase 1
Historical weather data spanning over the last ten years of obser

vations were considered in order to capture trends of the changing 
climate. As such, METARs from January of (Year – 10) to December of 
(Year – 1) have been used for the statistical forecast of weather during 
Year.

VRSRI – Phase 1
According to the flow chart in Fig. 2, the decision-making process 

starts calculating the VRSRI of the statistical forecasts. Specifically, we 
chose a procedure that determines whether the number of feasible sit
uations indicated by the predictions differed by more than 2.5 %, for the 
month of January, at 16.00 UTC. Referring to the fleet of drones pre
sented in Table 2, the resulting VRSRI values are reported in Table 3. 
Analyzing VRSRI values shown in Table 3 it is possible to notice how 
reliability for all the drones and statistical forecasts is the same in the 
tolerance of the 2.5 % feasibility of the mission. It means that in ten out 
of ten years, statistical forecasts for the selected fleet somehow reflected 
reality. This means that the decision maker can safely rely on the 
weather forecasts available at this time, prior to the mission. The high 

VRSRI values shown in Table 3 are also justified by the fact that the 
sensitivity for this type of forecast starts at about 1 % for the wind speed.

VRFI – Phase 1
Consecutively, the process continues with the calculations of the 

VRFI index. VRFI for the statistical forecast is calculated by analyzing 
the frequencies for the predetermined day and time of the mission that 
meet specific maximum wind resistance condition (e.g., 10 m/s for 
Drone 1 and Drone 3) suitable for the given drone, based on historical 
data up to 2 weeks from the start of the mission. The VRFI values for 
each drone in the fleet, related to the different years, referring to the 
time slot in which the mission will take place (i.e., 12–18) are shown in 
Fig. 4. This shows that VRFI values slightly fluctuate over the long term. 
This is given by the fact that the limits of the drones are quite high in 
comparison to frequency of their occurrence. Therefore, considering the 
average of the values represented in Fig. 4 for all drones in the fleet, the 
VRFI values are obtained as for Table 3. Based on the VRFI values pre
sented in Table 3, all drones are deemed having very similar long-term 
feasibility for the mission. The process then continues calculating the 
EER index.

EER – Phase 1
The process then continues calculating the EER index. To determine 

energy consumption, it is considered that each drone requires to travel 
the predefined path (i.e., Fig. 3). The forecast for the headwind factor φ 
(i.e., the only term, in Eq. (4) with a dependence on weather forecasts) 
for each drone in the fleet, is presented in Fig. 4. The calculation, also in 
this case, is performed in the time slot of interest for the mission (i.e., 
12–18).

Considering the median of the headwind factor of the values across 
the years shown in Fig. 4, and using Eq. (4), the EER value can be 
determined for all the drones. The EER values are calculated by 
considering the ratio of lift to drag (r = 3), and the efficiency (η = 0.5). 
Please note that in this paper, these choices apply for each phase. 
Nevertheless, these values shall be further refined in real operations to 
obtain more accurate results. The resulting EER values are presented in 
Table 3. Since all drones have similar average headwind factor values, 
the main differences in the EER values listed in Table 3 are due to the 
different masses of drones (see Eq. (4)). Accordingly, since Drone 4 has 
up to five times the mass of the other drones, it has much higher EER 
with respect to the others. On the other hand, Drone 5 being the lightest 
one, it presents the lowest EER value. Whereas the remaining drones 
have almost similar conditions for energy rating.

OFI – Phase 1
Once all the aggregation indexes have been calculated, the last step is 

to calculate the OFI index, according to Eq. (8). In particular, as antic
ipated in Section 2.5.2, the OFI calculation requires the definition of a, b, 
and c constants. In this paper, an identical unit value will be assigned to 
all the constants for the calculation of OFI indexes in each decision- 
making phase, see Table 3.

The higher the OFI value of a specific drone, the more the corre
sponding vehicle is suitable to carry out the mission. Accordingly, the 
values in Table 3 suggest that, at this phase of the decision-making 
process, Drone 5 is the most suitable, followed by Drone 1 and Drone 3.

Table 2 
Specifications of the fleet of VTOLs being considered.

VTOL ID VTOL commercial name Mass 
[g]

Max horizontal speed 
[m/s]

Max wind resistance [m/s] Service ceiling [m] Operating temperature range 
[◦C]

Drone 1 DJI Inspire 1 3,500.00 22.00 10.00 2,500.00 − 10.00/40.00
Drone 2 DJI Inspire 3 4,310.00 26.00 14.00 3,800.00* − 20.00/40.00
Drone 3 Matrice 100 3,600.00 22.00 10.00 5,000.00 − 10.00/40.00
Drone 4 Multi-rotor KWT-X6L-50 14,000.00 15.00 15.50 6,000.00 − 20.00/45.00
Drone 5 Multi-rotor KWT-Z4S 2,800.00 15.00 12.30 5,000.00 − 30.00/55.00

* For drone 2, the service ceiling varies from 3800 m to 7000 m.

Table 3 
Vehicle Related Source Reliability Index (VRSRI), Vehicle-Related Feasibility 
Index (VRFI), Headwind factor (φ), Energy Efficiency Rating (EER), and Overall 
Feasibility Index (OFI) values for the drone fleet in Phase 1: More than two 
weeks prior to the mission.

VTOL ID VRSRI 
[%]

VRFI 
[%]

φ[-] EER 
[Joule]

OFI 
[1/Joule]

Drone 1 100.00 99.10 − 0.0626 86,166.00 0.12
Drone 2 100.00 100.00 − 0.0526 107,115.00 0.09
Drone 3 100.00 99.10 − 0.0626 88,627.00 0.11
Drone 4 100.00 100.00 − 0.0915 335,538.00 0.03
Drone 5 100.00 99.91 − 0.0915 67,107.00 0.15
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3.2. Step 2: From 2 weeks to 24 h prior to the mission

The following subsections detail: (i) the data source available (and 
being used) at Phase 2, and (ii) the calculation for indexes at Phase 2.

3.2.1. Global model data and updating
Within two weeks to 24 h prior to the mission, updated weather 

forecast can be obtained from a numerical weather prediction (NWP) 
model. The NWP models generally offer significantly higher accuracy 
compared to statistical forecasts. This new weather data is used to train 
machine learning models, which are then tested on the entire fleet of 
drones and their characteristics outlined in Table 2.

As anticipated in Section 2.1.2, the US GFS model is used in this 
phase. Accordingly, as the event approaches, forecasts are updated more 
frequently. In particular, after testing Random Forest, Logistic Regres
sion, and AdaBoost, Random Forest model resulted to be the more ac
curate in exploiting GFS forecasts at 168, 72, and 24 h before mission.

3.2.2. Calculation of weather-related feasibility indexes for phase 2
As for Phase 1, it is calculated VRSRI, VRFI and EER indexes for each 

drone in the fleet referring to the wind velocity and their maximum wind 
resistance. To perform the calculations the last ten years of GFS global 
model archive are exploited.

VRSRI – Phase 2
In this phase, the VRSRI values provide information on the reliability 

of GFS global model. According to what has been mentioned before, 
VRSRI values corresponding to 168, 72, 24 h prior to the mission are 
provided for each drone and presented in Table 4. The values shown 
reveal an overall high reliability of the GFS model and Random Forest 
algorithm. The high values of VRSRIs allow the decision maker to trust 
this weather source. Accordingly, it is possible to proceed with the 
calculations of the VRFI index.

VRFI – Phase 2

By considering again the maximum wind resistance condition, the 
VRFI values, for each drone in the fleet, are shown in Fig. 5(a). For 
consistency, these values are also presented in Table 4.

The VRFI values in exhibit a gradual decline as the start of the 
mission approaches, suggesting the importance of continuous model 
updating. Three days before the mission, the system began to show signs 
of uncertainty in feasibility of the mission, with VRFI values eventually 
dropping below 50 %. This indicated a high risk of mission failure for 
Drones 1 and Drone 3. Following this trend, 24 h before the start of the 
mission, Drones 2 and Drone 4 showed 60 % and 77 % probability of 
remaining within operational speed limits, respectively.

EER – Phase 2
Similarly to the previous phase, the process continues by calculating 

the EER index. By considering once again the path defined in Fig. 3, the 
headwind factor φ is calculated for all the drones at 168, 72, 24 h prior to 
the mission. The result is shown in Fig. 5(b).

According to these headwind factor values, the EER values are 
calculated and reported in Table 4.

The accuracy of wind direction forecasts, as shown in Fig. 5(b), 
significantly impacts energy consumption estimates. As forecasts 
improve when getting closer to the mission, energy consumption esti
mates fluctuate. For example, a week before the mission, wind is ex
pected to slow the flight of Drone 1 by 15 %, but this increased to 32 % 
just one day before the mission began, causing EER values to increase. 
This suggests that focusing on near-term wind forecasts (within 24 h) 
might be more effective for accurate energy estimation.

OFI – Phase 2
For the calculation of the OFI, Eq. (8) is again used, and the results 

are summarized in Table 4.
According to what has been stated above, the OFI values also fluc

tuate. Specifically, focusing on 24 h prior to the mission values, the final 
ranking of the most suitable drone is completely different from before. In 
particular, at the end of the second phase, Drone 2 is the most feasible 

Fig. 4. (a) Figure Vehicle-Related Feasibility Index (VRFI) and (b) Headwind factor (φ) values across years for the drone fleet in Phase 1: More than 2 weeks prior to 
the mission.

Table 4 
Vehicle Related Source Reliability Index (VRSRI), Vehicle-Related Feasibility Index (VRFI), Headwind factor (φ), Energy Efficiency Rating (EER), and Overall 
Feasibility Index (OFI) values for the drone fleet in Phase 2: From 2 weeks to 24 h day prior to the mission).

VRSRI 
[%]

VRFI 
[%]

φ[-] EER 
[Joule]

OFI 
[1/Joule]

VTOL 
ID

168 
[h]

72 [h] 24 [h] 168 [h] 72 [h] 24 [h] 168 
[h]

72 
[h]

24 
[h]

168 [h] 72 [h] 24 [h] 168 
[h]

72 
[h]

24 
[h]

Drone 1 86.00 89.00 95.00 100.00 83.00 26.00 0.15 0.12 0.32 107,717.00 104,045.00 134,647.00 0.08 0.07 0.02
Drone 2 89.00 97.00 97.00 100.00 96.00 60.00 0.13 0.10 0.27 129,597.00 125,277.00 154,451.00 0.07 0.07 0.04
Drone 3 86.00 89.00 95.00 100.00 83.00 26.00 0.15 0.12 0.32 110,795.00 107,018.00 138,494.00 0.08 0.07 0.02
Drone 4 92.00 98.00 99.00 100.00 100.00 77.00 0.22 0.18 0.47 469,538.00 446,634.00 691,018.00 0.02 0.02 0.01
Drone 5 87.00 92.00 95.00 100.00 83.00 37.00 0.22 0.18 0.47 93,907.00 89,326.00 138,203.00 0.09 0.08 0.02
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for the mission, followed by Drones 5, 1, 3 and 4. Please note how all 
drones’ OFIs consistently decreased, thus, setting a threshold could have 
made the mission aborted at this stage already.

3.3. Phase 3: From 24 h to 2 h prior to the mission

The following subsections detail: (i) the data source available (and 
being used) at Phase 3, and (ii) the calculation for indexes at Phase 3.

3.3.1. Local model data
Local models provide expectably higher accuracy but also a spatial 

field to project the indexes into the gridded information. As a repre
sentative case, it has been selected the AROME model (Seity et al., 2011) 
characterized by high resolution grid of 1.25 km.

3.3.2. Calculation of weather-related feasibility indexes for phase 3
Also in this phase, the VRSRI, VRFI and EER indexes are calculated 

for each drone of the fleet, referring to the wind velocity and maximum 
wind resistance of each drone. To perform the calculations, data from 
the last three years being provided by the AROME numerical weather 
prediction model is employed.

VRSRI − Phase 3
At this point, we evaluated the performance of the AROME model in 

predicting wind speed at Location A using VRSRI. The results for each 
drone of the fleet are represented in Table 5. Specifically, the VRSRI 
values in Table 5 show that the AROME model achieved a VRSRI score of 
98–100 %, indicating good reliability in predicting wind speeds. This 
finding confirms the suitability of AROME data for applications that rely 
on accurate weather forecasts.

VRFI − Phase 3
For the day and mission under consideration, the VRFI is calculated 

following the same procedure as for the GFS global model, applying it to 
the AROME model. Specifically, exactly at 00.00 UTC, the run of the 
AROME model is used to predict the result shown in Fig. 6.

Fig. 6 shows how the VRFI value varies for each drone in the fleet. 
Specifically, the columns correspond to the VRFI values (right-hand 
vertical axis) calculated based on the corresponding predicted wind 
speed (left-hand vertical axis). When the VRFI value is equal to or 
greater than 50 %, the corresponding column is colored green; other
wise, red. Moreover, Fig. 6 provides this information for each hour of the 
day of the mission.

For example, Fig. 6(c) highlights the high certainty of the VRFI based 
on wind speed predictions for Drone 4. However, the time slot 
16.00–18.00 UTC shows an important reduction in the feasibility index. 
In particular, 17.00 UTC is the most critical time, when the VRFI drops 
to less than 40 %. On the other hand, for the specific planned mission 
time (i.e., 16.00 UTC), the VRFI for Drone 4 shows a feasibility of 75 %. 
The reduction in this time slot is due to the forecasted trend suggesting 
an earlier increase in wind speed than anticipated by the AROME model.

On the other hand, for Drone 1 and Drone 3 (see Fig. 6(a)), even 
though the model predicts a wind speed of 8.3 m/s, which would typi
cally be considered satisfactory, the VRFI is lower. This reduction in 
VRFI is due to the upward trend in the wind speed prediction. Numerical 
values for the drone fleet at the time of the mission (i.e., 16.00 UTC) are 
reported in Table 5.

The information obtained at this point suggests intricacy of the sit
uation near to the limits. To complete the analysis, the EER value is the 
next to be calculated at this stage as well.

EER – Phase 3
Following the same procedure as before, the headwind factor values 

for all the drones of the fleet are represented in Table 5. The values of the 
headwind factor just calculated allow for the EER calculation in the third 
phase of the decision-making process. The corresponding values are also 
shown in Table 5.

It can be seen that the EER values in this phase are much lower than 
those calculated in the last phase, 24 h before the mission (see EER 
values in Table 4). Accordingly, at this point the information suggests 
that the mission, if feasible, would have relatively low energy re
quirements due to the favorable wind direction. This results clearly 
highlights the intricacy of the wind direction forecast.

OFI – Phase 3
Using the indexes values just calculated, the OFI index can be 

computed, whose values are represented in Table 5. These values sug
gest that Drone 5 results again (as for Phase 1) in being the most suitable 

Fig. 5. (a) Figure Vehicle-Related Feasibility Index (VRFI) and (b) Headwind factor (φ) values across years for the drone fleet in Phase 2: From 2 weeks to 24 h day 
prior to the mission).

Table 5 
Vehicle Related Source Reliability Index (VRSRI), Vehicle-Related Feasibility 
Index (VRFI), Headwind factor (φ), Energy Efficiency Rating (EER), and Overall 
Feasibility Index (OFI) values for the drone fleet in Phase 3: From 24 h to 2 h 
prior to the mission.

VTOL ID VRSRI[%] VRFI[%] φ[-] EER[Joule] OFI[1/Joule]

Drone 1 98.50 37.00 − 0.37 66,832.00 0.05
Drone 2 99.80 68.00 − 0.31 86,068.00 0.08
Drone 3 98.50 37.00 − 0.37 68,741.00 0.05
Drone 4 99.90 75.00 − 0.54 237,818.00 0.03
Drone 5 99.60 52.00 − 0.54 47,563.00 0.11
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drone in the fleet to carry out the mission. It is followed by Drone 2, 1, 3 
and 4.

3.4. Phase 4: From 2 h prior to the mission, to the mission itself

The following subsections detail: (i) the data source available (and 
being used) at Phase 4, and (ii) the calculation for indexes at Phase 4.

3.4.1. Landing forecasts
As an example of the short-term forecast, over 52,500 landing fore

casts spanning from more than ten years at Location A have been 
considered. These forecasts are updated by every observation (usually 
every 30 min) and are valid for two hours.

3.4.2. Calculation of weather-related feasibility indexes for phase 4
With only two hours left until the mission, it is possible to calculate 

the VRSRI, VRFI and EER indexes for each drone of the fleet, for the last 
time, relying on the most accurate predictions. Landing forecasts issued 
every 30 min have been incorporated, with a validity period of two 
hours. Specifically, the AdaBoost model was trained to robustly incor
porate historical data to help predict the accuracy of the forecast given 
the limits of the drone.

VRSRI – Phase 4
The VRSRI here expresses the reliability of the combination of the 

landing forecast data and the AdaBoost model. For each drone in the 
fleet, VRSI reached values presented in Table 6.

The landing forecasts’ accuracy values interpreted by the AdaBoost 
algorithm indicate a high level of reliability. This can primarily be 
attributed to the short lead time of the forecast (within two hours), the 
expertise of the professional meteorologist issuing the forecast, and the 
lower frequency of inter-hour changes.

VRFI – Phase 4
As before, VRFI was calculated for the landing forecasts. Predictions 

and observations were analyzed, and the AdaBoost model was trained. 
The results obtained are represented in Fig. 7.

Fig. 7 shows how the VRFI values for each drone in the fleet vary 
from two hours prior to the mission to one hour after the mission begins 
(please recall that the mission is assumed to take less than one hour to 
complete). Red columns refer to VRFI values lower than 50 %, otherwise 
green. Based on the values presented in Fig. 7, in correspondence to the 
hour of the mission (i.e., 16.00 UTC), the wind speed reached 23 m/s, 
greatly complicating the feasibility of the mission. However, also this 
last phase ends with the calculation of the EER index.

EER – Phase 4
Since the landing forecasts are point-related, it does not make sense 

to calculate new EER values, as it would be a consumption on one point. 
Therefore, given the spatial resolution, the local model remains the best 
achievable in terms of EER calculation. Accordingly, in this final phase 
of the decision-making process, the same EER values obtained in Phase 3 
(see Table 5) will be used for each drone in the fleet.

OFI – Phase 4
The OFI index can be computed for the last phase of the decision- 

Fig. 6. Vehicle Related Feasibility Index (VRFI) values for the drone fleet in Phase 3: From 24 h to 2 h prior to the mission. Note that green columns correspond to 
VRFI values equal to or greater than 50%, red otherwise. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 
of this article.)
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making process, and its values for the fleet of drones are reported in 
Table 6.

At the end of the decision-making process, Drone 5 is confirmed to be 
the most suitable for the mission. This result is due to its low weight, 
which allows it to achieve very low energy consumption values and, at 
the same time, a relatively high maximum wind resistance, allowing it to 
have relatively high VRFI values. The other drones ended up with 
comparable OFI values, with Drone 4 in last place.

4. Discussion

In this paper various meteorological data sources have been used to 
define weather-related indexes that can support decisions on the flight of 

a given drone at specific times before the mission (see Fig. 1). While the 
approach proposed has several strengths, limitations can be identified, 
too, as respectively discussed in the two sub-sections below.

4.1. Strengths of the approach

The proposed system of indexes offers a risk-based approach to 
identifying the most suitable drone based not only on its technical 
limitations (e.g., maximum wind speed resistance) but also on additional 
parameters, such as potential energy consumption and forecast reli
ability. To this end, the presented approach establishes criteria that 
ensure the selected drone is technically fit for the mission, while also 
enabling the drone operator to balance decisions according to the ex
pected mission’s energy consumption. Furthermore, the inclusion of a 
parameter assessing forecast reliability is crucial, as it helps determine 
whether the obtained indexes are reliable or not. In particular, the 
meteorological data sources exploited in this paper included profes
sional METAR observations, a global GFS model, local model AROME, 
and professional landing forecasts. To interpret this data, different ma
chine learning techniques (i.e., Random Forest and AdaBoost) were 
employed. The results demonstrate that using the proposed feasibility 
indexes based on meteorological data can significantly improve the ef
ficiency of the training of the ML models, and subsequently the 
personalized pre-flight meteorological analysis for drone operators.

The importance of the approach proposed in this paper is evident 
from the exemplary case study analyzed, specifically when looking at 
VRFI and EER indexes. Both are closely dependent on wind speed, and 

Fig. 7. Vehicle Related Source Reliability Index (VRSRI), Vehicle-Related Feasibility Index (VRFI), Headwind factor (φ), Energy Efficiency Rating (EER), and Overall 
Feasibility Index (OFI) values for the drone fleet in Phase 4: From 2 h prior to the mission, to the mission itself.

Table 6 
Vehicle Related Source Reliability Index (VRSRI), Vehicle-Related Feasibility 
Index (VRFI), Headwind factor (φ), Energy Efficiency Rating (EER), and Overall 
Feasibility Index (OFI) values for the drone fleet in Phase 4: From 2 hours prior 
to the mission, to the mission itself.

VTOL ID VRSRI[%] VRFI[%] φ[-] EER[Joule] OFI[1/Joule]

Drone 1 95.00 1.00* − 0.37** 66,832.00** 0.003
Drone 2 98.00 3.00* − 0.31** 86,068.00** 0.002
Drone 3 95.00 1.00* − 0.37** 68,741.00** 0.003
Drone 4 99.00 6.00* − 0.54** 237,818.00** 0.001
Drone 5 98.00 5.00* − 0.54** 47,563.00** 0.020

*VRFI at mission time (16.00 UTC).
**Same values as for Phase 3.
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the case study at hand clearly showed how weather phenomena can 
change abruptly, thus jeopardizing the feasibility of the mission. Spe
cifically, the first two phases of the decision-making process presented 
high VRFI and relatively low EER values, both of which related to 
acceptable wind speed. However, the closer the decision-making process 
gets to mission time, the more unexpected increases in wind speed are 
recorded. This is reflected in lower VRFI values and higher energy 
consumption rates. Specifically, in the last phase (i.e., from 2 h prior to 
the mission, to the mission itself), the wind speed reaches such high 
value as to potentially prevent the mission from taking place. This 
detailed information near the time of the mission could also provide 
additional insights to the decision maker, such as considering post
poning the mission for a few hours.

A key challenge identified in this study was the information overload 
associated with traditional meteorological data analysis. The system of 
indexes being proposed addresses this challenge by offering a more 
concise and direct analysis, presenting the information in an immediate 
and easy-to-use format (e.g., percentages) for a specific mission and 
drone combination. Accordingly, this approach potentially reduces the 
need for in-depth meteorological consultation. However, the proposed 
methodology has not been tested yet in real world scenarios, in which an 
expert system should be designed leveraging (e.g.,) Business Intelligence 
tools (Simone et al., 2022) or even integrating them with ML solutions 
(Patriarca et al., 2023).

4.2. Limitations of the approach

Some limitations can be highlighted and paired with possible future 
developments. First, additional meteorological data could be integrated 
in the future to refine the performance of the model. Specifically, in 
Phase 3 (i.e., from 24 h to 2 h prior to the mission), a wider range of 
weather data sources other than local models could be used to signifi
cantly enhance the accuracy and robustness of the model. Accordingly, 
significant weather (SW) maps, general weather forecasts, and tools for 
processing and evaluating meteorological models can all offer valuable 
data. In addition, as the mission approaches, secondary data sources can 
also be introduced in Phase 4 (i.e., from 2 h prior to the mission, to the 
mission itself). Promising examples include experimental weather sta
tions, webcams (Sladek, 2023), and ceilometers (Di Giuseppe et al., 
2012). An example of secondary data usage is employing web cameras 
for determining emergency visibility, where the densest observation 
network is essential. Specifically, web cameras often serve as a good 
source of image data, from which visibility information can be obtained, 
according to Sladek (2023). A further step forward could involve 
incorporating real-time weather observations directly from aircraft to 
establish a dynamic feedback loop. This would enable continuous 
improvement of the indexes by integrating real-world data back into the 
system.

The interpretation of this data, along with the meteorological data 
already used, can be improved by developing the concept of “ensemble 
learning”. This approach combines multiple machine learning models, 
each with its own strengths, to create a more robust expert system. By 
compensating for each other’s weaknesses, these models will collec
tively enhance overall performance of the approach.

Additionally, further development of indexes could be considered. 
Accordingly, these could be (re)designed to align with International 
Civil Aviation Organization directives, ensuring regulatory compliance. 
This would bridge the gap between cutting-edge technology and estab
lished safety regulations. In addition, since current numerical models 
often struggle to predict phenomena, such as icing or turbulence, new 
indexes could be introduced to try to quantify the risk associated with 
these events by incorporating historical data or statistical analysis. This 
would provide decision-makers with information about the risk level, 
even when faced with challenging, unpredictable conditions.

In addition to technical limitations, methodology can be critically 
assessed, too.

The first one lies in the calculation of indexes at discrete time in
tervals, despite the continuous nature of the available data, which is 
continuously updated. Accordingly, this would necessitate the devel
opment of a way to discretize the continuum and determine optimal 
moments when it is appropriate to recalculate indexes. In this paper we 
have suggested updating indexes whenever new data becomes available; 
however, this lacks a rigorous methodological prescription. Real-time 
data analytics could signal critical junctures, such as when a signifi
cant deterioration of an interest parameter is detected, indicating the 
appropriate time for recalculating the indexes and, subsequently, 
revising the prior decision based on the updated values (Patriarca et al., 
2023).

Another limitation refers to the methodological focus on analyzing a 
single weather attribute at a time (e.g., wind speed, temperature). To 
overcome this point, it would be beneficial to develop logics for aggre
gating multiple attributes, as certain variables, while significant if 
analyzed on their own, may yield more meaningful insights when 
analyzed in conjunction with others (e.g., while wind speed influences 
drone stability, it could also promote the dispersion of fog/mist, 
bringing advantages in terms of visibility). Accordingly, an initial 
approach might involve recalculating indexes for each attribute and 
basing decision on their combined value. However, this combination is 
far from being a simple analytical average, and requires a dedicated 
theoretical and empirical investigation.

4.3. Practical implications

Having outlined the strengths and limitations of the proposed 
approach, it is essential to emphasize its practical implications for both 
researchers and practitioners. Given the central importance of miti
gating weather-related risks in the field of AAM (Popper et al., 2024), 
this paper offers researchers with insights into addressing these chal
lenges from multiple perspectives. Accordingly, continuous research is 
necessary to ensure the safe integration of daily drone operations under 
varying weather conditions. The findings presented in this paper can 
guide researchers in proposing solutions to manage weather-related is
sues not only during mission planning (as discussed in this article), but 
throughout the execution of missions. Researchers can adapt and weight 
proposed indexes differently, according to the mission under analysis 
and its context (e.g., missions near densely populated areas require 
stricter decision making).

In addition, being the vertiport a hot topic for multi-disciplinary 
research and development (Amitanand Sinha and Rajendran, 2023), 
this paper could also stimulate further exploration of weather-related 
challenges within the vertiport environment itself, e.g., combining 
available weather data with traffic information to develop a tool that can 
quantify the capacity of a vertiport under different weather conditions. 
On the other hand, mainly for practitioners, the approach proposed in 
this paper offers valuable support for drone operators’ decision-making 
process during the mission planning phase. Decision-making frame
works supporting workers are already widely present in traditional 
aviation field (Mizrak et al., 2025), but not in the AAM domain. Spe
cifically, this paper guides drone operators in the selection of the most 
suitable drone for a given mission, ensuring its success while minimizing 
weather-related risks. The decision support system developed is specif
ically designed to equip mission planners with a hands-on solution that 
goes beyond regulatory compliance embracing risk-based airworthiness. 
Specifically, given a fleet of drones, the system enables the planner to 
identify which drones are unsuitable for the mission (i.e., those unable 
to complete it safely) and which are the suitable ones. Once this 
assessment is made, the planner can proceed with economic evaluations. 
Based on energy consumption information, the drone operator can then 
select the drone that can safely complete the mission, with the least 
energy consumption. Thus, the ultimate objective of the proposed de
cision support system is to ensure drone operators might operate their 
missions safely and efficiently.
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5. Conclusions

The continuous growth of AAM applications (Wiedemann et al., 
2024) indicates and associated increase in operational risks (Oh and 
Yoon, 2022). Specifically, since weather conditions are among the major 
concerns for the safety of this emergence mode of transportation 
(Popper et al., 2024), it is essential to provide drone operators with a 
tool to decide in advance whether it will be possible to undertake the 
mission safely. On this premise, this research presented a set of indexes 
that provide information on the reliability of the forecast (VRSRI index), 
the suitability of the various drones in the fleet to carry out the mission 
(VRSI index), and the energy consumption of the various drones to travel 
the predefined path (EER index). The three indexes were leveraged 
through a decision-making process to be repeated in four phases (see 
Fig. 1) preceding the mission. In each phase the different weather data 
available are used to calculate the feasibility indexes. The whole process 
has been tested on a hypothetical real case in which a drone is meant to 
perform a photogrammetry mission. The step-by-step calculation of the 
various indexes made it possible to understand which drones are suit
able for performing the mission from a technical point of view and to 
rank them according to the energy consumption required by each. 
Although the results of the approach were encouraging, several future 
developments can be proposed to address the limitations previously 
discussed.

First, enhance the model’s performance by incorporating additional 
meteorological data, thereby improving its reliability and accuracy. The 
ideal objective is to leverage real-time weather observations in future 
applications, enabling real-time updates and decision-making during 
missions’ execution. This kind of development may also facilitate faster 
missions, such as last mile drone deliveries (Aurambout et al., 2022).

Moreover, a critical future development is to establish a meaningful 
criterion for identifying the optimal time instants to recalculate the 
proposed indexes. This could involve continuous monitoring of weather 
conditions (e.g., using BI tools), triggering indexes recalculations when 
significant deteriorations in parameters of interest are detected.

Finally, it would be valuable to develop metrics for aggregating 
relevant weather attributes for drone operations. Based on these 
aggregate metrics, it would be possible to define custom indexes 
capturing the correlations between various weather variables, further 
enhancing decision-making processes. Analysis using combinations of 
variables of interest is a widely known and used approach in the liter
ature (e.g., (Walker et al., 2024)).

These developments could improve the quality and efficiency of the 
decision-making approach being proposed. Nevertheless, this paper 
shows promising results arguing how weather conditions are important 
in supporting decision making in drone mission, eventually bridging a 
currently existing gap between drones’ operations management and 
weather forecasting practices.
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